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Abstract

Urban Air Mobility (UAM) introduces a mode of fast transport that can potentially help
travelers escape congestion in major metropolitans worldwide. Due to the emergence
of electric propulsion as a key technological driver, UAM has become an increasingly
relevant topic in transportation over the past several years. Although technology for
electric Vertical Takeoff and Landing (eVTOL) vehicles has advanced significantly, liter-
ature reveals that vertiport infrastructure and operation have not been adequately de-
veloped and can become critical bottlenecks in the realization of UAM. To increase the
understanding of vertiport infrastructure, this thesis aims to extend an existing agent-
based vertiport simulation model by calibrating operational parameters through expert
interviews and expanding the model through stochastic extensions of input parameters.
The expert interviews include 17 participants from relevant industries and academia
who estimated expected values, minimum values, maximum values, and confidence
levels for selected parameters. A final parameter list of 24 deterministic values is cali-
brated using weighted averaging of 53 datapoints from literature and 63 responses
from experts. Furthermore, these expert responses are modeled by aggregating indi-
vidual skew normal distributions into normal distributions and further prepared through
Monte Carlo simulations as input parameters for the vertiport simulation. Various deter-
ministic and stochastic scenarios were simulated to shed light on the sensitivities of
vertiport operations. Results reveal three main conclusions: firstly, the calibration of de-
terministic parameters produces behavioral differences in operations, which both veri-
fies and produces insight to the simulation. Secondly, stochastic variation in passenger
and vehicle behaviors produces negligible differences, inferring that stochastic variation
of agent behavior is unnecessary. Lastly, results demonstrate that stochastic distribu-
tion of arrival and departure times in the simulation produces measurable impact on the

results.
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1. Introduction

Urbanization is on the rise today, with more than half of the world’s population living in
cities and a noticeable trend of people moving into urban areas. In mid-2021, 4.5 out of
7.9 billion people, or 57% of the world population, lived in cities, and this number is ex-
pected to rise to 60% by 2030 [10]. With growing cities, the development of good trans-
portation becomes inevitable as congestion creates inescapable issues that ripple into
all areas of society. Mobility becomes a high-priority topic as the main catalyst of urban
symbiosis and stability. In an age of automation, technology, and connectivity, there is
much interest and investment in advances of future mobility such as electric and shared
mobility [11]. Furthermore, individual travel is highly promoted and emerging mobility
service providers race to serve urban dwellers the fastest and cheapest inner-city travel.
With such a landscape as the driver to many highly technological achievements, the
evolution of smart transportation takes the stage for cutting-edge scientific research and

market development today.

As ridesharing and pooling become increasingly prevalent today, the topic of urban mo-
bility and transport is also growing in popularity. Efficient transportation is a critical factor
in every developing city and long commute time often poses as a major concern in con-
gested metropolitans. According to Uber Elevate’s market study in 2016, “on-demand
aviation, has the potential to radically improve urban mobility, giving people back time
lost in their daily commutes” [12]. Therefore, the term “Urban Air Mobility” (UAM), refer-
ring to air transportation of passenger or cargo in urban environments, was created and
became a high-priority topic in urban transport. In 2020, the Federal Aviation Administra-
tion (FAA) developed its first UAM Concept of Operations (ConOps), describing it as “the
envisioned operational environment that supports the expected growth of flight opera-
tions in and around urban areas” [13]. With the attention focused on air traffic operations
in urban settings, UAM is a subset of Advanced Air Mobility (AAM), an air transportation
system serving passengers and cargo across both urban and rural skies. UAM seeks to
support the transition from traditional passenger flights in international settings to pas-
senger and cargo flights in urban settings. In addition to experts from renowned aero-
space institutions, individual researchers from various disciplines also provide extensive
examination into UAM. An exemplary proposal by Preis seeks to create a top layer for
UAM systems by using text mining to identify the top seven associated fields as: air traffic
management, infrastructure, market, operator, passenger, public, and vehicle [14].
Structural approaches as such create a reference point from which parties of interest can

springboard into further discussions regarding UAM development.
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A closer look into the viability of UAM identifies infrastructure as a critical factor in actu-
alizing UAM operations. A market study from Deloitte attributes the biggest hurdle for
future air mobility to the design and implementation of required ground infrastructure [15].
For the urban setting, vertiplaces—infrastructure with takeoff and landing pads—would
require necessary operational procedures to handle passenger processing and vehicle
movements. Obvious options for vertiplaces include existing airports, helipads, and open
land expanses; alternatives under consideration are vertiports, which are situated in the
heart of cities (e.g. building tops). The Booz Allen Hamilton market study comments that
although infrastructure constraints are a significant barrier to UAM, it could be addressed
through development and expansion of vertiports [16]. Since the context of the study is
the urban landscape, the focus of the author’s research is vertiports, on which vehicles
arrive and depart by Vertical Takeoff and Landing (VTOL). Specifically, the author inves-
tigates and discusses parameters relevant for vertiport ground operations in order to
provide a relevant, realistic framework for future vertiport developers. This is conducted
through expert interviews and stochastic modeling, both of which will be expounded later

in the thesis.

1.1 Motivation

Though interest for helicopter taxis is on the rise, research around vertiport and ground
operations are lacking in literature. There is a potential to use existing helicopter and
airplane infrastructure; however, operations specific to vertical takeoff and landing vehi-
cles require further study and investigation in a UAM context before related actions (i.e.
legislation, construction) can be realized. The author’s personal motivation for selecting
this topic is to address and conquer the challenges of using urban skies as a novel means
of transport by focusing on vertiport infrastructure. Through this study, the author hopes
to contribute to the development of UAM into a robust form of transportation while en-

suring security, reliability, and efficiency.

1.2 Objective

This thesis seeks to answer the following questions: what are the critical designs and
processes that occur on a vertiport, and how can these processes be parametrized and
quantified? The author specifically defines the critical drivers for vertiport operations and
parameters that represent realistic vertiport ground operations. Furthermore, the param-
eter study, deterministic modeling, and stochastic modeling are active approaches that
will be used to further calibrate the input parameters for the agent-based vertiport simu-

lation developed by Preis [8]. The effects of the calibrated parameters on vertiport
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simulation outputs will also be discussed and analyzed to determine the validity of the

mathematical models.

1.3 Thesis outline

The rest of the thesis is structured as follows:

Chapter 2 describes the state-of-the-art regarding vertiport ground operations, including
the existing vertiport framework simulation that serves as the primary model for param-

eter definition and study.

Chapter 3 discusses the methods used to conduct scientific expert interviews, determine

critical parameters, and stochastically model expert responses into normal distributions.

Chapter 4 presents the results of the expert interviews, final list of critical vertiport pa-
rameters, deterministic and stochastic models, and the vertiport simulation outputs.
These outputs include: 1) one scenario with the deterministic model using default pa-
rameter inputs, 2) one scenario with the deterministic model using calibrated parameter
values, and 3) threes scenario with the stochastic model using values from the newly-

derived stochastic curves as parameter inputs.

Chapter 5 consists of a discussion of the comparison between the five aforementioned

simulation runs and an interpretation of results.

Chapter 6 delineates the work done in this study and introduces limitations and recom-

mendations of future work that can further the present study.
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2. State-of-the-art

This chapter summarizes the development of urban air mobility, the achievements re-
garding vertiports in the scientific community, and identifies the research gaps in the

field.

2.1. Urban air mobility (UAM)

NASA defines urban air mobility as “safe and efficient air traffic operations in a metropol-
itan area for manned aircraft and unmanned aircraft systems” [17]. UAM is also de-
scribed by the FAA as a transportation system that “will use highly automated aircraft
that will operate and transport passengers or cargo at lower altitudes within urban and
suburban areas” [18]. It seeks to be incorporated in multi-modal city transportation and
efficiently transport people by means of shorter distances and travel time. In a study of
potential time savings UAM can provide, it is estimated that UAM can reduce travel time
for 3% to 13% of shared motorized trips that are beyond the distances of a 50-55 minute
car ride [19]. Along with the introduction of UAM comes the numerous considerations of
safety, security, governmental regulations, airspace compatibility, and community ac-
ceptance. UAM also explores electrification as the primary means of vehicle energy while
taking a deeper look into vehicle automation. In urban driving, it is found that a 30% to
95% overall reduction of carbon emissions was obtained through electrification and that
electric vehicles transfer CO2 emissions from the transportation sector to the electric
sector [20]. In terms of automation, NASA’s market study on UAM focuses on two likely
cases where automation will be applied to urban air transport: air metro and air taxi [21].
Air metro will serve to autonomously operate public transit services in the air, while the
air taxi will be an autonomous, ride-sharing vehicle accessible on-demand. Although not
necessary criterion for UAM, vehicle autonomy and electrification are highly considered

in the development of urban air transport.

2.2. Existing eVTOL market competitors

There are 68 companies today producing winged electric Vertical Takeoff and Landing
(eVTOL) vehicles and 16 companies producing wingless eVTOLs in the race for mass
realization of urban air mobility [22]. Some outstanding prototypes belong to the compa-
nies Lilium, Aurora LightningStrike, and Joby Aviation. These vectored-thrust eVTOLs
use wings to cruise efficiently and use a propulsion system for both hover and cruise

abilities [23]. According to the same reference, other winged aircrafts such as the Aurora
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Flight Sciences, Kitty Hawk Cora, and ZeeAero Z-P2 have two separate propulsion sys-
tems for hover and cruise flight [23]. Furthermore, the most advanced wingless eVTOLs
include the E-Hang 184 and Volocopter 2X, multirotors that specialize in short distance
flights and can sustain hover through large disk actuator surfaces. These eVTOLs are
best used in inner-city, short-range operations to escape ground congestion and in-
crease travel time savings. After building working prototypes, the next step for eVTOL
companies is to test their vehicles and obtain flight certification for their aircrafts. The
leaders in eVTOL certification are EHang EH216, Volocopter’s VoloCity, Joby Aviation
S4, and Lilium [24]. Additionally, EHang, a Chinese company, has been testing their
aircrafts since 2018 and submitted their certification application in 2020 in hopes of being
certified by the end of 2022 [24]. Volocopter, a German manufacturer, is the first eVTOL
manufacturer to obtain European Union Aviation Safety Agency (EASA) approval for
their two-seater design and aims for the EASA SC-VTOL (special condition VTOL) cer-
tification by the end of 2022. Another German start-up, Lilium, built seven-seater aircrafts
that will undergo testing in 2022 and begin commercial flights in 2024 and network oper-
ations in 2025. Joby Aviation, a US-based company, can accommodate four seats and
aim to obtain its certification from the Federal Aviation Administration (FAA) by 2022 and
begin urban operations in 2024. eVTOL manufacturers realize that working with novel
technology calls for working “parallel,” indicating that training and operation must pro-
ceed simultaneously with the certification process [25]. Novel technology also requires
unique compliances, which must be clearly communicated by eVTOL manufacturers to

certification regulators to obtain user acceptance.
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Figure 1: Lilium Jet (above) and Volocopter (below). Source: [1], [2].

2.3. On-demand services

Modern helicopter operators provide services through an on-demand, ride-sharing
model. In this study, vertiport operations will be simulated to operate like on-demand,
ride-sharing services. Booked like conventional airplane rides, these services are easily
accessible by customers through online or mobile bookings. However, recent helicopter
services also operate in similar fashion to ground taxis — rides can be booked on-de-
mand. In 2014, BLADE founded its air charter broker and indirect carrier service and
offers helicopter flights between New York, Miami, and Aspen while investing in projects
that will begin to “transition existing routes to eVTOL aircraft starting in 2025” [26]. Then,
in 2016, Airbus’s Voom was the first to launch a mobile helicopter booking platform and
initiate operations in Brazil, Mexico, and the US [27]. Although its services ceased in the
midst of the COVID-19 pandemic, Voom’s next goal is to “democratize access to urban
skies,” having gained approximately 150,000 users in its four years of operation. Uber,
the most popular on-demand ride-hailing service worldwide, cooperated with direct air
carrier HeliFlite in 2019 to service trips between Manhatten and JFK International Airport
[28]. Known as the “Uber Copter,” Uber provides flights with options for customers be
picked up or dropped off in selected heliports within a defined location, or travel door-to-
door. Requests are to be booked directly through the Uber app just like normal taxi rides.
Uber’s next step towards UAM involves its decision to be purchased by Joby Aviation, a
company developing eVTOLs for air taxi services in late 2020 [29]. This acquisition would
allow the integration of Joby’s air travel services with Uber’s ground transport through
Uber’s ride-hailing app.

Parameter Calibration and Stochastic Model Extension for an Agent-Based Simulation of Vertiport
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Figure 2: Uber partners with Joby. Source: [3].

2.4. Vertical takeoff and landing vehicles (eVTOLS)

Vertical takeoff and landing vehicles are designed to hover, takeoff, and land vertically.
Their distinguishing trait from conventional aircrafts is the ability to operate within small
spaces such as urban settings. Whereas traditional airplanes have fixed wings that
amass a significant amount of space and is a critical design factor for airport infrastruc-
tures, VTOLs are similar to helicopters and have rotors that take up minimal room. Cur-
rently, there are two types of VTOLSs: rotary wing aircraft and powered-lift [30]. Rotary
wing vehicles have spinning rotor blades around a mast that supply the aircraft’s lift and
thrust. On the other hand, the same source explains that powered-lift vehicles have some
form of fixed wing design that is used for direction changes or stable flight [30]. The most
advanced VTOLs today are electric and are either electrically charged or powered by
batteries. eVTOLs also include both fixed and non-fixed wing aircrafts and have five
classifications in itself: vectored thrust, lift and cruise, wingless (multirotor), hover bikes
and personal flying devices, and electric helicopters [31].

Parameter Calibration and Stochastic Model Extension for an Agent-Based Simulation of Vertiport
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Figure 3: Different types of eVTOL. Source: [4].

2.4.1. Taxiing

With eVTOLs development in view, manufacturers are also looking into different types
of taxiing functions for aircraft movement on the helipad. In conventional airplanes, active
taxiing uses wheels to steer the aircraft towards or away from the runway using its own
power. Requiring approximately 65 gallons of fuel to taxi a single-aisle jet, taxiing is cost-
intensive and releases emissions into the environment [32]. Increased aircraft weight
due to additional fuel also results in higher fuel consumption during flight. Therefore, the
concept of electric taxiing was developed and divided into two categories: external sys-
tems and on-board systems. A common example of an external system is the TaxiBot,
which is likened to an electric tractor and functions as a tow in all taxiing procedures
(pushback, taxi-in, and taxi-out) and is referred to as “passive taxiing” [33]. This semi-
autonomous hybrid vehicle is primarily controlled by the pilot, is composed of two diesel
engine, and can tow up to 500 kW. TaxiBot is the “only certified and operational taxiing
solution in the world” [34]. According to the same source, on-board taxiing systems use
electric motor power converter and electric energy to supply power to its wheels. In 2005,
WheelTug became the first company to develop this on-board taxiing system, and as of
July 2021, began its manufacturing process in the US [35]. Independent of physical tugs
or engines, WheelTug endeavors to cut 5 to 20 minutes of vehicle turnaround time on

the ground.

2.4.2. Hovering

eVTOLs are equipped with a hovering capability, which uses spinning blades to create
vertical thrust [31]. Movement horizontally, forwards, or backwards also uses rotors such
as tiltrotors to direct its thrust towards the direction of movement. Nathan et al. classifies
eVTOL into four categories: aircrafts with multicopter (multirotor) architecture, lift and

cruise architecture, tilt rotor architecture, and ducted fan architecture [36]. Multirotors,
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which are aircrafts without wings, lack cruise efficiency and thus can only sustain hover
for short periods of time, limiting their application to UAM markets only. Winged eVTOL
aircrafts has the “lift and cruise” architecture, which leverages both its rotors and wings
to achieve robust vertical takeoff and landing and efficient cruise. Thirdly, eVTOLs with
tilt rotor architecture are aircrafts with tilting propellers either with or without wings. The
tiltrotors enable the vehicle to rotate 90 degrees when transitioning from a horizontal
configuration to forward flight. According to Nathan et. al, a critical disadvantage that
comes with this model is higher costs associated with the hover requirement, which calls
for large propellers with low tip speed and disc loading [36]. The last category is eVTOLs
with ducted fans, which excels in reducing noise and is especially important for aircrafts

with higher payloads.

2.5. Battery technologies

The energy source that will power future eVTOL vehicles will most likely come from bat-
tery electric propulsion systems [37]. Electric propulsion is a popular choice of energy
technology because it releases zero emissions into the environment, a huge advantage
in cities. While there are huge environmental benefits, batteries also have limited energy
densities and greater weight. Nevertheless, battery technology is the primary means to

achieve all-electric vehicles apt for travel in space-constrained urban settings.

Since batteries store energy for later use, the development of sound electricity infrastruc-
ture system is a critical factor in building urban vertiports. Electric power generation and
the connectivity of existing electrical grids will also pose as significant challenges to verti-
port operations. Currently, there is a debate between battery swapping and battery re-

charging as the two primary methods of supplying eVTOLs with energy.

2.5.1. Battery swapping

The main argument for battery swapping over charging is the technical challenges that
battery charging can pose. Firstly, the current capacity of electric generation and power
distribution at electric grids are not designed to support large numbers of electric vehicles
(EVs) [38]. Additionally, Adegbohun says that fast DC charging of EVs could “critically
affect the reliability and stability of the power grid” [38]. Load spikes especially during
peak-load periods could cripple entire electrical systems. Therefore, Adegbohun con-
cludes that battery charging infrastructure and electric grid integration must evolve rap-
idly for EVs to be adopted at scale. This induces the need for vertiport infrastructure
design to include battery sharing stations (BShS) or battery swapping station (BSS) for
battery pack swapping, and potentially a wider battery sharing network (BShN).

Parameter Calibration and Stochastic Model Extension for an Agent-Based Simulation of Vertiport
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Tesla had once designed a BSS system for its cars which includes vehicle lifts, vehicle
and electric connection alignment equipment, and battery storage racks [38]. Once an
EV arrives, the system is prepared to swap out the battery and replace it with a new one.
It was demonstrated by Tesla in 2013 and only shut down due to lack of interest among
Tesla owners [39]. However, in China, battery swapping is common among ground ve-
hicles. Nio, a Chinese electric car manufacturer, had launched its second generating
battery exchange station in Beijing. It is able to swap 312 batteries per day [40]. Equipped
with four collaborative cloud commuting systems and a maximum of 239 sensors, Nio’s
battery stations is expected to be in operation across its 500 units by the end of 2021.
Geely Technology Group is another Chinese company that has already established BSS
for automobiles in 39 locations and planning to increase to 200 locations by 2023 [41].
Each BSS will encompass 126 square meters and have the capacity to service over
1,000 vehicles per day. Also according to Geely, the BSS will perform its operation en-

tirely automatically from selecting compatible batteries to handling wireless payments

within 90 seconds, paving the way for the development of battery as a service business
model for future EVs [41].

Figure 4: Nio’s battery swapping station. Source: [5].

2.5.2. Battery charging

Electric vehicle charging has been around since the mid-19"™ century, yet it was not well
developed due to high associated costs. However, investments in space travel in the
1950s propelled interest in battery and electrical charging technologies. In 1997, Toyota
made electric charging popular in modern-day society through the release its hybrid EV,
the Toyota Prius [42]. Today, EV car charging is very prevalent in China and the United
States. China alone utilizes 808,000 EV chargers with its cities taking the lead in EV
charging infrastructure, accounting for about 40% of charging posts nationwide [43]. Ac-
cording to the same source, the United States has at least a half million EV chargers,
the majority being home chargers, and approximately 5,600 nonresidential EV charging

stations hosting over 21,000 charging posts [43]. In Brown et al.’s paper for UAM vehicle
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design and optimization, battery charging was concluded as one of the main cost drivers
in UAM operations [44]. Not only is battery charging expensive, the time it takes to charge
may even take as long as the flight mission time. The more powerful a battery charger
is, the higher number of flights can be conducted per charge. The author’s solution to
achieving affordable battery charger is to reduce battery manufacturing cost and in-

crease battery cycle life [44].

2.6. Existing heliport guidelines

The Federal Aviation Administration (FAA) has compiled a concept of operations which
include foundational principles, roles and responsibilities, and scenarios and operational
threads related to UAM. lts goal is to support “the growth of flight operations in and
around urban areas” through envisioning an operational environment [13]. Along with
defining critical terms used in UAM operations, FAA ConOps also prescribes the regula-
tory roles for UAM. The federal authority of aircraft operation in all airspace is the FAA,
who is also responsible for maintaining the airspace to be a safe, operating environment.
FAA’s Air Traffic Control (ATC) monitors airspace communication to prevent collisions
between aircrafts in the National Airspace System (NAS) and thus has access to UAM
operational data. However, FAA ConOps also defines an “airspace volume defining a
three-dimensional route segment” as a “UAM Corridor,” in which “tactical ATC separation
services” are not provided. Within these corridors, aircrafts must meet performance re-

quirements and operational rules of corresponding UAM airspace environment.

2.6.1. Heliports

The FAA outlined specific design requirements for heliports and drafted an advisory cir-
cular to address the standards. Vertiport infrastructure dimensions, such as Touchdown
and Liftoff Area (TLOF), Final Approach and Takeoff Area (FATO), safety area, and ap-
proach and departure path in the present study are defined based upon the recommen-
dations of FAA’s heliport advisory circular. In AC 150/5390-2C, regulations also address
heliport operating requirements for commuters and on-demand operations as well as
rules governing its passengers. The design standards apply to “general aviation,” which
are “flights conducted by operators other than Title 14 of the Code of Federal Regulations
(CR) Part 121 or Part 135 certificate holder” [45]. General aviation refers to helicopter
operations that do not have scheduled passenger service, and its heliports can be either

privately or publicly owned.
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2.6.2. Existing vertiport concepts

Additionally, the FAA released a vertiport design guide, AC 150/5390-3, in 1991 for the
purpose of guiding planners and communities through developing civil vertiports or ver-
tistops [46]. The standards are recommended guidelines and are mandatory in the case
of vertiport projects receiving Federal grant-in-aid assistance. Specifically, the minimum
requirement for TLOF is one “tip-to-tip span,” which is the “span between the extreme

edges of the plane generated by spinning rotors or proprotors” [46].

2.6.3. Air Traffic Organization (ATO)

Furthermore, the FAA developed an Air Traffic Organization (ATO) policy to establish
procedures that must be followed by air traffic control service providers [47]. The ATC
system outlined in this policy is to ensure safe, orderly traffic flow free from collisions and
to provide relevant control services in certain cases. Related to aircraft takeoff and land-
ing in particular, the ATO policy allows simultaneous operations to be conducted if they

are separated by at least 200 feet.

2.7. \Vertiport state-of-the-art

UAM has been a highly popular subject in the transportation world, yet exploration
around vertiport operations is only a recent pursuit. Though its primary application is to
serve the urban landscape, UAM is envisioned by some as an “on-demand air transpor-
tation within core urban areas and residential suburban destinations outside city centers
using new, electric-powered, vertical takeoff and aircraft’ [48]. Cities cannot accommo-

date large airports; therefore, the development of vertiport is critical for UAM realization.

2.7.1. Vertiport infrastructure

There are currently several key players in the eVTOL and even in the flying car industry;
however, there hasn’t been the same degree of advancement in the pursuit of eVTOL
infrastructure [6]. Heliports, the infrastructure for helicopters, hold the same idea as verti-
ports but is not designed to serve on-demand, inner-city operations. One recent publica-
tion by Vascik and Hansman introduces a topology design of four classes of vertiport
layouts that “determine[s] capacity and sensitivity of throughput to topology and situa-
tional parameters” [6]. Vascik and Hansman describe their motivation for vertiport infra-
structure research as the means to gain a better understanding of the throughput capac-
ity of operating vertiports. Additionally, Daskilewicz et al. uses an integer program to
locate the placements of vertiports that would maximize time savings potential within
cities [49]. This program uses locations of households and workplaces to model actual

commuting trips that would use VTOLs as the primary mode of transport. Hurdles for
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UAM to be realized are many, and infrastructure is a key constraint that will remain a

prioritized topic in the years to come.
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Figure 5: Diagram of a basic vertiport layout with associated operations. Source: [6].

2.7.2. Vertiport operations

While there is increasing attention on infrastructure design, there is still little research
conducted around the behavior of vertiport operations itself [15]. Existing heliports serve
helicopters and are characterized by similar procedures as future vertiports, yet vertiports
differ due to the unique needs of electric vehicles. eVTOLs are fully electric and hence
require facilities that can accommodate capabilities such as charging or battery swap-
ping. The progressive next step is to investigate critical design factors and driving pro-

cesses required to adequately support a fully operational vertiport.

2.7.3. Existing vertiport prototype

There are numerous companies currently developing eVTOL technology and aircrafts,
yet there has only been one successfully built working vertiport infrastructure— the Vo-
loPort, the result of a collaboration between German company Volocopter and London-
based Skyport. Built in 2019 in Singapore, the prototype achieved real-life testing of en-
tire passenger processes, including pre-flight checks, passenger lounges, and boarding
procedures [50]. They also used the Voloport to observe vertiport operations such as
battery swapping and charging, maintenance, safety, and security. The Voloport was
built primarily for testing purposes and is currently not operational; however, Volocopter
and Skyport plan to continue their cooperation to realize commercial air taxi services
within two to four years [51]. There are several companies who have plans to develop
vertiport infrastructure in the near future, phasing into the next leg of the race for UAM
realization. Even locations, namely Miami and Orlando, have been identified as prospec-

tive metropolitan areas that could be used to test early UAM flights [52].
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Figure 6: The Voloport in Singapore. Source: [7].

2.8. \Vertiport model and simulation framework

Currently, there is literature that models the potential demand of UAM using defined net-
works and vertiport locations [53]. However, not many have conducted studies that ac-
count for dynamic effects occurring within vertiport infrastructure. Therefore, this thesis
will be based on the most recent and relevant study on vertiport ground operation, a
study that introduces an agent-based simulation framework extended from Vascik and

Hansman’s vertiport concept and co-developed by Preis and Amirzada [8].

The vertiport model in Preis’ paper uses Agent-Based Modeling and Simulation (ABMS),
a transportation simulation framework. Inputs of the simulation are the vertiport layout,
initial positions and states of the agent population, a list of executable plans, and outputs
describing vertiport operations over the course of a day including waiting times. It con-
sists of three elements: pad, gate, and stand, with the terminal and airspace acting as
the system boundaries of the model (see figure 7). There are two agents, passengers
and vehicles, whose locations are updated with every action according to the timestep.
Agents contain information on its parameters, position, and destination and moves ac-
cording to on-demand arrival and request inputs. Each simulation begins with a popula-
tion of passengers and vehicles, and at any point in time, the simulation can output the
location and states of each agent. Consequently, this model can delineate the schedule
of vertiport operational processes given its demand, and therefore predict the throughput
and operational limits. A parallel study regarding vertiport layouts is also currently under-

way to serve as an extension to the inputs of this model.
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Figure 7: Vertiport model from Preis’ vertiport simulation. Source: [8].

2.8.1.

Two machines define the movement and states of the simulation’s agents. The motion
machine reads a plan which directs the agents’ movements among the elements. The
state machine defines the condition of each element at any given time. In the simulation,
passengers can be in the states of waiting/occupied and moving, while vehicles have
two additional states of being free/available or busy. The simulation elements too have

states of being free/available or occupied/moving. Table 1 depicts all the possible com-

Existing vertiport simulation

binations of agents’ states at any given timestamp.

State Element Vehicle Passenger
Free/Available X X
Busy X
Waiting X X
Occupied/Moving X X X

Table 1: List of possible states for elements and agents from Preis 2021. Source: [8].

2.8.2. Operational parameters

Movement of agents are solely dependent on the value of their respective parameters.
In his paper, Preis lists the basic parameters that characterize each agent as estimated
by experts. He focuses on boarding and deboarding procedures, passenger walking
time, vehicle takeoff and landing time, and vehicle taxiing speed (see table 2). The value
for agent parameters defines the microscopic movements within the simulation and ulti-

mately controls the amount of throughput that can be achieved in any given vertiport.
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Parameter Value Unit
vehicle taxi-speed 2.2 m/s
vehicle takeoff time 60 s
vehicle landing time 60 S
passenger boarding time 30 s
passenger deboarding time 25 s
passenger walking from terminal to gate time 20 S

Table 2: List of parameters estimated by experts from Preis’ vertiport model. Source: [8].
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3. Methods

This study seeks to determine:

The critical designs and processes that occur on a vertiport
The parametrization and quantification of these processes
The effects of calibrated parameters on the vertiport simulation

Whereas Preis’ vertiport simulation inputs only included values found in literature review,
the following research involves expert estimations of parameters to capture more current,
realistic vertiport operational values. Through novel deterministic and stochastic models,
these parameters were consequently used as more refined inputs in the vertiport simu-

lation to produce more accurate behavior of vertiport operations.

3.1. Scientific expert interviews (methods)

Expert interviews, commonly used as a method to obtain information in specific subject
areas, were held across different aviation-related industries to identify critical vertiport
designs and processes as well as values of critical parameters involved in vertiport op-
eration. According to Meuser and Nagel, an expert is a “person who is responsible for
the development, implementation or control of solutions/strategies/policies” and a “per-
son who has privileged access to information about groups of persons or decision pro-
cesses” [54]. Bogner, Littiz, and Menz classified expert interviews into explorative, sys-
tematizing, or theory-generating interview, and the author chose to conduct systematiz-
ing expert interviews for the purposes of this study. Whereas explorative interviews pro-
vide orientation about new fields of research and theory-generating aims to challenge
social constructs, systematizing interviews perform systematic retrieval of information
[55]. Furthermore, they focus on the exclusivity of expert knowledge, are used for infor-
mation not widely accessible, and emphasize on comparison and aggregation [56].
Through systematizing interviews, the author obtained estimated parameter values from
various experts and created a model to aggregate their responses for every parameter

of interest.

There were 17 experts who participated in the interview series from three nationalities
(German, US, Great Britain) and multiple backgrounds: research, aviation industry, air-
craft operation, and architecture. This group of experts have an average of 10.8 years of

experience and a median of 6 years. All interview durations were 30-45 minutes and
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conducted virtually, predominantly in a face-to-face format using internet video confer-
ence tools. Information discussed remain strictly confidential and only data was extracted

from each interview with experts.

Expert interviews were held in two rounds. The first round included the initially deter-
mined parameters and the second round had more targeted, critical parameters that
were identified through an iterative process between the first and second rounds (to be

described more in section Parameter determination).
Expert determination

Experts were located primarily through previously established contacts in the aviation
industry. However, to reach a larger audience and industry background, experts were
also found through an online professional networking site, LinkedIn. These interviews
were conducted throughout a six-month interval; all the contacted experts who replied or
showed interest to the study during this time window were given the opportunity to have

their parameter estimations included in our research.
Pre-interview procedures

Prior to interviewing the experts, critical parameters had to be preliminarily identified
without the aid of expert inputs. Although an iterative process of parameter determination
was ongoing throughout the interview series, the set of parameters presented to the first
round of experts were critical parameters identified in literature. These parameters were
presented to the experts as a Microsoft Word document that contained empty blanks to
be filled in with estimated values by the experts. For this purpose, there was a prelimi-
nary, small-scaled literature review of research regarding vertiport infrastructure, opera-

tions, passenger processing, and battery technology.

The first contact with the experts is an initial email introducing the interviewer, research
subject, and purpose of interview. The subject is invited to participate in the interview
and an interview guide is sent to the expert. As a gesture of gratitude, the expert is then
offered a “sneak peek” of the final data obtained from all the experts at the conclusion of
the series upon agreement to be interviewed. If the expert responds to the initial email
with an affirmative, available dates and times is then offered to him or her along with a
data consent form for the interview to be recorded for data processing purposes. The
experts who do not agree to have his or her interview recorded do not have to sign the
data consent form and will just proceed to be interviewed without recording. After the

expert responds a second time, a conference link is then sent out to him or her.
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Interview structure: first round

Previous work included 10 interviews already conducted within the first round. Each in-
terview consisted of the following four sections: General Information, General discussion
of Urban Air Mobility, Discussion of Vertiport model, and Vertiport simulation parameter
estimation. Depending on the expert, interviews were conducted in English or German.
Then in the first section, General information, the interviewer confirms with the expert
that he or she had consented to being recorded and had returned the data consent form
signed and dated. Afterwards, the interviewer writes down the name of the interviewed
person, the affiliation with his or her institute, background and field of work, years of
experience, and reason for participation. Next, in section two, General discussion of Ur-
ban Air Mobility, the interviewer asks a series of questions and provides some input re-

garding the definition of UAM, potentials, and challenges of UAM.

Section three consists of a discussion of the vertiport model, wherein the interviewer
gives an explanation of the model through previously prepared Microsoft Powerpoint
slides, which serves as the context of the present research. Questions regarding the
expert’s evaluation regarding the critical design driver or missing elements in the model
is discussed here. Also, the initial parameters of interest were grouped and experts were
asked about the suitability of each grouping. In section four, all experts were introduced
to the same list of parameters and requested to fill out a parameter form with his or her
predicted values for each parameter and email the response back. Specifically, experts
are asked to estimate a mean value, minimum value, and maximum value with respective
units. Next, they are asked to rate the confidence of their responses on a scale of one to
three, 1 being “very sure,” 2 being “sure enough,” and 3 being “educated guess.” Lastly,
final questions include asking the expert to identify the most important parameters on the
parameter list, parameters not on the list yet are also critical, and additional input that is
essential to the topics discussed in the whole interview. The interview ends with the in-
terviewer thanking the expert for his or her time and reminding them to be on the lookout

for a summary of anonymized results from all the interviews in the near future.
Interview structure: second round

The main difference between the interview structure of the first and second rounds is the
set of questions in the interview guide. The second round of interviews were conducted
by the author and consists of seven experts. The interview guide has the following four
sections: General Information, General discussion of Advanced Air Mobility (AAM), Verti-
port model and parameter discussion, and Parameter estimation (see appendix 1). In

part two, the general discussion changed from UAM to AAM because the latter
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encompasses a broader mobility application than just cities. Part three eliminated dis-
cussion purely around the vertiport model to focus on parameter discussion, using the
developed vertiport model as the context. Here, the experts were presented Powerpoint
slides of groups of parameters related to vertiport operations (see appendix 2). They
were then asked to identify the parameter from the group that is most influential from an
operational perspective and other parameters that were found worthy of consideration.
This leads to the next part, Parameter estimation, which asked for similar estimations of
parameter values as interviews in the first round. The only difference is that in the second
round, experts were only asked about values that were directly relevant to his or her
research. Thus, part three introduced only the parameters and parameter groups that

will be asked of the experts in part four.
Post-interview analysis

The research data gathered in each interview can be broken down into three main parts:
UAM/AAM insight, vertiport model and parameter discussion, and parameter estimation.
The first section, UAM/AAM insight, were primarily used to understand the perspective
of the expert’s industry or background experience. The second section was for obtaining
expert feedback regarding the vertiport model and to provide a framework for experts to
understand the parameter values needed in the vertiport simulation. Thirdly, in the sec-
tion for expert parameter estimation, the data obtained was used as the primary input for
the stochastic model developed in this thesis. In the methods section “Stochastic mod-
eling,” a detailed description of how this data was used to establish the model will be

provided.

Interviews that were recorded were transcribed post-interview for further data analysis.
The UAM/AAM responses were recorded in an Excel sheet with four tabs: “Definition of
UAM,” “Realization of UAM,” “UAM Potentials,” and “UAM Hurdles.” For “Realization of
UAM,” responses were categorized by expert name, a yes or no answer to whether or
not UAM will be realized, the year it could be realized, and remarks related to the expert’s
prediction. For UAM definition, realization, and hurdles, expert responses were catego-
rized by common field-related keywords related to each of the three concepts. If the
expert’s response included a keyword, then that field was marked and consequently to-
taled to reveal experts’ aggregated response. Keywords used per respective section are
shown in table 3. The aggregation of these expert responses were summarized into a
“sneak-peak” presentation and sent to all the participating experts as a gesture of grati-

tude.
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The second part, vertiport model and parameter discussion, included an evaluation for
both the vertiport model and associated parameters. Responses to the questions regard-
ing present and missing critical design factors in the vertiport model were recorded. Spe-
cifically, expert responses for the following items were documented: design driver and
critical path, model sufficiency, safety threats, and other remarks. Furthermore, experts’
inputs on the critical and missing parameters and their additional inputs contributed to

the formation of parameter groups.

Lastly, a sneak peek of aggregated expert responses concerning UAM, AAM, vertiport
model, and parameter groupings was sent out to the participating experts as a thank you
(see appendix 3 for selected slides from sneak peek). It was compiled in a Powerpoint
presentation, in which the data sources remained anonymous and confidential. Further
analysis regarding UAM/AAM potentials and hurdles were depicted in bar graphs, and
the most common responses for critical factors or parameters for vertiport infrastructure

and vertiport operations were presented.
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Definition of UAM

UAM Potentials

UAM Hurdles

noise/quiet

congestion

battery capacity

one leg in city

enrich transportation system

flight authorization for vehicles

VTOL remote areas safety
inner-city urban transport noise
air taxi services fast travel space in cities
ODM cargo community acceptance
electric/hybrid autonomy electric/hybrid
range link suburban cities range
autonomous energy efficiency autonomous

affordable for public

emergency transport

affordable for public

thin haul city center to airport competition with conventional
modes
metropolitan business/fast travel privacy
reduce pollution technological advancement ATC

on-demand relaxes urbanization infrastructure/integration
urban new market regulation/policy
sub-urban urban planning business model
UAVs democratization of airspace system dynamic
cargo airport connection airspace structure & ATC
multimodal cargo luxury goods vertiport
safety time savings visual pollution

complex (airspace)

experience

user acceptance

3D mobility maintenance business access & egress
regional goods transportation vehicle technology
shared remotely controlled air transport -
AAM regional air mobility -

help developing countries

Table 3: Keyword responses regarding UAM definition, potentials, and hurdles.
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3.2. Parameter determination (methods)

This section, Parameter determination, describes actions that were performed from be-
fore the initiation of expert interviews up until, and including, post-interview analysis. As
mentioned previously, parameter values that were presented to the experts for estima-
tion were determined preliminarily through an initial round of literature review in prior
work. The first draft parameters list, compiled in previous work, included 82 parameters
sectioned into 10 “top layer” processes: vertiport elements, passenger processing, pas-
senger boarding, vehicle taxiing, takeoff and landing, approach/departure flight, battery
charging, battery swapping, vehicle maintenance, and general vertiport operation.
Among the 82 parameter, 18 parameters were initially selected as the driving parameters
for the baseline vertiport simulation model. However, a combination of the 82 parameters
were introduced to the first round of expert interviews in the questions involving the verti-

port model, vertiport operations, and parameter estimation.

After the first round of interviews, previous work discovered that some of the parameters
presented to the experts were either sufficiently answered by literature, irrelevant to the
model, or too general. Sufficiency of number of answers was assessed through analysis
of the number of responses and the average of the confidences of expert responses. To
identify irrelevant or over-generalized answers, as described previously in Interview
structure: first round, experts were asked to point out the parameters that were most
critical or missing. Thus, through deletion and combination of certain parameters, the list
of 82 parameters was narrowed down to 55 parameters of interest, in which 25 parame-
ters will be essential to the model (see appendix 4 for example of elimination process).
Of the 25 parameters, 4 are related to the creation of the vertiport mode elements and

21 are related to guiding operations.

Before the start of the second round of interviews, a Microsoft Excel sheet was created
to organize all the expert responses thus far according to standardized units and param-
eter IDs. In the process, the number of responses for each parameter was summed up.
The totals produced from that assessment revealed the parameters that were adequately
answered and those that were lacking in responses. Thus, the second round of inter-
views included only the 25 essential parameters derived after the first round of interviews
with emphasis on the 9 parameters that were found to have 1 or less responses. 4 of
these 9 parameters are related to vertiport layout elements, which could be sufficiently
answered with further literature review. The remaining 5 parameters that were lacking in
responses were specifically taken into account during the search of experts from appro-

priate disciplines for the second-round interviews.
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After collecting responses during the second round, total expert responses from the first
and second rounds were summed and final parameters were determined. Two steps
were taken here: firstly, an evaluation of the accuracy of expert responses to parameters
was conducted to ensure quality of data. Secondly, parameters with 5 or more responses
had its minimum and maximum values eliminated to rid outliers and to achieve closer-
to-average and median distributions. In the first step, excluded responses were either
irrelevant or inadequately answered by the experts. The following points are examples

that illustrate the determination process for selected parameters:

e Passenger board helicopter: Expert A defined distinct values for passenger stepping

into helicopter, storing luggage, and sitting down and buckling the seatbelt. There-
fore, these values are aggregated to define the parameter passenger board helicop-
ter. The confidence value is determined by the majority response. Expert B provided
values of passenger stepping into helicopter and sitting down and buckling the seat-
belt, which were similarly aggregated to maintain consistency as best as possible.
Expert C is also excluded because the expert defined values for passenger boarding

of an airplane rather than a helicopter.

e Starting Rotors: The vertiport simulation is modeled for electric helicopters. Since

Expert D and Expert E defined values for starting rotors of conventional helicopters,
their responses are not included in the stochastic model. Expert F and Expert G’s

values are for electric helicopters and are included in the model.

¢ |Initial hover: The response for Expert H is excluded from the stochastic model be-
cause the value represents the time it takes for the airspace around the pad to be
cleared for the next vehicle to land or takeoff rather than just the initial hovering time

required before takeoff.

e AJ/C Separation: Expert J defined values for wake vortices, which is not interesting

for this study and therefore excluded. Rather, A/C Separation parameter refers to

the separation minima (time) between aircraft activities on the airfield.

There was 1 parameter value, battery swapping time, of the 25 that remained unable to
be estimated by any of the experts. So that parameter was ultimately excluded from the

final parameter list of 24, which were the inputs for the stochastic model.
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3.3. Deterministic modeling (methods)

As introduced before, there will be 5 vertiport simulations conducted using Preis’ vertiport
simulation model, 2 of which using deterministic inputs. These inputs include both expert
estimations and literature findings of parameters. Previous work established initial input
parameters for the model through a preliminary round of literature review. Now, for pro-
ducing a more refined list of parameter input for the deterministic model, a second round
of literature review was conducted and averaged with the newly-obtained expert estima-

tion values.

A more extensive search for related parameter values in literature was performed and
results were recorded in an Excel spreadsheet. To ensure quality of data and accuracy
of responses, each value was kept only if it exactly fit each of the final 24 parameters.
Next, obvious outliers were eliminated. After obtaining the list of literature parameters,
the values were ready to be combined with the list of 24 expert responses. This process
uses the method of weighted averaging for each parameter, which sums the multiplica-
tion of the number of expert and literature entries with respective averages divided by
the total number of entries (equation (1)). The final, averaged list can be found in table
7. The resulting list of 24 parameters is used as input parameter values for the determin-

istic model in the vertiport simulation.

Y(no.entries * average)/(total no. entries) (1)
Expert Parameter Unit Expected Average/Median Final weighted average
E9 Al m 15
E13 Al m 50 26.66666667
L13 Al m 20
L15 Al m 30.48
L22 Al m 22.36 22.36 24.08266667

Table 4: Example of weighting between literature and expert values.

3.4. Stochastic modeling (methods)

The second vertiport simulation uses inputs that are determined stochastically. Expert
estimations for parameters were gathered through expert interviews, and these re-
sponses were processed through normal distribution and skew normal distribution mod-
els to be prepared as inputs for the vertiport simulation. This section will describe the
background mathematical basis for the methods employed to stochastically model the
expert responses, the methods themselves, and the preparation of data as inputs into

the vertiport simulation.
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3.4.1. Mathematical basis

A normal distribution, or a probability density function (PDF), is a symmetrical, continu-
ous parabolic function that is widely used to represent probability distributions (see figure
8 and equation (2)). Otherwise known as a Gaussian distribution, it holds the shape of
a bell curve symmetric about the mean and has an area under the curve of 1. Its function,
as shown below, is characterized by a standard deviation and mean of real-value random
variables. The x-value of the curve has a y-value probability of occurring. A standard
normal distribution is a normal distribution which has a mean of 0 and standard deviation
of 1 and is therefore symmetric about the 0. Furthermore, the integral of a normal distri-
bution is a cumulative distribution function (CDF), where each y-value represents the
probability for the occurrence of a value equal or less than its corresponding x-value (see

figure 9).

In a normal distribution, the values one standard deviation away from the mean repre-
sents 68.27% of the distribution, values two standard deviations away represent 95.45%
of the distribution, and values three standard distributions away represent 99.73% of the
distribution (see figure 10). This function is widely used as it often describes natural phe-
nomena and can be easily interpreted using standard deviation and mean.

1.x—U

p(x) = —=e 2 ) (2)
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Figure 8: Probability Density Function (PDF) for the normal distribution.
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Figure 9: Cumulative Distribution Function (CDF).
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Figure 10: Normal distribution with standard deviations depicted. Source: [9].

A skew normal distribution, on the other hand, is a distribution that is asymmetric about
the mean and is skewed left or right. Azzalini defines a skew normal distribution by equa-
tion (3), which is two times the PDF multiplied by the CDF [57]:

flx) = 2¢(0)P(x) 3)

Another form of estimation is to reparametrize the density function by a skewness pa-
rameter of epsilon ¢, referred to as the epsilon-skew normal (ESN) family [58]. Developed
by Mudholkar et al., it is denoted as ESN (6, g, €) and exhibits a unimodal distribution with
mode at 6 and probability mass (1 + ¢)/2 below the mode [58]. Each variable represents
location (mu), scale (sigma), and skewness respectively, and the distribution reduces to
a normal distribution at € = 0. Equation (4) is the resulting probability density function
from Mudholkar et al.’s derivations in its canonical form ESN(0,1,¢), and equation (5)

displays its general form of ESN (6, o, €).
2
folx) = \/%exp (—Z(:CT)Z) ifx <0
2
fo) = Z=exp (—35—p) ifx 2 0 (4)

fo(X)=—01 exp (— (- Yifx <0

V2 202(1+¢)2
_ 1 _ (x—u)? .
folx) = —=exp ( 2020 ifx>0 (5)
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3.4.2. Stochastic modeling in Python

The stochastic modeling process in the open-source programming language Python is
comprised of three segments: 1) modeling interview responses into skew normal distri-
butions, 2) aggregating skew normal distributions into normal distributions per parame-
ter, and 3) using the previous models to prepare inputs for the vertiport simulation. Lastly,
these inputs were implemented into the simulation to produce new observations of verti-

port operations.
Modeling interview responses into skew normal distributions

Once the expert responses were obtained with estimated parameter values, minimum
values, maximum values, and confidence of answer, a model was built using Python to
fit the data into skew normal distributions. The inputs and outputs of this model are as

shown in figure 11.

Inputs Outputs
Expert ID Expert ID
LPJ’:‘]?ta meter 1D —» | Python script :Barameter
Expected o fact Unit
Minimum create_factors i
Maximum Sigma
Confidence Epsilon

Figure 11: Inputs and outputs of create_factors.

The first step of create factors Python script is to read in a comma-separated values
(CSV) file of the inputs. Mu (i), is automatically set to be the expected value, and sigma

(0)is calculated as follows:

__ maximum-minimum (6)
2(4—confidence)

This was derived from the normal distribution curves (refer to figure 8), where, depending
on the confidence, minimum and maximum values were defined to be at a distance of 1,
2, or 3 sigmas away from the mean on the x-axis. For example, if the confidence of an
expert response was 1 (most confident), then that expert’s estimation for minimum and
maximum values would lie on the point 3 sigmas away from the mean in either direction
on the x-axis. If the confidence was 3 (least confident), then the expert’s estimation for
minimum and maximum values would lie on the point 1 sigma away from the mean in
either direction. With greater confidence, a greater distribution and probability for the

range of estimation was assigned.
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For the expert response of each parameter, a skew normal distribution was plotted and
the epsilon determined. To find the epsilon, the Mudholkar et al.’s skew normal approxi-
mation (equation 5) was defined as a function in the script. The mathematical concept
behind arriving at the epsilon is simple. According to a normal distribution function, the
x-values of -3 sigmas and +3 sigmas hold the same y-value. It is also observed that the
value of epsilon in equation 4 was observed to be greater when f(maximum) is larger
than f(minimum) than when f(maximum) is less than f(minimum). Therefore, by ini-

tializing epsilon as an arbitrary value of 0.1, a loop is developed for epsilon to:

* Decrease per step when f(maximum) > f(minimum)
* Increase per step when f(maximum) < f(minimum)
* Continue the iterations until the constraint of f(minimum) = f(maximum) is met

(with maximum error at 10~* degree).

The resulting epsilon value is the epsilon associated with each specific set of expert
inputs of mean, minimum, maximum, and confidence. This epsilon value is outputted in

a CSV file with the respective mu, sigma, and other input parameters.
Modeling each parameter into a normal distribution through aggregation

Having already determined the mu, sigma, and epsilon of experts’ estimations for each
parameter, the next step was to aggregate all the expert responses and model each
parameter into a single normal distribution curve. The inputs of the second Python script,
aggregated_factors, use the outputs of create factors to produce aggregated skew
curves into normal distribution curves per parameter. Using Python’s curve fit package
“scipy.optimize.curve_fit,” this script best fits all the skew normal curves associated with
each parameter into one single normal distribution. aggregated_factors also outputs the

mu and sigma values of the normal distribution curves for each parameter (figure 12).

Inputs
Expert ID Outputs
::E?rameter R Python script . | Parameter
_ > | ID
IL\J/ITJIt aggregated_factors Unit
_ Mu
Sigma Sigma
Epsilon
Minimum
Maximum

Figure 12: Inputs and outputs of aggregated_factors.
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The minimum, maximum, and confidence values were added to the inputs to establish
the x-limits, or the boundaries of the x-axis, in the plots. These normal distribution curves

are the parameter models that will be used to determine the vertiport simulation inputs.

3.4.3. Implementation of model outputs into simulation

Because the vertiport simulation only takes specific inputs, the outputs of aggre-
gated_factors must be carefully processed. The current stage of the simulation accepts
two input files: arrivals and requests and three output files: arrivals, requests, and starting
populations (figure 13). Using the Monte Carlo method of random sampling from each
parameter’s aggregated, normal distribution, the script population_generator begins with

500 vehicles and 1000 passengers as the starting population.

arrivals_input requests_input

taxi_speed terminal_gate
approach boarding
departure de_boarding

Python script

population_generator

!

!

!

starting_population arrivals_population requests_population

taxi_speed time time

departure origin origin

origin taxi_speed destination
approach terminal_gate
departure de_boarding
pax

Figure 13: Inputs and outputs of population_generator.

In the arrivals_inputs file, taxi_speed refers to the speed of hover taxiing on the taxiway,
approach refers to time of stopping rotors, final hover, entering pad airspace, and
cooldown, and departure consists of time of starting rotors, initial hover, leaving pad air-
space, and cooldown. The requests_input file involve the terminal_gate factor, which is
the time it takes for passenger walking from holding place in terminal to the gate. Board-
ing is the time it takes for the passenger to leave the gate and board the helicopter, and
de_boarding is the time it takes for the passenger to deboard the helicopter and enter

the gate. For the parameters that are an aggregation of the original parameters (i.e.

Parameter Calibration and Stochastic Model Extension for an Agent-Based Simulation of Vertiport
Ground Operations 31



approach, departure, boarding, and de_boarding), the mu and sigma values of respec-

tive parameters are summed up to determine the aggregated values.

The output file, starting_population, prints the origin locations of each vehicle with re-
spective taxi_speed and departure times. arrivals_population and requests_population
prints the time (in seconds), origin, and relevant factors that are values of interest in
determining the behavior of the agents—vehicles and passengers—at any time during
vertiport operations. The times are printed in chronological order, and half the request
times are identical to arrival times as these two times overlap when passengers move
from pad to terminal upon arrival. One of the output parameters, de_boarding, refer to
both deboarding and boarding times based upon the direction of passenger travel: from
origin of airspace to destination of terminal or origin of terminal to destination of airspace,

respectively.

3.4.4. Walk-through of stochastic modeling methods
This section will trace through the stochastic modeling process depicted in the methods

using an exemplary parameter: C4, passenger deboarding time.
create_factors

After obtaining and processing expert interview data, the expected value (mu), minimum,
maximum, and confidence of responses are inputted into the create_factors Python

script in a CSV file format.
Expert,Parameter,Unit,Expected,Min,Max,Confidence
E4,C4,s,120,60,180,3

E9,C4,s,10,5,15,3
E13,C4,s,60,30,120,2

Figure 14: Input CSV file of create_factors.

create_factors then outputs a CSV file that includes the sigma and epsilon values asso-
ciated with each expert entry along with some identification information contained in the
input files. In addition, skew normal distribution curves were created for each entry. Since
there were 3 expert responses for parameter C4, 3 skew normal distribution curves were
created based on each expert estimation (see figure 16).
Expert,Parameter,Unit,Mu,Sigma,Epsilon

E4,C4,s,120,60,0.0123

E9,C4,s,10,5,0.001
E13,C4,s,60,22.5,-0.3288

Figure 15: Output CSV file of create_factors.
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Figure 16: Skew normal distribution curves modeling expert response for parameter C4.
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aggregated_factors

Next, the values of mu, sigma, and epsilon were appended with the minimum, maximum,
and confidence values respectively to be used as inputs into the aggregated_factors
Python script. For each parameter, this step generates a normal distribution curve and

aggregated values of mu and sigma (see figure 17).

Aggregated Curves for Parameter C4

0.08 - data
data
data

fit: mu=10.002, sigma=5.802

0.07 A

0.06

0.05 A

0.04 A

0.03 A

cumulative probability

0.02 A

0.00 A

=50 0 50 100 150 200 250 300

Figure 17: The normal distribution curve modeling all expert responses for parameter
C4.

population_generator

With mu and sigma reflecting the normal distribution for each parameter, these values
are fed into the population_generator script as the “boarding” parameter in one of the
input files (the request inputs file ‘requests_inputs’ in this case). Other parameters, as
previously mentioned, are formed by an aggregation of several unique parameters. Out-
puts of the population_generator include a starting population, arrival population, and

request population (see figure 18).

Parameter Calibration and Stochastic Model Extension for an Agent-Based Simulation of Vertiport
Ground Operations 34



taxi_speed,departure,origin
8.74,49.03,501
7.15,41.36,502
6.36,53.39,503
5.03,35.1,504

time,origin, taxi_speed,approach,departure, pax
24673,A,6.54,34.66,49.33,1
25117,A,5.54,42.49,36.51,1
25381,A,3.27,27.02,65.87,1
27704,A,2.33,55.55,70.62,1

time,origin,destination,terminal_gate,de_boarding
21600,T,A,81.26,140.93
23243,T,A,52.71,152.09
24673 ,A,T,72.34,98.42
25117,A,T,83.94,69.96

Figure 18: Top to bottom: starting population, arrival population, and request population

as generated by population_generator.
Vertiport simulation

These 3 input files, starting_population, arrival_population, and request_population are
the input files used in the vertiport simulation to determine occupancy, agent availability,
and variables related to vertiport demand. These topics will be further discussed in Re-

sults and Discussion sections.
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4. Results

4.1. Scientific expert interviews (results)

The responses of the experts for the qualitative questions regarding UAM and vertiport

is displayed in figure 19. More results can be found in appendix 3.

Experts Definition of UAM
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Greatest Hurdles to UAM Introduction according to Experts
100%
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certification range acceptance

Figure 19: Responses of experts regarding definition, potentials, and hurdles of UAM.

4.2. Parameter determination (results)

After data analysis after each interview round, the resulting list of 24 parameters selected
are shown in table 5. It includes a short, descriptive list and grouping of the final param-
eter list of 24 that is available to be used as new, refined inputs for the vertiport simula-

tion.
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Vertiport Elements

Dimensions of Pad

Dimensions of Gate

Dimensions of Stand

Dimensions of Taxiway

Passenger Processing Time

Passenger walking from holding place in terminal to gate

Passenger Boarding Time

Passenger board helicopter

Passenger deboard helicopter

Passenger leave gate

Passenger enter gate

Vehicle Taxiing

Speed of hover taxiing on Taxiway

Speed of passive taxiing device on Taxiway

Time to mount passive taxiing device

Time to demount passive taxiing device

Speed of active taxiing with motors at wheels

Takeoff and Landing Time

Starting Rotors

Stopping Rotors
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Approach/Departure Flight Time

Initial hover

Final hover

Leaving Pad airspace

Entering Pad airspace

A/C separation

Battery Charging

Charging speed

Battery capacity of vehicle

Energy loss due to inefficiency

Table 5: List of final 24 parameters within respective groups.

There are several things to note related to the final parameter list of 24. The section
Vertiport Elements refer to the parameter values that are related to vertiport infrastruc-
ture. In the section Passenger Processing, there was an original set of 6 parameters but
it was decreased to only 1, the time it takes for a passenger to walk from holding place
in terminal to gate. This parameter was determined to be the only critical passenger-
related value in general vertiport operations, while other passenger processing parame-
ters such as ticket scanning can be argued to also take place during e.g. boarding. The
next section, Passenger Boarding, includes self-explanatory parameters related to the
time it takes for passenger movement on and off the aircraft. Vehicle Taxiing is broken
into two main distinctions: the speed of hover taxiing and the speed of passive taxiing.
Hover taxiing refers to the technology that allows eVTOLSs to hover just above ground to
move the aircraft from pad to stand, and passive taxiing refers to the external devices
attached to eVTOLSs that push or pull the aircraft from one location the other. In Takeoff
and Landing, the time it takes for vehicle rotors to start and stop are observed. Next, in
the Approach/Departure Flight Time, the time of initial and final hover refers to how long
it takes for the aircraft to leave and return to the airspace ground, respectively. A/C sep-
aration refers to the time separation minima between aircraft activities on the airfield.
Lastly, the charging speed in Battery Charging specifies a speed with a non-constant
effect in kilowatts, battery capacity in kilowatts per hour, and energy loss due to ineffi-

ciency in the form of the percentage of energy lost.
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The following, table 6, shows the sum of responses per parameter received from experts

in the first and second round of interviews.
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Parameter

No. First Round

No. Second Round

Dimensions of Pad

1

1

Dimensions of Gate 0 1
Dimensions of Stand 0 1
Dimensions of Taxiway 0 1
Passenger walking from holding place in ter- |0 1
minal gate

Passenger board helicopter 3 3
Passenger deboard helicopter 2 2
Passenger leave gate 0 1
Passenger enter gate 0 1
Speed of hover taxiing on Taxiway 0 2
Speed of passive taxiing device on Taxiway |4 2
Time to mount passive taxiing device 3 0
Time to demount passive taxiing device 3 0
Speed of active taxiing with motors at wheels |4 2
Starting Rotors 2 2
Stopping Rotors 2 1
Initial hover 3 2
Final hover 3 2
Leaving Pad airspace 3 1
Entering Pad airspace 3 1
A/C Separation 2 1
Charging speed 2 0
Battery capacity of vehicle 3 1
Energy loss due to inefficiency 2 0
Swapping Time 0 0

Table 6: Number of responses per parameter summed up in each interview round.
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4.3. Deterministic modeling (results)

The final list including 63 experts responses and 53 literature datapoints (after applying

weighted averaging from the methods section) with respective sources can be found in

table 7. From this list, specific values were used in the final deterministic simulation.

Some of the following deterministic parameters consists of only expert responses.

ID Parameter Unit |Final Sources
weighted
average

A1 Dimensions of Pad m 24.08 [59], [60], [61]
A3 |Dimensions of Gate m 27.43 [59], [60]
A5 |Dimensions of Stand m |30.00
A7 |Dimensions of Taxiway m 21.78 [59], [60]
B11 |Passenger walking from holding|s 60.00

place in terminal gate
C1 |Passenger board helicopter s 67.50 [62], [63], [60], [64], [12]
C4 |Passenger deboard helicopter s 60.95 [62], [63], [60], [12]
C5 |Passenger leave gate s 60.00
C6 |Passenger enter gate s 60.00
D2 |Speed of hover taxiing on Taxi-|m/s |3.06 [65], [59], [60]

way
D4 |Speed of passive taxiing device| m/s |2.06

on Taxiway
D5 |Time to mount passive taxiing de-|s 20.71

vice
D7 |Time to demount passive taxiing|s 20.71

device
D8 |Speed of active taxiing with mo-{m/s |2.98 [66]

tors at wheels
E1 |Starting Rotors S 4.67
E2 |Stopping Rotors s 21.18
F1 Initial hover s 14.55 [67], [65], [68], [69], [44]
F2 |Final hover s 22.19 [67], [65], [68], [70]
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ID Parameter Unit | Final Sources
weighted
average
F3 |Leaving Pad airspace s 25.71 [69]
F4 |Entering Pad airspace s 34.53 [69], [12]
F11 |A/C Separation S 26.00 [71], [72], [73]
G3 |Charging speed kW [404.46 [74], [68], [75], [76], [66],
[69]
G5 |Battery capacity of vehicle kWh | 135.83 [67], [77]
G10 |Energy loss due to inefficiency |% |7.60 [75], [69]

Table 7: List of literature and expert responses for final 24 parameters.

4.4. Stochastic modeling (results)

4.4.1. Skew distribution model outputs

The outputs from the Python script create factors produced skew normal distribution
curves for each expert response per parameter. Epsilon values per expert response and
are printed in table 8. Parameters with epsilon values of -1 or 1 indicate expert responses

that provided the value for expected as for minimum or maximum.

Expert Parameter |Unit Mu Sigma Epsilon
E1 C1 s 30.00 14.50 -0.17
E2 D4 m/s 2.78 1.04 -0.33
E2 D5 s 60.00 45.00 -0.33
E2 D7 s 60.00 45.00 -0.33
E2 D8 m/s 2.78 1.04 -0.33
E2 E2 s 60.00 22.50 -0.33
E3 D8 m/s 2.22 0.69 -0.40
E3 E1 s 5.00 1.17 -0.43
E3 E2 s 5.00 1.17 -0.43
E3 F1 s 30.00 15.00 -1.00
E3 F2 s 30.00 15.00 -1.00
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Expert Parameter |Unit Mu Sigma Epsilon
E3 F3 s 60.00 60.00 -1.00
E3 F4 s 60.00 60.00 -1.00
E3 F11 s 30.00 20.00 -0.50
E3 G3 kW 300.00 125.00 -0.58
E3 G5 kWh 215.00 61.67 0.08
E4 C1 s 180.00 120.00 0.02
E4 C4 s 120.00 60.00 0.01
E4 F2 s 60.00 22.50 -0.33
E6 D4 m/s 1.00 0.17 -1.00
E6 D5 s 5.00 15.83 -1.00
E6 D7 s 5.00 15.83 -1.00
E7 D5 s 60.00 45.00 -0.33
E7 D7 s 60.00 45.00 -0.33
E7 D8 m/s 2.00 1.00 0.00
E7 G5 kWh 100.00 37.50 -0.33
E7 G10 % 3.00 1.00 0.00
E8 F1 s 5.00 0.75 -1.00
E8 F2 s 7.00 0.75 -1.00
E8 F3 s 5.00 0.50 -1.00
E8 F4 s 7.00 0.75 -1.00
E9 A1 m 15.00 1.50 -0.78
E9 C4 s 10.00 5.00 0.00
E9 D4 m/s 3.00 1.00 0.00
E9 F3 s 60.00 75.00 -0.59
E9 F4 s 60.00 75.00 -0.59
E10 G3 kW 150.00 75.00 -0.32
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Expert Parameter |Unit Mu Sigma Epsilon
E10 G5 kWh 100.00 32.50 0.22
E10 G10 % 5.00 2.25 -0.11
E11 E1 s 3.00 4.00 -0.75
E11 E2 s 5.00 4.50 -0.11
E11 F1 s 2.00 2.00 -0.50
E11 F2 s 5.00 3.75 -0.33
E11 F3 s 3.00 2.00 0.00
E11 F4 s 3.00 2.00 0.00
E11 F11 s 10.00 13.50 -0.48
E12 G5 kWh 80.00 25.00 -0.19
E13 A1 m 50.00 17.50 -0.43
E13 A3 m 50.00 5.00 1.00
E13 A5 m 30.00 5.00 -1.00
E13 A7 m 30.00 5.00 -1.00
E13 C1 s 60.00 22.50 -0.33
E13 C4 s 60.00 22.50 -0.33
E13 D2 m/s 5.00 2.50 -1.00
E13 D4 m/s 2.50 0.63 -1.00
E13 F1 s 15.00 417 -0.20
E13 F2 s 15.00 417 -0.20
E14 B11 s 60.00 20.00 -0.50
E14 C5 s 60.00 20.00 -0.50
E14 C6 s 60.00 20.00 -0.50
E16 D2 m/s 7.22 1.39 0.20
E17 D8 m/s 4.47 0.60 -0.25

Table 8: Epsilon values created for each expert response per parameter.
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4.4.2. Normal distribution model outputs
The Python script aggregated_curves produced skew normal distribution curves for each

parameter according to each expert response. Outputs are displayed in figure 20.
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Figure 20: Normal distribution curves representing each parameter, classified by param-
eter IDs. As in Table 7, A1 is “Dimensions of Pad,” B11 is “Passenger walking from
holding place in terminal gate,” C1 is “Passenger board helicopter,” C4 is “Passenger
deboard helicopter,” C5 is “Passenger leave gate,” C6 is “Passenger enter gate,” D2 is
“Speed of hover taxiing on Taxiway,” D4 is “Speed of passive taxiing device on Taxiway,”
D5 is “Time to mount passive taxiing device,” D7 is “Time to demount passive taxiing

device,” D8 is “Speed of active taxiing with motors at wheels,” E1 is “Starting Rotors,” E2
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is “Stopping Rotors,” F1 is “Initial hover,” F2 is “Final hover,” F3 is “Leaving Pad air-
space,” F4 is “Entering Pad airspace,” F11 is “A/C Separation,”G3 is “Charging speed,”

G5 is “Battery capacity of vehicle,” and G10 is “Energy loss due to inefficiency.”

The graphs depicting aggregation from independent skew normal distributions per pa-
rameter are displayed in appendix 5. A3 “Dimensions of Gate,” A5 “Dimensions of
Stand,” and A7 “Dimensions of Taxiway” are not shown because each parameter only
has 1 response and whose minimum or maximum value equals the expected value. The
skew normal distribution is therefore inaccurate and consequently disables Python’s abil-

ity to find a best normal curve fit in aggregated_curves.

4.5. Vertiport simulation

As described previously in section 3.4.3, the population_generator outputs of taxi speed,
approach, departure, passenger walking time from terminal to gate, boarding time, and
deboarding time were the inputs for Preis’ vertiport simulation. There were four scenarios
conducted with the simulation, having the same starting population of 500 vehicles and
1000 passengers, and the same times between 6:00 and 22:00 but with other distinct
inputs. Scenario A, Baseline Deterministic, uses default parameters from previous work
as input for one run of the simulation. Calibrated Deterministic, scenario B, includes one
run of the simulation parameter values derived from the weighted-average combination
of expert responses and further literature review. Scenario C, Baseline for Stochastic
Variation, uses only the expected “mu” value as parameter values in the simulation for
one run of the simulation. Next, scenario D, Stochastic Variation of Parameters, consists
of 5 simulation runs from input values generated through Monte Carlo random sampling.
Lastly, scenario E, Stochastic Variation of Time, has 3 simulation runs in similar fashion
as Stochastic Variation of Parameters but with randomly generated times between 6:00
and 22:00. For each scenario, the passenger waiting times, passenger states, vehicle
states per hour of day, and occupancy states are shown for consistency in comaprison

and analysis.

4.5.1. Scenario A: Baseline deterministic
The outputs of passenger waiting times, passenger states, and vehicle states per hour

of the simulation are shown in figure 21.

Parameter Calibration and Stochastic Model Extension for an Agent-Based Simulation of Vertiport
Ground Operations 50



Distribution of Passengers Waiting Times

number of passengers

2-4 4-6 6-8 8-10 10-12 12-14
waiting time of passengers [minutes]

Passenger States

21 A —— total
waiting
—— movin
18 9
v 154
(U
o
c
o}
2 12 4
©
o
kS
g 97
Qo
€
3
f= 6 4
3 4
0 4
6 8 10 12 14 16 18 20 22
time in hour of day
Vehicle States
—— total
35 4 waiting
available
booked
moving
%]
(9]
<
<
[
>
«
o
@
Qo
€
=3
=

6 8 10 12 14 16 18 20 22
time in hour of day

Figure 21: Distribution of passenger waiting times, passenger states, and vehicle states
per hour of day for scenario A.
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Below is the printout of summary of states throughout the simulation (table 9). As
explained in figure 8, possible states for an element (pad, stand, or gate) is available and
occupied, for a vehicle, available, busy, waiting, and occupied, and for a passenger,

waiting and occupied.

Vehicle moving (%) 16.4

Passenger waiting (%) [22.6

Stand occupancy (%) 78.6

Pad occupancy (%) 25.7

Gate occupancy (%) 32.3

Table 9: Agent and element occupancy states for scenario A.

4.5.2. Scenario B: Calibrated deterministic
The outputs of passenger waiting times, passenger states, and vehicle states per hour

of the simulation are shown in figure 22.
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Figure 22: Passenger waiting times, passenger states, and vehicle states per hour of
day for scenario B.
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Accumulation of states for scenario B is shown in table 10.

Vehicle moving (%) 17.8

Passenger waiting (%) |35.5

Stand occupancy (%) 75.2

Pad occupancy (%) 37.7

Gate occupancy (%) 37.9

Table 10: Agent and element occupancy states for scenario B.

4.5.3. Scenario C: Baseline for stochastic variation
The outputs of passenger waiting times, passenger states, and vehicle states per hour

of the simulation are shown in figure 23.
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Figure 23: Passenger waiting times, passenger states, and vehicle states per hour of
day for scenario C.
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Accumulation of states for scenario C is shown in table 11.

Vehicle moving (%) 13.2
Passenger waiting (%) 18.3
Stand occupancy (%) 80.1
Pad occupancy (%) 19.1
Gate occupancy (%) 33.1

Table 11: Agent and element occupancy states for scenario C.

4.5.4. Scenario D: Stochastic variation of parameters

The 5 simulation runs of scenario D consists have very similar outputs and selected

agent and element states between each run are highlighted in table 12. Thus, for the

purposes of the future comparisons, only passenger waiting times, passenger states,

and vehicle states per hour graphs from the first simulation run are shown (in figure 24).

Run1 | Run2 | Run3 | Run4 | Run5
Vehicle moving (%) 12.2 12.2 12.2 12.3 12.2
Passenger waiting (%)| 18.1 18.3 18.0 18.2 18.2
Stand occupied (%) 80.2 80.1 80.2 80.2 80.2
Pad occupied (%) 20.2 20.4 20.1 19.7 19.8
Gate occupied (%) 33.3 33.4 33.5 33.5 33.6

Table 12: Selected agent and element states for 5 simulations runs of scenario D.
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Figure 24: Passenger waiting times, passenger states, and vehicle states per hour of
day for scenario D.
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Accumulation of states for scenario D is shown in table 13.

Vehicle moving (%) 12.2

Passenger waiting (%) 18.1

Stand occupancy (%) 80.2

Pad occupancy (%) 20.2

Gate occupancy (%) 33.3

Table 13: Agent and element occupancy states for 1 run of scenario D.

4.5.5. Scenario E: Stochastic variation of times

Scenario E contains 3 simulation runs, between which there are distinguishable
differences. Selected agent and element states between each run are highlighted these
runs are captured in table 14. For simple illustrative purposes, only the outputs of 1 run
are displayed in graphical form for passenger waiting times, passenger states, and vehi-

cle states per hour graphs (figure 25).

Run 1 Run 2 Run 3

Vehicle moving (%) 10.5 10.8 11.5

Passenger waiting (%)| 2.5 6.5 3.4

Stand occupancy (%) | 96.5 92.5 90.8

Pad occupancy (%) 19.9 19.8 20.2

Gate occupancy (%) 35.5 34.0 28.9

Table 14: Selected agent and element states for 3 simulations runs of scenario E.
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Figure 25: Passenger waiting times, passenger states, and vehicle states per hour of
day for scenario E.
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Accumulation of states for scenario C is shown in table 15.

Vehicle moving (%) 10.8
Passenger waiting (%) |6.5

Stand occupancy (%) 92.5
Pad occupancy (%) 19.8
Gate occupancy (%) 34.0

Table 15: Agent and element occupancy states for 1 run of scenario E.
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5. Discussion

To validate the deterministic model and verify the vertiport model, comparisons be-
tween critical scenarios are performed. Focus of the analysis will be firstly based on the
comparison between scenario A and B, scenario C and D, and scenario D and E. The
research objective in the first comparison is to portray the effect of calibrated parame-
ters of deterministic inputs, and the focus in the second and third comparisons is to de-
termine the necessity of a stochastic model in calibrating inputs for the vertiport simula-

tion.

5.1. Deterministic modeling (discussion)

Scenario A observes vertiport operational behavior according to the “baseline deter-
ministic” model, which used default parameter values from previous work as inputs.
Scenario B is the “calibrated deterministic’ model and uses parameter values that were
the averaged aggregation of experts’ estimated average values and further literature

research findings.

5.1.1. Comparison of scenarios A and B

The following are some expectations of results based on the inputs:

* Higher values for approach and departure times increase vehicle occupancy.

* Higher values for passenger processing time (walking time from gate to terminal,

boarding, and deboarding times) increases passenger waiting times.

Scenario B has higher approach and departure times as well as passenger processing
times than scenario A, so it is assumed that scenario B would have higher vehicle oc-
cupancy and passenger waiting times. The results correctly demonstrate the antici-
pated behavior. Upon first glance of the graphs (figures 21 and 22), it can be observed
that scenario B overall has more passengers waiting and generally more passengers in
the simulation. Vehicle occupancy is observed to increase as there are approximately 9
vehicles moving during the busiest time in the simulation in scenario B compared to ap-
proximately 7 vehicles moving in scenario A (confirmed by an 8% increase in overall
vehicle moving time). Furthermore, while around 12 passengers are in a waiting state
at the simulation’s peak hour in scenario A, approximately 18 passengers are waiting
during peak hour in scenario B. However, operational capacity increased in scenario B
as there are more total passengers during peak hour as in scenario A, and approxi-

mately 25% less passengers wait between 0-2 minutes in scenario B than in scenario
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A. Thus, it is concluded that both expectations are met and that overall occupancy of

vertiport elements increased by 14% (tables 9 and 10).

Scenario B succeeded in using calibrated input parameter values to observe crit-
ical effects in vertiport operations and provide sensible insight to the simulation.
While it is definitely worthwhile to conduct more trials similar to this comparison to gain

greater insight, this achieves the goal of both validating the deterministic model and

verifying the vertiport model.

5.2. Stochastic modeling (discussion)

Scenario C is the “baseline for stochastic variation” model, which uses stochastically-
derived expected parameter “mu” values as inputs, and scenario D is the “stochastic
variation of parameters” model which consists of 5 simulation runs using Monte Carlo-
randomized parameter values as inputs. Firstly, the 5 simulations of scenario D were
compared between each other to learn about the effects of Monte Carlo simulations on
normal distributions. The expected behavior is small differences between each simula-
tion, as the Monte Carlo technique usually results in an even, randomized distribution.
Through comparing the occupancy levels between the 5 simulations in scenario D, this
hypothesis was proven correct (table 13). There is less than 1% difference in any of the
agent waiting and element occupancy levels between any two of the runs in scenario
D. Therefore, the first run will be used as a representative simulation of scenario D in

the comparisons going forward.

5.2.1. Comparison of scenarios C and D
The following are some expectations of results based on the inputs:
* Very similar agent and element occupancy levels in both scenarios.

* Similar values for passenger processing times in both scenarios.

The assumptions are made due to the nature of Monte Carlo’s method of random sam-
pling and the normal distribution curves. In the same way that runs between scenario D
do not differ greatly, runs between C and D should not differ much either. This was
proven to be true when observing the nearly identical-looking graphs (figures 23 and 24)
and observing the occupancy outputs of both scenarios (tables 11 and 13). Between
scenario C and first Monte Carlo run of scenario D, there is only a 2% increase in occu-
pancy across vertiport element levels. Additionally, passenger waiting times decreased

by 1% from scenario C to D, implying similar passenger processing times. Through
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observing the graph printouts from both scenarios, they look almost identical. Therefore,

it is concluded that scenarios C and D produce similar results.

In answering the research objective of determining the impact of stochastically-gener-
ated input parameters in the simulation, the conclusion is that the stochastic model
with only parameter variation does not provide new information on vertiport oper-
ational behavior and is therefore unnecessary. However, this observation can also
be due to the fact that agents did not really interact with each other since capacity was
not reached. Another reason could be that both scenarios used the same times, so dis-
tributions of agents and availability of elements are nearly identical. Therefore, it is useful
to perform another comparison between scenario D and scenario E, which has varied
times, to comment on the impact of stochastic modeling for determining vertiport opera-

tional behavior in this simulation.

5.2.2. Comparison of scenarios D and E

Scenario E represents a time-varied version of scenario D. However, whereas scenario
D has 5 simulation runs, scenario E has only 3 runs. In these 3 simulation runs, the ob-
jective is to observe whether or not a difference in time plans changes the vertiport’s
operational behavior. The occupancy levels between the 3 simulations in scenario E
experience little variation, within 1% for pad occupancy and within 7% for stand and
gate occupancy. However, there could be value in generating more simulations with
varied times to analyze the general trend of element occupancy. Additionally, passen-
ger waiting times fluctuate within a difference of 4%. These differences serve as a nec-
essary background for the comparison between scenario D and scenario E and under-

line the effects of varied times on stochastic modeling for vertiport operations.

The following are some expectations of results between scenario D and E:
* They have similar global behavior and different local behavior for:
- Element occupancy levels

- Passenger processing times

Due to having the same inputs and only differing in time distributions, this comparison
is expected to have varied arrivals and departure characteristics yet similar overall be-
havior. When first looking at the graphs of scenarios D and E, there are similar global
trends in the passenger waiting times and passenger states graph, and different global
trends in the vehicle states (figures 24 and 25). This points to the conclusion that pas-
senger processing times differ globally. Additionally, through comparing and con-

trasting the occupancy outputs of both scenarios (tables 13 and 15), it can be
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concluded that the first assumption holds while the second is refuted. Compared to
scenario D, element occupancy levels increased by a margin of 4% but passenger
waiting time decreased by 64% in scenario E. However, it is interesting to note that
while there are approximately 900 passengers who experience a waiting time between
0-2 minutes in scenario D, that range is 0-1 minute in scenario E. Also, in scenario D,
there is a higher number of total passengers while in scenario E, there are less but
more peak time intervals throughout the day. For vehicle occupancy, scenario D pro-
duces an hour where no vehicles are available while in scenario E, there are vehicles
available at any given hour. Given all these differing characteristics, it seems that
global behavior between the graphs display similar trends while their local behaviors

vastly differ.

As there are quite a few differences in the occupancy levels and passenger processing
behaviors, scenario E offers new insight on vertiport operations due to varying time dis-
tributions from scenario D. Since scenario E contains 3 simulation runs, it would be
worthwhile to conduct further trials to gather more observations to draw more devel-
oped results. However, within the limitation of this study, the conclusion is that a sto-
chastic model with varying times is useful in providing a greater, critical under-
standing of the vertiport model and is therefore necessary in generating an accu-

rate portrayal of vertiport operational behavior.
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6. Summary

The purpose of this thesis is to extend an existing vertiport model by calibrating input
parameters through stochastic extensions and observing the effects in the simulated
operations. Along with an introduction of “Urban Air Mobility” (UAM), it was illustrated in
the state-of-the-arts section that emerging technologies for advanced transportation is
important for urban development and environmental health. As such, the subject of
UAM became increasingly scrutinized and UAM infrastructure was discovered to be a
critical factor in actualizing its operations. Literature deemed this area of research to be
lacking and consequently an increased interest in this topic was recently developed.
This particular study extends Preis’ agent-based vertiport simulation framework, a Py-
thon model which simulates vertiport ground operations using input parameters related
to vertiport operations. In order to calibrate input parameters, scientific interviews were
organized in which experts from relevant industries were asked to provide their
knowledge about UAM and give recommendations for the vertiport model. Experts
were also asked to prepare estimations of critical operational parameters through giv-
ing minimum, expected, and maximum values as well as the confidence of their an-
swers for each parameter. These responses were then used to create both a determin-
istic and stochastic model for generating calibrated input values. Through the iterative
interview process, an original list of 82 parameters from previous work was also con-
densed to a list of 24 critical parameters to be considered in the deterministic and sto-

chastic models.

The deterministic model was created through a weighted averaging method of values
obtained through literature and experts’ estimated expected values. Furthermore, the
stochastic model was derived from mathematical concepts of normal distribution and
skew normal distribution. To achieve this, Python scripts were written to model the ex-
pert responses in skew normal distributions, and then to aggregate responses per pa-
rameter into normal distributions. The output was then further processed by using

Monte Carlo simulations to be prepared into input files for the vertiport simulation.

Results from the vertiport simulation suggest that a calibrated deterministic model is nec-
essary as it validates the model and verifies the vertiport simulation. It is also discovered
that the stochastic model with varying parameter and time inputs provides more insight
into the behavior of vertiport operations than that with only varying parameter inputs.

Therefore, both the deterministic model and varied-time stochastic model achieved the
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purpose of this study to provide calibrated inputs as an extension for the vertiport simu-

lation framework.
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7. Future Work

Throughout this study, there were various limitations noted. An obvious constraint is
the number of experts interviewed, their fields of expertise, and the selection of param-
eter values available in online scientific literature. Since experts in this study were
drawn from personal connections, community networks, or social media such as
LinkedIn, interviewed experts were limited to only those who responded to an invitation
for interview. Specifically, the parameter value “battery swapping” was not able to be
provided from this study’s interview series. As UAM is a dynamic field, another limiting
factor were experts who were unwilling or disallowed to participate due to non-disclo-
sure agreements with their companies. Future research can consider interviewing a
higher number of experts from more varied academic backgrounds to gather more in-

formation and increase the quality of data obtained.

Operational parameters are the main inputs the vertiport model uses to simulate the
behavior of ground operations. Therefore, as the vertiport simulation framework devel-
ops further and expands to reflect more operational behaviors, there is also the need to
expand the list of critical parameters in vertiport operations and consequently the list of

parameter inputs into the simulation.

The methods used to create the deterministic and stochastic models are limited in por-
traying data in their unique, specific ways. Therefore, there is value in applying different
methods to establish both kinds of models through other mathematical means to arrive
at different representations of data. Comparing result from different forms of data pro-
cessing can afford new perspectives on data distribution and, consequently, different

stochastic derivations of data used as inputs of the vertiport simulation.

It is also recommended for future work to perform more simulation runs of the scenar-
ios, especially scenario E, to gather more observations. To reiterate, the purpose of
scenario E was to understand the effects of varied times on stochastic modeling. While
scenario A-D seem to attribute similar characteristics within the runs of each respective
scenarios, scenario E displayed varied behavior in vertiport operations. Therefore,
more runs would increase the quality of analysis thereafter. Additionally, there could be
various new scenarios such as ones where there are both varied times and input pa-
rameters across the different scenarios to discover new operational effects and behav-

iors of the simulated vertiport.
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Appendix

Appendix 1 displays the interview guide that was used by the 7 experts who participated

in the second round of interviews.

Interview guide for semi-structured expert interviews on

Novel Helicopter Airport Operations
(Vertiports)

Date of Interview:

Introduction to

v Interviewer Lukas Preis / Susan Cheng
v' Research Institute Bauhaus Luftfahrt
v (if necessary or helpful) Advanced Air Mobility

Part I: General information

P1Q1 | Consent for publication of statements Sign form and start voice recording

P1Q2 | Name of interviewed person

P1Q3 | Affiliation

P1Q4 | Background/Field of work

P1Q5 | Years of experience

Part II: General discussion of Advanced Air Mobility'
P2Q1: What is your definition of Advanced Air Mobility (AAM)?

Interviewer gives his definition of AAM for reasons of comparability of answers to other
experts; the following questions may be answered on the basis of the definition given
by the interviewer.

P2Q2: Will we see UAM in the envisioned large scale becoming reality (100s-1000s of
vehicles in one city)? If yes, when will this be?

P2Q3: Where do you see the greatest potentials of AAM?
P2Q4: Where do you expect the biggest hurdles for the implementation of AAM?

*In the past five years the term ,Urban Air Mobility" was very popular, but because of the shifting focus on
applications outside purely urban areas NASA has recently coined the term “Advanced Air Mobility”

Page 10of 2
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Part lll: Vertiport model and parameter discussion

The Interviewee will be shown groups of parameters, which the interviewer will explain. For
each group of parameters, the following questions may be asked.

P4Q1: Which parameter of the group of parameters would you believe to be most influential
from an operational perspective?

P4Q2: What other parameters would you find worthy to be considered?

e
o

3

*

Part IV: Parameter Estimation

After the interview the interviewee will be provided with a list of parameters discussed in part
1l with the request to fill out the template to the best of his/her ability. The structure of the
template is presented below.

P4Q1: What is your estimated value for each of the previously mentioned parameters?
P4Q2: What would be a minimal value?
P4Q3: A maximal value?

P4Q4: How confident are you about your answer (1 = very sure, 2 = sure enough, 3 =
educated guess)?

Parameter Unit | Estimation | Minimum | Maximum | Confidence

End of Interview

» s there anything you would like to add at this point, which has not been addressed
here but you consider as essential when thinking about the topics above?

» A summary of anonymized results from all interviews will be shared with you prior to
publication!

Thank you for your time!

Page 2 of 2
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Appendix 2 presents the groups of parameters related to vertiport operations that were

introduced to the experts in the second round of interviews.

Boarding

Time starts

Time ends

Passenger starts
walking from waiting

Passenger steps
through door leaving

Pad

- Bl Terminal to gate area in terminal the terminal and
Terminal towards airfield enters airfield
Passenger starts Passenger steps
c1 Enter gate walking within airfield | through entrance door
,,,,,,,,,,,,,,, towards gate of gate
| Airfield 1
i ! Passenger steps
i I Passenger starts .
‘ 1 C2 Leave gate walking away from the through door leaving
) 1 ) the airfield and enters
; 1 vehicle .
‘ ( ) ‘ the terminal
; 3 Passenaer stens into Passenger is buckled
} I C3 Boarding g P up and ready for
‘ ‘ the vehicle
i [ takeoff
1 1
i ; Passenger unbuckles | Passenger exits the
1 J c4 Deboarding and begins to gather | vehicle and steps onto
"""""""""""""" belongings the ground
Time starts Time ends
TaXII ng E1 Start engine Engine is off g&%‘gg s ready for
‘ E2 Stop engine E)ng;n;zz\::; begins Engine is off
Hover Wheels Passive py | Hovertaxing |
R speed
3 D2 Passive taxiing |
speed
——
= Time to mount Vehicle is stationary Vehicle is attached to
_ > D3 passive taxiing ) passive taxiing
( @ £ device at mount location device
Time to de-mount Z:g zlﬁelj fr;?;jy fobe Vehicle is freed from
D4 passive taxiing assive taxiin passive taxiing
device zevice g device
*
H Active taxiing
D5 -
speed
*Interchangeable with Gate, Stand, or
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ApproaCh & De pa rtu re Time starts Time ends

Engine is ready for

E1 Start engine | Engine is off
D rt A h takeoff
eéparture H pproac Engine power
E2 Stop engine | begins to be Engine is off
reduced
F1 Initial hover Vehicle wheels stop | Vehicle begins
touching the ground | ascent
gthe g
. . Vehicle stops Vehicle wheels
F2 Final hover descent touch the ground

Enter Vehicle breaks out ) )
F3 of stabilized hover Vehicie exdis pad

§ airspace
( ) Vehicle finishes

F4 !.eave Vehicle is ready to descent and
airspace enter pad o
transition into hover

Engine is at normal | Engine is at inactive

Al
Irspace FS Cooldown flight temperature state temperature
*Not for taximode hover
Energy
» Charging » Swapping
G1 | Charging speed
_ G2 | Battery capacity of vehicle
G3 | Energy loss due to
C inefficiency
H1 | Swapping time

Appendix 2: Groups of vertiport operation parameters presented to experts during inter-

view.
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Attached to appendix 3 are selected slides from the sneak peek of results that were

presented to all 17 experts who patrticipated in the interview series.

Will UAM Come?

» Criterion: number of total vehicles in one metropolitan area is in the 100s to
1000s

» Is it coming? = 14 yes, 2 no, 1 unanswered
» When will it come? - 2030 earliest, 2060 latest
» Median estimation of the year: 2035

What is most critical for vertiport operations?

» From the previous slides, the
parameters selected as most H @
important:

1. Dimensions of pad, gate, stand g
2. Charging speed T
3. Speed of passive taxiing device on l X
taxiway

What is most critical for vertiport infrastructure?

» Experts identified the following
elements to be most critical for the

o =0k
1. Pad N\ 4

2, Stand

3. Gate / Battery charging @ S Toree

Appendix 3: Selected slides from sneak peek for expert interview participants.
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Appendix 4 contains an example of the elimination process of parameters referenced in

section 3.2 “parameter determination.”

ID Parameter Comment Final Action

C9  |Safety instruction of passenger |Takes up time before departure Aggregate with boarding

C11 |Store Luggage Takes up time before departure Aggregate with boarding
General Safety Check Takes up time before departure Aggregate with boarding

C12 |Unloading luggage Takes up time after landing Aggregate with deboarding

The emphasis is the time it takes for the physical
airspace to be available, pick a name closer to that
F11 |Cooldown meaning Renamed to A/C Separation
H2  |Number of standards If does not affect vertiport operations, discard Discard

Routine vehicle maintenance
17 necessary after number of flight |If not critical, discard Discard

Number of operations before
J3 cleaning taxiway is necessary If not critical, discard Discard

Number of operations before
14 cleaning pad is necessary If not critical, discard Discard

Appendix 4: Comparison of parameter versions.
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Aggregated Curves for Parameter F4
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Appendix 5: Skew normal distribution curves (blue) aggregated into normal distribution

curves (red) per parameter.
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