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CHAPTER 1 INTRODUCTION

Well-integrated Urban Air Mobility (UAM) has promising advantages in rapid package delivery,
fast emergency response, and efficient ridesharing service. UAM envisions a safe and efficient
aviation transportation system that will enable automated transportation of passengers and goods
within urban and suburban areas [1]. However, a multitude of challenges arise from the
implementation of UAM. First, Unmanned Aerial Vehicle (UAV) is out of the scope of the current
airspace infrastructure. A new airspace infrastructure is required to be built for this new alternative
transportation option. Second, the continued development and incorporation of the Unmanned
Aircraft System (UAS) Traffic Management (UTM) into the National Airspace System is required
[2]. Third, it is challenging to integrate UAS into the current ground transportation system while
ensuring the safety of humans, animals, ground vehicles, and aerial vehicles [3]. Fourth, a real-
time risk assessment framework for UAS is required to ensure safety. Fifth, the real-time path
planning algorithm for UAV is needed to minimize the operating cost of UAV and avoid accidents,
such as the collision between UAVs and the collision between UAVs and obstacles (e.g., birds).
Overall, it takes huge efforts to implement UAM.

We aim, in this report, to tackle the third and fifth challenges mentioned above. One of the
solutions is to promote the ride-sharing service of the air taxis defined in Table I. The goal of the
air taxi service (i.e., the ridesharing service of the air taxis) is to help people move around the city
in a quick, safe, sustainable, and cost-effective manner. United Airlines has made one of the most
recent air taxi acquisitions; it has already put down a $10 million deposit as part of a $1 billion
partnership with Archer Aviation, an air taxi manufacturing company [4]. In 2023, Archer aims to
begin mass producing its electric vertical take-off and landing (eVTOL) aircraft which is designed
to travel up to 60 miles on a single charge at speeds of up to 150 miles per hour (mph) [5]. In 2024,
Archer’s goal is to launch the air taxi service to reduce carbon emissions and traffic jams in urban
cities such as Los Angeles and Miami [6]. Archer plans to charge $3.00-$4.00 per user per mile.
In other words, by taking an air taxi, a user would pay about $50 to travel between Manhattan and
JFK International Airport in Queens [6]. Aside from United Airlines, American Airlines and
Boeing are also investing heavily in the future of UAM. Wisk was formed in 2019 through a joint
venture between Boeing and Kitty Hawk Corp., an eVTOL aircraft manufacturer co-founded by
Larry Page (co-founder of Google and Alphabet Inc.). Boeing invested a further $450 million in
Wisk, developing pilotless eVTOL aircraft with a capacity of three to four passengers for short-
range rides in cities [7]. American Airlines made a $25 million investment in Vertical Aerospace
[8]. Vertical Aerospace is another air taxi manufacturing company that is developing VX4, a zero-
carbon eVTOL aircraft that can carry four passengers and a pilot and fly at speeds of up to 202
mph over a range of over 100 miles [9]. American Airlines has agreed to pre-order up to 250
aircraft, representing a potential pre-order commitment of $1 billion, and an option to order an
additional 100 aircraft [8]. The U.S. Air Force is also involved in the development of the air taxis
for military use [7]. Overall, it is promising to launch the air taxi service within the next few years.
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The idea of developing the ridesharing service of the air taxis is inspired by the success of
the ridesharing service of ground vehicles. Transportation Network Companies (TNCSs), such as
Uber, Lyft, and Didi, have fundamentally transformed the mobility in many cities by providing
on-demand door-to-door transportation through mobile applications [10]. On-demand ridesharing
has been known as an effective way to meet dynamic travel needs and reduce air pollution and
traffic jams while significantly reducing the number of required vehicles [12], [13]. Agent- based
optimization results of New York City Taxi and Limousine Commission (NYC-TLC) database
show that the switch from traditional taxis to shared autonomous vehicles does not compromise
service quality (in terms of user waiting time) and can reduce the fleet size by 59%. The benefit of
ridesharing is significant with increased occupancy rate, decreased total travel distance (up to 55%),
and reduced carbon emissions (up to 866 metric tons per day) [13]. Based on the success of the
ground Mobility-on-Demand (MoD) systems defined in Table | led by TNCs [14]-[16], it is
reasonable to envision the success of the Air Mobility-on-Demand (AMoD) system that
incorporates the ridesharing service of the air taxis. The air taxi service extends the application of
on-demand door-to-door transportation to on-demand skyport-to-skyport (defined in Table 1)
transportation. Compared to ground vehicles, air taxis use three-dimensional airspace by adding
vertical space to improve the mobility of a transportation system. Additionally, the air taxis are
anticipated and designed to be more energy-efficient, safer, and quieter than any modern helicopter
[3], [9], [17]. Therefore, the air taxi service will result in positive impacts on the efficiency and
usage of the transportation system in urban and suburban areas.

Table 1.1: Common terminologies in air taxi transportation

Term Definition

Mobility-on-Demand  MoD systems can provide users with a reliable mode of transportation

(MoD) Systems that is catered to the individual and improves the access of the disable to
the mobility, reducing the waiting time and stress associated with travel
[11].

eVTOL Electric vertical takeoff and landing (eVTOL) technology is similar to

that of a helicopter, allowing air taxis to lift and land vertically or
maneuver at precise vertical angles between the buildings and other
obstacles in metropolitan cities [3].

Air Taxis Small and eVTOL aircraft that are expected to transport on-demand
users in metropolitan cities, with an average capacity of four [3].

Vertiport A large, centralized hub with facilities for customer pick-up or drop-off,
charging, maintenance, and several docking stations for air taxis [3].

Vertistop A site dedicated only for customer pick-up or drop-off, with no support
infrastructure, such as charging stations [3].

Skyport A common term used for referring to both vertiport and vertistop [3].
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In this report, the Air Taxi Ridesharing Problem (ATRP) refers to the challenge of
efficiently and effectively providing on-demand air taxi service to users. The stakeholders include
users, air taxi manufacturing companies (e.g., Volocopter and Joby Aviation), and ridesharing
request platform (e.g., Uber Elevate). The goal is to optimize the use of available air taxis and
minimize the number of empty seats during flights, while also providing a convenient and
affordable mode of transportation for the users. In the ATRP, each user provides an origin-
destination pair, and desired departure and arrival time. The users are willing to share flights with
others to reduce flight costs but also value convenience and fast travel time. The challenge is to
develop algorithms and systems that can assign the users to the air taxis with compatible routes
and schedules to minimize the users’ travel time and cost. The ATRP involves multiple
considerations, such as aircraft scheduling, user matching, route planning, and pricing strategies.
It also requires addressing various technical, logistical, regulatory, and economic challenges, such
as managing demand variability, ensuring safety and reliability, optimizing operational costs, and
complying with regulatory requirements. Overall, solving the ATRP requires a multidisciplinary
approach that combines expertise in aviation, transportation, data science, operations research, and
economics.

The ATRP is similar to the Dial-a-Ride Problem (DARP) (i.e., an optimization problem
that involves designing efficient routes for a fleet of vehicles to serve a set of users with specific
pickup and delivery requests [18]). In DARP, each user has a specific pickup location, destination,
and time window in which they must be picked up and dropped off. DARP refers to design a set
of routes for the ground vehicles to pick up and drop off the users in such a way that the total
distance traveled by the ground vehicles is minimized while satisfying the constraints of the
problem. The DARP is a computationally complex problem due to its combinatorial nature and
the large number of constraints that must be satisfied [18]. The problem becomes even more
challenging when additional constraints such as vehicle capacity, time windows, and priority levels
are added. The DARP has various practical applications, such as designing transportation services
for the elderly or disabled individuals, optimizing school bus routes, or planning parcel delivery
routes. Solving the DARP requires sophisticated optimization algorithms and mathematical
models that can efficiently generate feasible and optimal solutions, taking into account the various
constraints and uncertainties involved.

While both the ATRP and DARP involve optimization and are computationally complex
due to the combinatorial nature and large number of constraints, there are several key differences
between them.

e Vehicle type: In the ATRP, the vehicles are air taxis, while in the DARP, the vehicles are
typically buses, cars, or other modes of ground transportation.

e Mode of transportation: the ATRP involves air transportation, while the DARP typically
involves ground transportation.

e Spatial constraints: the ATRP typically has fewer spatial constraints since the UAVSs can
travel in a straight line between origin and destination points, while the DARP involves
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navigating through road networks and dealing with traffic congestion, one-way streets, and
other spatial constraints.

e Time windows: In both problems, passengers have specific pickup and delivery time
windows. However, in the DARP, the time windows are typically shorter and more
restrictive since ground vehicles need to navigate through traffic and may have multiple
stops on a single route. In the ATRP, the number of stops of a ridesharing flight is
minimized to save the electric energy of the air taxis because the electric energy
consumption is much higher during the take-off and landing phase of the air taxis than
during the in-flight phase.

e Safety constraints: the ATRP considers safety as an important factor because any collision
will result in huge damages to the users, environment, and the air taxi, while the DARP
does not emphasize safety because it is easier to recover from ground traffic accidents than
aviation accidents and incidents.

Overall, both the ATRP and DARP involve complex transportation optimization challenges, but
they differ in terms of the mode of transportation, spatial constraints, time windows, and safety
constraints.

The rest of this report is structured as follows. Chapter 2 investigates related research.
Chapter 3 defines the multimodal transportation network and formulates the Mixed Integer
Bilinear Programming (MIBLP) model. Chapter 4 demonstrates the optimization results and
validates the effectiveness and robustness of the proposed MIBLP model. Chapter 5 discusses the
study conclusions and future research, and Chapter 6 presents the USDOT performance indicators.
The study outcomes and outputs are listed in Chapter 7.
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CHAPTER 2 LITERATURE REVIEW

Ground Mobility-on-Demand (GMoD) systems typically provide carsharing, ridesharing,
ridesourcing services, and electronic hailing (e-hail) services [19]. Carsharing means that the user
can have short-term access to a shared automobile such as Zipcar. Ridesharing, also known as
carpooling and vanpooling, involves users that share a vehicle for trips with common origin,
common destination, or both, to reduce the number of vehicles on the road. Ridesourcing services
provide prearranged and on-demand transportation services. Users relate to drivers of personal
vehicles by using smartphone apps, such as Uber. E-hail services allow users to book public
transport services through smartphone apps. For example, e-Hail allows a user to use NYC-TLC-
licensed apps to hail a yellow taxicab or Street-Hail Livery (green taxi) using metered rates of fare.
E-Hail only refers to the yellow and green taxis in New York City. Similar to the ridesourcing
services, e-hail apps facilitate electronic payment and real-time matching of users to drivers [19].

In the Air Mobility-on-Demand (AMoD) system, trip origin, destination, and schedule are
dictated by the users. The travel time of UAVS is expected to be a fraction of that of cars. We
propose a mathematical model for air ridesourcing services that use smartphone apps to connect
the users and the unmanned air taxis. The users use smartphone apps to send air taxi requests to
the ridesharing request platform which distributes the air taxis to the users and provides the optimal
path of the air taxis. Similarly, ground ridesourcing services use smartphone apps to bring
passengers in contact with Autonomous Vehicles (AVs) or drivers who typically drive part-time
and use their private cars [19]-[21]. Our AMoD system is different from the ground ridesourcing
services in the following areas. First, our AMoD system provides real-time matching of the users
to the air taxis and does not offer prearranged flights. Second, any ground location can be the origin
or destination of the users with the ground ridesourcing services. In our AMoD system, the users
can only choose the origin or destination from a fixed set of the locations of available skyports.
Third, safety is an important factor in our AMoD because the injuries caused by aviation accidents
and incidents are much more severe than those caused by ground traffic accidents.

Published literature on the AMoD system addresses six main problems: (i) air taxi design
and configuration [22]-[28]; (ii) demand estimation [29]-[32]; (iii) skyport design and location
[33]-[37]; (iv) ride-matching that is the assignment between groups of users and air taxis [38]—
[41]; (v) airspace structure and regulations [42]- [48]; and (vi) environmental effects [49]-[51]. In
this report, the proposed MIBLP model aims to address the joint problem of Air Taxi Assignment
(ATA) and Air Taxi Path Planning (ATPP). We name the joint problem as Air Taxi Assignment
and Path Planning (ATAP). The ride-matching or assignment problem has been studied [3].
However, limited published work addresses the path planning problem of the air taxis. With the
advancement of the Global Positioning System (GPS) technology and the increasing number of
smart devices, several dynamic path planning algorithms that compute multiple possible paths and
determine the best path for traffic in a systematic way are proposed in [52]-[64]. The majority of
these works present real-time path planning strategies for UAVs without the ridesharing
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characteristic (e.g., search-and-rescue UAVs, military UAVs, and parcel delivery UAVS). Future
research could focus on adapting these models to develop cost-effective real-time paths according
to the number, location, battery level, and maintenance condition of the air taxis, and the
information of the users’ air taxi requests (e.g., pick-up/drop-off skyport location, pick-up time,
and willingness to ridesharing) [3]. After the drop-off of each user (i.e., the completion of each
request), dynamic decisions must be made based on the state of the air taxi (e.g., active, idle, under
maintenance check, and battery change). The dynamic path planning algorithm of the air taxis is
required to ensure the optimality of UAS [3]. In the proposed MIBLP model, two states of the air
taxis (i.e., active, and idle) are considered to make dynamic decisions on the assignment and path
planning of the air taxis.

The real-time assignment and path planning of ground taxis and ground autonomous taxis
have been well studied [65]-[76]. Relatively fewer published articles address real-time assignment
and path planning of air taxis. As such, the current study investigated strategies of the GMoD
ridesharing problem for references. A majority of the state-of-the-artwork solves (i) the assignment
problem between the ground (autonomous) taxis and the users; and (ii) the optimal path problem
of the ground (autonomous) taxis separately. Some work only solves the assignment or the optimal
path problem. Only the optimal path problem is addressed in [65] by integrating a Mixed Integer
Linear Programming (MILP) model to find the optimal paths, a machine-learning model to predict
zone-to-zone demand over time, and a Model Predictive Control optimization to relocate idle
vehicles. The objective is to serve all requests and minimize the average waiting time, while
satisfying the constraints of ride duration and vehicle capacity. The strategy presented in [65] only
ensures the optimal paths; the ride-matching results may not be optimal. The assignment problem
is solved at first by using one mathematical framework, and then the path planning problem is
solved based on the assignment results by using another mathematical framework in [66]. First,
potential paths are found based on the origins and destinations of the users and the locations of
ground vehicles. Then, the algorithm starts from a greedy assignment and is improved through a
constrained integer linear programming model, converging to the optimal assignment over time.
Lastly, the optimal paths are determined based on the optimal assignment results [66]. The vehicle
assignment and path planning problems are also solved separately in [67].

The path planning problem is solved first by using a Markov decision process considering
idle vehicle re-balancing with properly designed states, actions, and rewards [67]. Meanwhile, by
sampling the future requests according to the historical probability distribution, the look-ahead
decision making is realized via a framework composed of a convolutional Neural Network and a
double deep Q-learning module. Lastly, the assignment problem is solved according to the
immediate reward and future gains obtained from the vehicle path planning results in [67]. Overall,
optimality is not ensured when the assignment problem and the optimal path problem are solved
separately because the ride-matching results and the vehicle paths are correlated. When the
assignment problem and the path problem are solved separately in [65]-[67], it is uncertain that
the combined results of the two separate results (i.e., the optimal assignments and the optimal paths)
are the optimal solution of the joint problem.
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The assignment and path planning problems of ground (autonomous) taxis are solved in
one mathematical model in [73]-[76]. A reservation system for autonomous taxi ridesharing is
designed. Autonomous taxi ridesharing schedules and depot locations are optimized in [73]. In the
proposed MIBLP model, a reservation system is not considered, and the depot locations of the air
taxis are fully determined by the users because of the limited number of available skyports in a
metropolitan city. In [75], a Vehicle Shareable Network (VSN) representing the solution space of
all possible paths of the autonomous ground taxis is constructed at first. Then, an integer
programming model is used to find the optimal assignment and path of the autonomous ground
taxis in terms of energy conservation based on the VSN. In particular, the effects of vehicle load
(i.e., a ratio of the capacity of a vehicle to the number of passengers) and vehicle type on fuel
consumption are considered in the optimization. Note that the ridesharing feature is not considered
in [75]. Inspired by [73] and [75], the electric energy consumption of the air taxis during different
flight phases is incorporated into the objective function of the proposed MIBLP model.

A ridesharing Integer Linear Programming (ILP) model is designed for a closed
community of companies for scheduled commuter and business trips in [74]. It is reasonable to
optimize the choice of meeting-points and car parking points because (i) the users can be a rider
or a driver; (ii) it is easy to find a parking spot on the ground; and (iii) the users will return to their
origins. Comparing the ILP model with our proposed MIBLP model, the MIBLP model does not
limit the users to be employees of nearby companies, and no fixed schedules of ridesharing
requests are available. Anyone can be the user, so our model is not only designed for commuter
and business trips but also for other purposes (e.g., travel). There should be no return restrictions
in our model because the users may not return to the take-off skyports. In the ATAP, each user can
use different ground transportation modes (e.g., bus, car, and walk) to go to the take-off skyport,
and the users may not come back, so there is no need to optimize the car parking point in the
MIBLP model. Regarding the meeting-points optimization, the meeting-points in the MIBLP
model are the locations of skyports. The location of a skyport is dependent on the noise level of
the air taxis, the available area of skyport construction, the distance between the skyport and busy
areas in a city, and government regulations [33]-[37]. Therefore, the meeting-points cannot be any
locations and so cannot be optimized based on the air taxi requests in the MIBLP model. The
skyport design and location is another research focus of the AMoD system. In this report, we only
focus on the air taxi assignment and path planning problems and assume that the locations of
skyports are known and fixed.

There are several challenges to formulate the mathematical model of the air taxi service.
First, by integrating aerial and ground transportation systems, the computational complexity will
increase accordingly. The model needs to include different sets of variables to differentiate
between the ground transportation problem and the air transportation problem. The ground
ridesharing service uses any location as an origin or destination, whereas the air taxi service will
use existing infrastructure, such as airports and helipads, or newly constructed skyports. The
locations of the skyports require the users to use ground transportation tools first to reach the take-
off skyports of the air taxis, then take the air taxis to the users’ requested landing skyports, and
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finally use ground transportation tools again to reach the users’ final destinations on the ground.
Note that a detailed explanation of the multimodal transportation network is presented in Section
I11-A. The multimodal transportation network implies that different sets of variables need to be
considered in the mathematical model. Second, it is challenging to solve the real-time assignment
problem of the air taxis by using a mathematical model. The assignment results affect the air taxis’
operating cost and the users’ travel cost including ground transportation fare, flight fare, and time
cost. Thus, the underlying combinatorial nature of the assignment problem between the air taxis
and the users is challenging to be accounted into the mathematical model when the problem size
is huge. Third, the other challenge is to find the optimal and collision-free paths of the air taxis.
The objective is to minimize the operating cost of the air taxis, to guarantee the service quality,
the aerial transportation efficiency, and the safety of the air taxis and the users. Thus, it is important
to account for not only the optimal paths but also the collision-free paths of the air taxis in the
mathematical model. In sum, the underlying computation framework of the air taxi service is
crucial and complicated. We aim to propose a mathematical model that can not only efficiently
assign the air taxis to the users but also efficiently find the optimal paths of the air taxis.

The study combines ATA and ATPP problems for two reasons. First, the stakeholders of
ATA and ATPP problems are users, air taxi manufacturing companies and ridesharing request
platform. ATA and ATPP problems are both related to revenue. Non-optimal assignment and paths
of the air taxis will lead to longer flight time which increases the operating cost of air taxis and
decreases the service quality of TNCs. Second, from the analytical perspective, the optimality of
distributing and using air taxis is ensured by solving the joint problem (ATAP). When ATPP
problem is solved before ATA problem, if there are many new air taxi requests from skyport A to
skyport B at time t, the pre-solved paths will not work in this case due to the capacity limit of each
route and the availability of air taxis at skyport A at time t. If not, many air taxis are not available
at skyport A, the waiting time of the users will increase, leading to low service quality. Another
case is that when ATA problem is solved before ATPP problem, if the pre-solved assignment is
that at time t, air taxi 1 is assigned to user 1 (from skyport A to B), and air taxi 2 is assigned to
user 2 (from skyport A to B), the current location of air taxi 1 and 2 is skyport A and C respectively.
Assume that the available capacity of air taxi 1 is two at time t, the optimal assignment should be
air taxi 1 is assigned to both user 1 and 2 so that air taxi 2 does not need to fly from skyport C to
skyport A first to pick up user 2 and then fly to skyport B. In this case, the optimal paths based on
the non-optimal air taxi assignments become non-optimal. In sum, it is beneficial to solve the joint
problem, ATAP, to ensure optimality.

Overall, compared to other works, there are three important and distinct features of our
MIBLP model: (i) the integration between the ground transportation system and the AMoD system;
(i) the combination of air taxi assignment and path planning problems; and (iii) the electric energy
consumption of air taxis during different flight phases. The main contributions of this report are:
(i) to the best of our knowledge, this is one of the first works that focuses on the joint problem,
ATAP, and integrates the ground transportation system with the AMoD system; (ii) a clear
definition of the multimodal transportation network is demonstrated; (iii) a novel MIBLP model
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is proposed to efficiently solve ATAP considering the electric energy consumption of the air taxi
during different flight phases (take-off, in-flight, and landing); and (iv) the active and idle statuses
of the air taxis are considered in the MIBLP model.
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CHAPTER 3 METHODOLOGY

3.1. Multimodal Transportation Network

The formulation of the multimodal transportation network with the ridesharing service (shown in
Figure 1) is composed of the following six steps:

e Step 1: Each user starts at any ground location and chooses one out of the six ground
transportation methods: (i) G,,, = walk; (ii) G,,, = bicycle; (iii) G,,, = motorcycle; (iv)
G, = subway; (V) G, = bus; (Vi) G, = car

e Step 2: Each user arrives at the desired take-off skyport by using the ground transportation
method chosen in step 1. The user submits an air taxi ridesharing request that includes (i)
the take-off skyport; (ii) request submit time; (iii) the landing skyport; (iv) maximum
waiting time for pick-up (latest pick-up time); and (v) maximum trip time for drop-off
(latest drop-off time).

e Step 3: The ridesharing service platform/provider receives the submitted requests and then
uses the proposed MIBLP model to assign idle air taxis to desired users and generate
optimal paths for the assigned air taxis, namely active air taxis.

e Step 4: Each active air taxi will take off after the last assigned user arrives at the take-off
skyport.

e Step 5: Each active air taxi follows its optimal flight path and drops off onboard users
(passengers). After all passengers are dropped off, its status becomes idle.

e Step 6: Each dropped-off user chooses one out of the six ground transportation methods
again to go to the user’s ground destination.

(g

Figure 1: lllustration of the multimodal transportation network; the 3D illustration of the yellow
air taxi is credited to Marharyta Marko [77]
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3.2. Model Formulation

Since the AMoD system is still in the development phase, there are lots of uncertainties and no
unified regulations. We are in the exploration process too. To the best of our knowledge, no work
has been proposed to address the ATAP by using one mathematical model. Considering the joint
problem ensures the optimality of the optimization results in a systematic way. In this report, we
propose a MIBLP model that solves the ATAP while minimizing the waiting time of the users, the
operating cost of the air taxis, and the number of unserved ridesharing requests. In the MIBLP
model, the location of skyports is fixed and predetermined due to the limited space and regulations
of building skyports. The set of available routes is the airspace above the city. We need to deliver
users within their maximum waiting time and arrival time. We do not allow passengers to change
air taxis during a trip because the take-off and landing of the air taxi require lots of electric energy
compared to the in-flight electric energy consumption. We aim to minimize the times of the air
taxi take-off and landing.

In this report, we integrate the ground transportation system with the AMoD system. We
assume that the speed of ground vehicles is constant. The users can choose any ground
transportation methods to travel from ground origins to take-off skyports and from landing
skyports to ground destinations. Note that the air taxi request time of each user (i.e., t,, ) is the
time that the user arrives at the user’s take-off skyport. In the proposed MIBLP model, the starting
time of each request is the time when each user arrives at the take-off skyport. The travel time of
each trip for each user is from the arrival time of each user’s take-off skyport to the arrival time of
each user’s landing skyport. We assume that (i) the planning horizon is long enough for the
problem to be feasible; (ii) each air taxi always has full battery and remains in a good condition so
it can take off at any time; (iii) the electric energy consumption of the air taxi take-off and landing
are approximately the same. Note that the configuration, infrastructure, and airspace regulations
of the air taxis have not been unified or fully developed [3]. Thus, our model does not consider the
flight dynamics of the air taxi and so does not account for the exact vertical take-off and landing
time of the air taxi.

1) Notations and Parameters Definitions: We first define the notation and parameters
required to describe the MIBLP model.

o V={1,.,V}: setof air taxis;

o P={1,.,p}: setof users;

e T={0,...,t,., Tmax }: set of time steps;

e R ={1,..,r}: setof ridesharing requests;

e G={1,.., g} setof ground locations;

* Gu=1Gmy- Gmo}: set of ground transportation methods;

e S={1,..,1}: setof skyport;
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e A ={i—j}: setofarcs between skyport i € S and skyport j € S;
e rp: the request r € R sent by the user p € P;
° t € T: the starting time of request r € R sent by the user p € P;

° t,€ T: the maximum waiting time (i.e. the latest pick-up time) of the user p € P;
° t, € T: the maximum onboard time (i.e. the latest drop-off time) of the user p € P;
* t, € N: the initial time step of an optimization;

® T € NT:the maximum time step of t € T;

e C/E N*: the vehicle capacity of an air taxi v € V;

* ¢;€ N* : the path capacity between skyport i € S and skyport j € S;
* € N*: the travel time between skyport i € S and skyport j € S;

e M e Nt:avery large positive integer;
g € N : the operating cost of travelling between skyport i € S to skyport j € S;

e BE N*: the penalty of an unserved request;
e O, € S:setof the initial location of each air taxi v € V;
. ng € S: set of the ground origin of the user p € P;

e D, € S: set of the ground destination of the user p € P;
. Orp € S: set of the take-off skyport of each request r € R sent by the user p € P;
o Drp € S: set of the landing skyport of each request r € R sent by the user p € P.

Note that each request r € R includes the following information: rp , t,t

O .andd €D .

t ,0 €

) )
Wp " My "o

2) Decision Variables: The values of the following decision variables are optimized.

. {%) if vehicle v appears on skyport i at time t
Xvit ~ WO, otherwise

. {t if vehicle v travels from skyport i at skyport j starting at time t
Xvijt — L0, otherwise

. {t if vehicle v is assigned to user p and picked up at p's requested take—off skyport
a\/p — W0, otherwise
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3.3. Air Taxi Mixed Integer Bilinear Programming (MIBLP) Model
1) Objective Function: In this report, the objective function is composed of three components.
Min: J=w1J1 + wW2J2 + W3 J3 1)

where J,;, J,, and J; represent the waiting time of the users, the operating cost of the air taxis, and
the penalty of the unserved requests, respectively; w;, w,, and w; are the weights of the three cost
functions that are used to make w,J,, w,J,, and w,J; have the same unit, $. The mathematical
expressions of J;, J,, and J; are shown below.

T

max

e Y Seetax, @

veV, peP,reR,ie0, t=trp

J, = Z Xv”t'(zaii +aij) 3)
3, =2 [1-a,).A] 4)

The stakeholders of ATAP are users, air taxi manufacturing companies, and ridesharing
request platform. The overall goal is to maximize the profits of the stakeholders. We aim to
minimize the waiting time of the users (J,) and the penalty of the unserved requests (J,) to maintain
high service quality so that the users are highly satisfied, and so they will bring more users to the
ridesharing request platform in the future. In the long run, both the air taxi manufacturing
companies and the ridesharing request platform vendor will make more profits from higher service
quality and demand. By minimizing the operating cost of the air taxis (J,), the number of the air
taxi take-off and landing times and the duration of the air taxi flight time are minimized so that the
stakeholders can make more profit by minimizing the operating cost of the air taxis.

2) Constraints: We require the following set of constraints to be satisfied:

X"ite{o’l} vweV,ieSiteT (5)
Xvijte[O,l] vYweV,i,jeSiteT (6)
a, €{0,1} vveV,peP (7)
Xy, =1 YweV,ieO, (8)
Zletﬁl vweV,teT 9)

ieS
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Da,<1 VpeP (10)

veV

> a, <C, W eV (11)

peP
min(trp +th vaax)

X 28, vweV,peP,ieO, (12)

t=ty,
Equations (5) and (7) ensure the decision variables, xvjt and avp are binary variables.
Equation (6) ensures that Xyt is a continuous variable between 0 and 1 to account for rounding

errors and reduce optimization time. Equation (8) specifies the initial location of the air taxis.
Equation (9) ensures that at time step t, each air taxi appears on at most one skyport. An air taxi
cannot appear on more than one skyport simultaneously. Equation (10) ensures that each user can
only be paired with at most one air taxi. Equation (11) ensures that each air taxi will not be
overloaded. Equation (12) ensures that each air taxi can pick up its assigned user(s) after the air
taxi ridesharing request time of its assigned user(s) and before the latest pick-up time of its assigned
user(s).

min(trp +tmp Tma)

ijr_|:xvit "‘an]Z_l VieO,, jeD,,veV,peP,teT (13)
r=t+1
D % <Gy Vi, jeS,teT (14)
veV
min(t +1+tij !Tmax)
Xvit +Xvit |: Z XVJT:|S1 VVGV,pEP,tET,i,jES,iij (15)
r=t+1
Trax 7
X,q {Z max(o,xvjr_Zwa.)}g)g/“t vweV,peP,teT,i,j,keS,izj (16)
r=t+1 keS r'=t+1

Equation (13) ensures that an in-service air taxi must drop off every onboard user within
every onboard user’s maximum trip time to be considered as a successful completion of its
assigned ridesharing request(s). Equation (14) ensures that the number of air taxis flying between
two different skyports will not exceed the predetermined path capacity between these two skyports.
Equation (15) ensures that the travel time between one skyport and another is considered for the
air taxis. Equation (16) ensures that xvijt is a binary variable.

Bilinear inequality is NP-hard and hence it cannot be solved by polynomial time algorithms
[78], [79]. Although Gurobi supports constraints containing bilinear terms [80], the computation
time is still too long. To increase the computation efficiency of the proposed MIBLP model,
bilinear constraints (i.e., Equations (15) and (16)) are transformed into linear constraints by using
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the big M method [81]-[83]. Equation (15) is transformed into the form shown in Equation (17).
Equation (16) is transformed into the form shown in Equation (18).

min(t +1+t; , Tray
OS{ z XVJ_TSM(l—XVit)} vweV,peP,teT,i,jesS,i#j a7

r=t+1

Tmax) T
X1 S[Z max(0,X, . =D, > X, . }sM(l—xvlt )+X, eV, pePteT,ijkeS,i#]

r=t+1 keS 7'=t+1

(18)
3) Batch Optimization:

As we mentioned in Section IlI-A, the air taxi request time is dependent on the ground
transportation time. The MIBLP model collects air taxi requests every AT, so the requests are split
into batches based on AT. A guideline to choose the value of AT is that the computation time (CPU
time) of each batch is much less than AT so that the users can receive air taxi assignment
information within a short time and be picked up by their corresponding air taxis within their
maximum waiting time. By setting relatively small AT (i.e., A T < 5 minutes), the CPU time of
each batch is less than around 1 minute. Now, we have achieved the real-time air taxi assignment
task with the application of batch optimization and rolling horizons.
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CHAPTER 4 RESULTS

In this section, we present and discuss the optimization results of the MIBLP model formulated in
Section 111-B. To assess the performance of the proposed approach, we compare the results of
solving the MIBLP problem without (w/0) and with (w/) batch optimization in Gurobi Optimizer
with an academic license [80]. To evaluate the computation performance, we present the optimized
results on random instances. All optimizations are run on a computer with an Apple M1 Pro Chip
with 10-core CPU, 16-core GPU, 16-core Neural Engine, and 16 GB of RAM.

4.1. Example Scenario w/o Batch Optimization

Take a small-scale scenario as an example. There are 3 air taxis (V1, V2, and V3), 4 users (P1,...,
P4), 4 ridesharing requests (R1,..., R4), and 6 skyports (S1,..., S6). The air taxi passenger capacity
(i.e., Cv) is two for all air taxis. The values of the parameters are: w1 =2, w2 =1, w3 =1,t0 =0,
Tmax = 15, M =5e9, and 3 = 2e5. The received requests are shown in Table Il. The operating cost
and travel time between every two skyports are preassigned. The MIBLP model is optimized for
16 time steps, T = {0,1,2..., t,..., 15}. Each time step t in the optimization is equal to 1 minute in
the real world. The computation (CPU) time of this scenario is around 1.54 seconds. The objective
value of J in Equation (1) is 65. All users are picked up and dropped off as requested in a timely
manner. According to Table IV, all users are picked up before the latest pick-up time (i.e., trp +twp)
and dropped off before the latest drop-off time (i.e., trp + tmp). The assignment results, optimal
paths, and timeline of the air taxis are demonstrated in Tables I1l and IV and Figure 2.

Table 4.1: Air taxi ridesharing requests received

User Take-off Skyport Landing Skyport t, tw, tm,
P1 S1 S2 1 6 11
P2 S3 S5 3 8 12
P3 S4 S3 2 4
P4 S5 S2 1 3

Table 4.2: Optimal assignments of the air taxis

Air Taxi Users
V1 P4
V2 P1
V3 P2, P3
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Figure 2: Optimal paths of three air taxis are illustrated visually. The initial locations of V1, V2,
and V3 are S5, S6, and S3, respectively. The optimal paths of V1, V2, and V3 are shown in blue,
orange, and green, respectively.

Table 4.3: Timeline of the air taxis

Time Step Air Taxis
0 V1isat S5; V2 is at S6; V3 is at S3.
1 V1 picks up P4 at S5.

V2 is flying from S6 to S1.

V3 is flying from S3 to S4.

2 V1 is flying from S5 to S2.
V2 is flying to S1 | V3 is flying to S4.
3 V1 lands and drops off P4 at S2; R4 is complete.
V2 is flying to S1 | V3 picks up P3 at S4.
4 V2 picks up P1.
V3 is flying from S4 to S3.
5 V2 is flying from S1 to S2.
V3 is flying to S3.
6 V2 is flying to S2.

V3 lands and drops off P3 at S3; R3 is complete.
V3 picks up P2 at S3.

7 V2 is flying to S2.
V3 is flying from S3 to S5.
8 V2 is flying to S2. V3 is flying to S5.
9 V2 lands and drops off P1 at S2; R1 is complete.
V3 is flying to S5.
10 V3 lands and drops off P2 at S5; R2 is complete.
11~15 V1 and V2 stays at S2.
V3 stays at S5.
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4.2. Computation Efficiency

In order to evaluate the computation efficiency of our model, the numbers of the air taxis and the
users are varied; the number and the location of the skyports remain the same so that the air taxis
are operated in the same traffic region. Based on Table V, as the system dimension (i.e., the number
of variables) increases, the computation (CPU) time increases. It takes about 29 minutes to solve
the scenario including 15 air taxis and 30 users without the use of the batch optimization according
to Table V. Due to the long CPU time, we propose the rolling-horizon batch optimization technique
explained in Section 111-C3 to solve large-scale problems.

With the rolling-horizon batch optimization technique, the average CPU time of the
scenario including 15 air taxis and 30 users is about 2 minutes. The average CPU time of this
scenario is decreased by 92.8 % according to Tables VI to IX. Random instances with different
numbers of air taxis and users are optimized to evaluate the computation efficiency of the MIBLP
model without and with batch optimization. The locations and number of skyports are fixed. The
detailed optimization results without batch optimization are shown in Tables VI and VII.

The detailed optimization results with batch optimization are shown in Tables VIII and 1X.
For each instance name, (i) the number in front of “AT” refers to the number of air taxis; (ii) the
number in front of “P” refers to the number of users; (iii) “R1” refers to a relaxed time window
(i.e., large values of twp and tmp ); (iv) “R2” refers to a tight time window (i.e., small values of
twp and tmp ); and (v) the number after “R1” or “R2” is used to distinguish the random instances
with the same numbers of air taxis and users but with different initial locations and passenger
capacities of the air taxis, and different air taxi requests of the users (e.g., take-off and landing
skyport, twp , and trp ).

“Service Rate” refers to the percent of served users with respect to the total number of users
in each instance. “Cost” is equal to J, the objective function value shown in Equation (1) when the
service rate is 100%. When the service rate is less than 100%, J3 is equal to a huge number. To

understand the other two objectives, “Cost” is equal to the sum of J1 and J2 in Tables VI to I1X

when not all air taxi requests are served. “Gap” refers to the optimality gap in Gurobi. The closer
the gap is to zero, the better the solution is. “Optimization Horizon” refers to the optimization time
in Gurobi. “CPU Time” refers to the computation time of each instance in Gurobi. The
computation time limit is set to 2 hours (7200 seconds) in Gurobi.
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Table 4.4: Optimization results of scenarios with different problem scales w/o batch optimization

Number of Air Taxis Number of Users Number of Skyports CPU Time [s]

1 2 6 12.11
2 4 6 108.52
4 6 6 77.23
8 15 6 306.22
15 30 6 1765.94
50 100 6 >7200
200 500 6 >7200
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Table 4.5: Optimization results of MIBLP w/o batch optimization w/ relaxed time windows

MIBLP w/o BO

Name B M Cost ($) Service Rate (%) Gap (%)  Optimization Horizon (min) CPU Time (s)
1AT2P R1 1 2E+05  2E+03 325 100 0 31 6.46
1AT2P R1 2 2E+05  2E+03 226 100 0 16 1.08
1AT2P R1 3 2E+05  2E+03 228 100 0 17 1.34
2AT4P R1 1 2E+07  2E+05 543 100 0 28 51.00
2AT4P R1 2 2E+05  2E+10 741 100 0 32 20.27
2AT4P R1 3 2E+05 2E+10 763 100 0 38 40.51
4AT6P_R1 1 2E+05 2E+10 857 100 0 38 273.78
4AT6P_R1 2 2E+05  2E+10 745 100 0 21 53.50
4AT6P_R1 3 2E+05 2E+10 747 100 0 18 54.17
8AT15P R1 1 2E+15 2E+10 6132 100 0 53 551.28
8AT15P R1 2 2E+15 2E+10 7840 100 0 65 726.70
8AT15P R1 3 2E+15 2E+10 4232 100 0 58 366.15
15AT30P_R1 1 2E+15 2E+10 8570 100 0 49 204.05
15AT30P R1 2 2E+20 2E+10 10009 100 0 61 513.16
15AT30P_R1 3 2E+20 2E+10 8153 100 0 54 277.76
50AT100P_R1 1 2E+30 2E+10 inf 0 X 64 >7200
50AT100P_R1 2 2E+30 2E+10 inf 0 X 63 >7200
50AT100P_R1 3 2E+30 2E+10 inf 0 X 62 >7200
100AT500P_R1 1 2E+30 2E+10 inf 0 X 64 >7200
100AT500P_R1 2 2E+30 2E+10 inf 0 X 63 >7200
100AT500P_R1 3 2E+30 2E+10 inf 0 X 62 >7200
Average 3341 71 0 46 >7200
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Table 4.6: Optimization results of MIBLP w/o batch optimization w/ tight time windows

MIBLP w/o BO
Name B M Cost ($) Service Rate (%) Gap (%)  Optimization Horizon (min) CPU Time (s)
1AT2P R2 1 2E+05  2E+03 315 100 0 46 59.44
1AT2P R2 2 2E+05  2E+03 329 100 0 15 0.44
1AT2P R2 3 2E+05  2E+03 315 100 0 20 3.90
2AT4P R2 1 2E+05 2E+10 847 100 0 41 108.57
2AT4P R2 2 2E+05  2E+10 741 100 0 49 193.71
2AT4P R2 3 2E+05 2E+10 846 100 0 56 237.07
4AT6P_R2 1 2E+05 2E+10 1065 100 0 22 16.16
4AT6P_R2 2 2E+05  2E+10 1041 100 0 22 32.44
4AT6P_R2 3 2E+05 2E+10 1044 100 0 28 33.32
8AT15P R2 1 2E+15 2E+10 2752 100 0 30 30.83
8AT15P R2 2 2E+15 2E+10 4176 100 0 29 101.05
8AT15P R2 3 2E+15 2E+10 3932 100 0 34 61.32
15AT30P_R2 1 2E+20 2E+10 6024 100 0 54 418.85
15AT30P _R2 2 2E+20 2E+10 7680 100 0 61 1722.84
15AT30P_R2 3 2E+20 2E+10 249 100 0 57 7459.00
50AT100P_R2 1 2E+20 2E+10 X 0 X 55 >7200
50AT100P_R2 2 2E+20 2E+10 X 0 X 54 >7200
50AT100P_R2 3 2E+20 2E+10 X 0 X 56 >7200
100AT500P_R2 1 2E+30 2E+10 X 0 X 58 >7200
100AT500P_R2_2 2E+30 2E+10 X 0 X 58 >7200
100AT500P_R2_3 2E+30 2E+10 X 0 X 59 >7200
Average 2090 71 0 43 >7200
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Table 4.7: Optimization results of MIBLP w/ batch optimization w/ relaxed time windows

MIBLP w/o BO

Name B M Cost  Service Gap Optimization deltaT  Total CPU Time (s)

®) Rate (%) Hori.zon (min) #of Batchl Batch2 Batch3 Batch4 Batch5 Batch6 Batch7 Batch8 — Total

(%) (min) Batch
1AT2P R1 1 2E+05 2E+03 313 100 0 22 15 1 1 X X X X X X X 1
1AT2P R1 2 2E+05 2E+03 311 100 0 25 15 2 048 152 X X X X X X 2
1AT2P R1 3 2E+05 2E+03 327 100 0 20 15 1 1 X X X X X X X 1
JAT4P R1 1 2E+03 5E+07 446 100 0 23 15 1 6.39 X X X X X X X 6.39
JATAP R1 2 2E+10 2E+05 428 100 0 21 10 2 6.15 X 7 X X X X X 13.15
2AT4P R1 3 2E+10 2E+05 432 100 0 16 10 1 211 X X X X X X X 211
4AT6P R1 1 2E+10 2E+05 820 100 0 57 5 3 17.79 7.39 X X 11.19 X X X 36.37
4AT6P R1 2 2E+10 2E+05 928 100 0 56 5 3 14.1 X 31.26 X 8.94 X X X 54.3
4AT6P R1 3 2E+10 2E+05 821 100 0 38 10 2 74.17 78.37 X X X X X X 152.54
BAT15P R1 1 2E+15 2E+10 4559 100 0 49 10 2 113 2.92 X X X X X X 115.92
BAT15P R1 2 2E+15 2E+10 7394 100 0 42 5 47.32 9.78 33.4 X X X X X 90.5
BAT15P R1 3 2E+15 2E+10 5716 100 0 43 10 2 10255 131 X X X X X X 103.86
15AT30P R1 1 2E+20 2E+10 8086 100 0 62 5 5 34.8 1.68 221 24771 421 X X X 290.61
15AT30P R1 2 2E+20 2E+10 8777 100 0 80 10 4 85.44 20.38 3.84 8.52 X X X X 118.18
15AT30P R1 3  2E+20 2E+10 9479 100 0 100 10 17.07 345 1029  10.33 771 X X X 141.46
50AT100P R1 1 2E+20 2E+10 9444 89 0 61 3 8 116.35 14.06 59.78 12 1.93 10.81 5.02 17.21  226.36
50AT100P R1 2 2E+20 2E+10 13083 85 0 60 5 5 25.08 17.66 81.25 1.05 3.68 X X X 128.72
50AT100P R1 3 2E+20 2E+10 8319 85 0 54 2 8 4.75 14.25 14.48 0.57 1.06 1.61 4.55 19.48 60.75
200AT500P R1 1 2E+20 2E+10 18764 87 0 115 7 6 102.49 137.46 31.09 59.76 18.86 27.29 X X 201.65
J00AT500P R1 2 2E+20 2E+10 16547 73 0 103 10 5 7239 11311 2856 469 5131 X X X 2154
200AT500P R1 3 2E+20 2E+10 20178 82 0 128 6 7 98.58 31.52 151 103.47 214 20.82 28.27 X 265.83
Average 6437 95 0 56 9 4 45 30 46 53 13 15 13 18 106.10
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Table 4.8: Optimization results of MIBLP w/ batch optimization w/ tight time windows
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MIBLP w/ BO

Name B M Cost  Service Gap Optimization deltaT  Total CPU Time (s)

®) Rate (%) Hori_zon (min) #of Batchl Batch2 Batch3 Batch4 Batch5 Batch6 Batch7 Batch8  Total

(%) (min) Batch
1AT2P R2 1 2E+05 2E+03 331 100 0 17 15 1 0.81 X X X X X X X 0.81
1AT2P R2 2 2E+05 2E+03 422 100 0 9 15 2 0.08 1.32 X X X X X X 1.4
1AT2P R2 3 2E+05 2E+03 317 100 0 19 15 1 224 X X X X X X X 2.24
2AT4P R2 1 2E+10 2E+05 446 100 0 19 5 1 6.39 X X X X X X X 6.39
2AT4P R2 2 2E+10 2E+05 438 100 0 16 10 1 4.12 X X X X X X X 4.12
2AT4P R2 3 2E+10 2E+05 432 100 0 16 5 1 211 X X X X X X X 2.11
AAT6P R2 1 2E+10 2E+05 829 100 0 35 10 2 2035  14.23 X X X X X X 34.58
4AT6P R2 2 2E+10 2E+05 736 100 0 16 10 1 18.65 X X X X X X X 18.65
5AT7P_R2 3 2E+05 2E+10 1395 100 0 68 10 3 39.55 0.85 139.84 X X X X X 180.24
BATI5P R2 1 2E+15 2E+10 4422 100 0 68 5 3 91.7 70.81 X 7.68 X X X X 170.19
8AT15P R2 2 2E+10 2E+05 1519 100 0 82 10 3 19.8 27.41 X 5.19 X X X X 52.4
BAT15P R2 3 2E+10 2E+05 1732 100 0 64 10 3 41.27 69.1 16.78 x X X X X 127.15
15AT30P_R2_1 2E+20 2E+10 6611 100 0 42 10 3 100.88 2139  20.06 X X X X X 142.33
15AT30P R2 2 2E+20 2E+10 8601 100 0 61 5 5 14.84 5.14 6.19 1.36 3.64 x x x 31.17
15AT30P R2 3 2E+20 2E+10 7832 100 0 58 5 5 25.74 1.01 1.94 3.74 213 X X X 34.56
S0ATIOOP R2 1 2E+20 2E+10 11757 100 0 70 5 5 15.4 17.62 6 8.77 14.39 X x x 62.18
SOAT100P R2 2 ~ 2E¥20 2E+10 14450 100 0 56 5 5 12.36 2.99 3.74 553 24.45 X x x 49.07
S0ATIOOP R2 3  2E+20 2E+10 14831 92 0 59 3 8 17.81 8.31 321 1248 1332 377 6.75 2407 11861
200AT500P R2 1 2E+20 2E+10 16786 86 0 115 8 7 130.26 66.39 15.78 28.88 10.33 9.85 12.39 X 273.88
200AT500P R2 2 2E+20 2E+10 15673 80 0 83 10 4 12238 375 66.16  43.37 X X X X 269.41
200AT500P R2 3 2E+20 2E+10 18934 89 0 113 6 8 113.46 57.85 61.33 51 17.99 13.09 10.45 6.78 331.95
Average 6119 97 0 52 8 3 38 27 34 17 12 9 10 15 91.12
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Based on Tables VIII and IX, with tight time windows, the average cost is 4.94% lower,
the average service rate is 2.8% higher, the average CPU time of each batch and the average total
CPU time are less than those of relaxed time windows. Because relaxed time windows result in
more possibilities, flexibility, and variables, it is reasonable that longer CPU time is needed.
According to Tables VI to IX, the batch optimization technique with rolling horizons greatly
reduces the CPU time and ensures that dynamic decisions can be made based on the optimization
results of the previous batch (e.g., updated locations, passenger capacities, and statuses of the air
taxis). For large-scale systems, we use batch optimization with rolling horizons to increase the
computation efficiency by 98%. Overall, the results demonstrate that the optimal assignment
between groups of users and air taxis and the optimal path of the air taxis can be found within two
minutes on average. The largest problem size that the model can deal with includes 200 air taxis
and 500 users by using a personal computer. When better computers are available, the CPU time
can be further decreased, and the MIBLP model can handle larger-scale problems.

Table 4.9: Average service rate with different system dimensions

Number of Air Number of Average Service Rate
Taxis Users (%)
1 2 100
2 4 100
4 6 100
8 15 100
15 30 100
50 100 92
200 500 83

In Table 4.9, we can see that the average service rate decreases when the problem size is
large. The reasons are that (i) the number of air taxis is not enough to serve all the users with the
latest pick-up and drop-off time constraints; (ii) the passenger capacity of each air taxis is randomly
assigned to be two or four in every instance. The randomness of the initial total passenger capacity
of all the air taxis leads to the insufficient resources of air taxis; and (iii) the average distance
between the take-off and landing skyports is long among all the users so that it is more difficult
for the air taxis to serve all the users within their maximum waiting time and arrival time
constraints. The lowest average service rate is over 80% which is sufficient to ensure high service
quality and user satisfaction.
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4.3. Model Robustness

The parameters (B and M) need to be tuned to obtain feasible and optimal results. For each
scenario, the optimal assignment and the optimal path of the air taxis will not change if we change
B and M. However, different f and M will lead to different CPU time. If B is too small, the air taxi
may not be assigned to any user. If M is too big, the optimization time will increase. In all, to
obtain optimal results within a timely manner,  and M need to be tuned. According to Section IV-
B, the value of M depends on the system dimension (i.e., the number of variables). In general, M

is less than B (i.e., M = g ), and B is much larger than the maximum value of the objective function

(i.e., B> IJmax).
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CHAPTER 5 CONCLUSIONS AND FUTURE RESEARCH

This work proposes a novel MIBLP model to optimize the multimodal transportation network of
ground vehicles and air taxis with rolling-horizon batch optimization. This is one of the first works
that integrates the ground transportation system with the AMoD system. Compared to other works,
there are three important and distinct features of our MIBLP model: (i) the integration between the
ground transportation system and the AMoD system; (ii) the combination of air taxi assignment
and path planning problems; (iii) the electric energy consumption of the air taxis during different
flight phases (take-off, in-flight, and landing); and (iv) the active and idle statuses of the air taxis
are considered in the MIBLP model. The MIBLP model can find the cost-effective and real-time
paths of the air taxi with respect to the number and locations of the air taxi and the information of
the users’ air taxi requests that include (i) pick-up and drop-off skyport locations, (ii) request time,
(iii) maximum waiting time to be picked up, and (iv) maximum arrival time to be dropped off. By
using Gurobi Optimizer, the MIBLP model has been validated to be able to efficiently solve ATAP
in one mathematical model while optimizing the air taxi service with respect to service quality,
operating cost, air taxi electric energy consumption, air taxi passenger capacity, and path capacity.
For large-scale systems, we use batch optimization with rolling horizons to increase the
computation efficiency by 98%. The MIBLP model needs to be tuned for model feasibility. The
MIBLP model guarantees that air taxi requests are served within a timely manner, which means
that the users will be picked up before the latest pick-up time and be dropped off before the latest
drop-off time.

Due to the multimodal composition of the traveling process, the users’ travel cost is
affected by the ground and air traffic conditions which can be heavily uncertain. The uncertainties
can come from cyber-attacks or miscommunication among the vehicles. These uncertainties will
be addressed in the future work to ensure the resilient operation of the air taxi service. The
operating cost and travel time between every two skyports are pre-assigned and remain static in
our model. In the future work, the operating cost, travel time, and electric power of the air taxis
will be dependent on the flight dynamics of the air taxis and the real-time air traffic conditions.
We will also include the real-time ground traffic data into the mathematical model so that the
ground travel time is more accurate, and the air taxi request time will be dependent on the real-
time ground traffic conditions. Furthermore, after the optimal paths are found in the MIBLP model,
we will use optimal control to design a control law to ensure that each air taxi follows its optimal
path (i.e., reference path) with collision avoidance, to account for the safety concern. Since the
configuration of the air taxi has not been finalized, we do not consider the aerodynamics of the air
taxi, and so the collisions are not considered in this report. The future model will also account for
different statuses (active, idle, maintenance check, or out-of-fuel/electricity) of the ground vehicles
and the air taxis, to realize the optimal usage of the ground and aerial vehicles.
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CHAPTER 6 SYNOPSIS OF PERFORMANCE INDICATORS

6.1. Part | of USDOT Performance Indicators

Two graduate students participated in the research project during the study period. The
CCAT grant funds from this research project were used to support these two graduate students.
One of the Ph.D. students graduated in May 2022, and the other student will graduate in May 2025.

6.2. Part Il of USDOT Performance Indicators

Research Performance Indicator:

One conference presentation was produced from this project. The research from this
advanced research project was disseminated to over 60 people in attendance (from industry,
government, and academia) through the Next-generation Transport Systems Conference.
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CHAPTER 7 STUDY OUTCOMES AND OUTPUTS

7.1. Output: Presentation

e Title of presentation: A Mixed Integer Bilinear Programming Model for Air Taxi
Assignment and Path Planning

e Full Citation: Yang, S., Zhou, J., Sun, D., and DelLaurentis, D. (2023). “A Mixed Integer
Bilinear Programming Model for Air Taxi Assignment and Path Planning,” presented in-
person at the 3" Next Generation Transportation Systems Conference, West Lafayette, IN.

7.2. Outcomes

This project has the potential to bring several positive outcomes to society, especially in the
context of urban mobility, transportation efficiency, environmental sustainability, and economic
growth. Here are some potential outcomes:

e Reduced Emissions and Environmental Impact: By optimizing flight paths and
assignments, the MIBLP model can help reduce the overall emissions and environmental
impact of transportation vehicles. Electric or hybrid-electric air taxis could be used,
contributing to lower carbon emissions and better air quality in urban environments.

e Time Savings: Efficient path planning and assignment can lead to significant time savings
for commuters. This can enhance overall productivity and quality of life, as people spend
less time in transit and have more time for work, leisure, and family activities.

e Economic Growth and Innovation: The development and implementation of air taxi
services can stimulate economic growth by creating new industries, such as air taxi
manufacturing, maintenance, and operation. This innovation can lead to job creation and
increased economic activity.

e Improved Accessibility: Air taxis can provide an alternative mode of transportation for
areas with limited infrastructure, such as remote or poorly connected regions. This can
improve accessibility and connectivity, enabling people to access opportunities that were
previously difficult to reach.

e Reduced Congestion: By offering an additional transportation option, air taxis can help
reduce congestion on roads and highways. This can lead to smoother traffic flow and a
reduction in the number of accidents caused by congestion-related factors.

e Public Transportation Integration: Air taxis can be integrated with existing public
transportation systems, providing a seamless multimodal travel experience. This can
encourage more people to use public transportation and reduce the dependence on private
cars.

e Technological Advancement: The development and deployment of air taxis require
advancements in aviation technology, including automation, communication systems, and
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safety features. These technological advancements can have spillover effects in other
industries and lead to further innovation.

e Reduced Infrastructure Pressure: As air taxis can utilize vertical takeoff and landing
capabilities, they may require less ground infrastructure compared to traditional airports.
This can alleviate the pressure on land use for expanding traditional airports.

It is important to note that while the potential outcomes are promising, the successful
realization of these benefits depends on various factors, including regulatory approvals, public
acceptance, safety considerations, technological advancements, and collaboration among
stakeholders.
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