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1

Integrating Advanced Air Mobility (AAM) into existing airspace will require substantial
research and development regarding how diverse vehicles can operate cooperatively and safely in
congested environments. Effective integration of AAM will hinge on the ability to develop robust,
alternative traffic flow management techniques tailored specifically to the unique demands of
AAM. This research introduces an air traffic management simulation framework for AAM
operations, implemented in the open-source platform, BlueSky. The framework characterizes
airspace through demand models and vertiport networks, and integrates high-fidelity vehicle
performance and source noise models enabling a deeper evaluation of flow management methods
and the connection between noise and aircraft operations for mixed fleets of unique AAM
vehicles. Performance is assessed through metrics of efficiency, safety, energy usage, and
community noise exposure. The framework is exercised for an example AAM airspace design in
the Dallas/Fort Worth region, incorporating a departure scheduling algorithm and a conflict
resolution method based on the speeds of aircraft in conflict. Results demonstrate that the
speed-based algorithm resolves over 90% of arrival conflicts across all demands, though it
increases energy use, particularly for faster aircraft. Results also show a reduction in community

noise exposure with applying the speed-based method for mixed aircraft fleets.

I. Nomenclature

AAM = Advanced Air Mobility
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AC = Aircraft

ABEAT = ANOPP2 Blade Element Acoustic Tool
ADS-B = Automatic Dependent Surveillance—Broadcast
ANOPP = NASA Aircraft NOise Prediction Program
ASAS = Airborne Separation Assurance System
ATM = Air Traffic Management

BADA = Base of Aircraft Data

Cr.120 = Lift coefficient at 120 angle of attack
CD&R = Conflict Detection & Resolution

CPA = Closest point of approach

CR = Conflict resolution

D = Drag

dBA = A-weighted decibels

DFW = Dallas Fort Worth

eSTOL = electric Short Takeoff and Landing
eVTOL = electric Vertical Takeoff and Landing
FAA = Federal Aviation Administration

fpm = feet per minute

ft = feet

hrs = Hours

ICAO = International Civil Aviation Organization
kWh = Kilowatt-hour

kts = knotts

L = Lift

LA Max = Maximum A-weighted sound pressure level
Ib = pound force

L/Dpnax = Maximum lift to drag ratio

LOS = Loss of Separation

m = mass

m/s = meters per second

MSL = Mean sea level

N = Newtons



NAS = National Airspace System

NDARC = NASA Design and Analysis of Rotorcraft
nm = nautical miles

RPM = Rotations per Minute

R/C = Rate of climb

Sk = Target scheduled time for departure k

S = Scheduled time for departure k

S'ef = Reference area

SUAVE = Stanford University Aerospace Vehicle Environment
T = Thrust

ta.i = inter-arrival time between flight demands
td.k = inter-arrival time between flight demands for departure k
t = time

TFM = Traffic Flow Management

% = Velocity

Veruise = Cruise velocity

Vi/D,max = Velocity at L/D max

VR/C max = Velocity at max rate of climb

Vitall = Stall Velocity

w = Weight

a = Angle of attack

At = target inter-departure interval time

Atmin = minimum buffer time

Ay = Departure rate at vertiport

P = atmospheric density

00 = Infinity

Or=w = Where lift equals weight

(max = Maximum

II. Introduction
S DVANCED Air Mobility (AAM) has the potential to revolutionize the aviation industry by expanding to markets that

have historically been difficult to serve. Idealized as point-to-point air transportation within urban, suburban, and



rural environments, the concept of AAM introduces a mode of transportation that can provide faster and more convenient
commutes than the present-day, ground transportation options. As the population density of urban environments
continues to rise [[1], the stress on existing transportation infrastructure is also increasing, causing congestion and
increased travel times [2]. Additionally, given the escalating concerns surrounding the climate crisis and the widespread
sustainability initiatives throughout transportation sectors, there has been substantial investment towards the research
and development of AAM solutions [3}4].

There are currently dozens of AAM manufacturers worldwide developing diverse prototype vehicles, all competing
to secure a leading position in a shared target market [3, 6]. These vehicles exhibit unique characteristics and were
designed with varying performance capabilities, mission objectives, and operating principles. While substantial efforts
and investments have focused on the development of such vehicles, the coordination of their collective operations
and managing AAM air traffic is a complex problem that is only more recently beginning to be addressed [, [/H10].
The current guidelines, regulations, and infrastructure overseeing airspace management are not directly applicable
to this unique class of aircraft and the dynamic operations that will result from widespread AAM adoption [[L1-13]].
However, foundational regulatory efforts have begun, including Engineering Briefing 105A [[14], the Special Federal
Aviation Regulation for powered lift aircraft [[15], and the Notice of Proposed Rulemaking for enabling beyond visual
line-of-sight operations of unmanned aircraft systems [[L1]. The diversity in vehicle design, and consequently, their
performance capabilities, along with varying operator objectives poses a significant challenge for airspace integration
[S)]. Additionally, airspace integration of AAM presents a multifaceted challenge encompassing air traffic management
(ATM), including the establishment of separation requirements, airspace operations, as well as standards for necessary
ground-based and digital infrastructure, but must also consider public acceptance including community noise impact,
safety, and social equity [5}[8H10].

As Advanced Air Mobility continues to evolve and integrate into existing airspace systems, policymakers, regulators,
and industry stakeholders must navigate diverse operational requirements and unique airspace constraints [4]. The
challenge addressed in this paper is to ensure safety and airspace efficiency with minimal power consumption and
community noise impact. Understanding the impacts of substantial non-uniformity in vehicle design and performance
on AAM Traffic Flow Management (TFM) is crucial for addressing these challenges. In previous work, a wide range
of methodologies have been developed to address AAM vehicle design, trajectory modeling, community noise, and
airspace integration, each with varying levels of fidelity. Early works by Brown and Harris [16] and Ramesh et al.
[L7] developed optimization-based AAM vehicle design studies incorporating simplified mission assumptions. More
dynamic approaches for trajectory planning and vehicle performance, such as Ackerman et al.’s [18H20] application of
MPPI control for noise-constrained real-time path generation, while NDARC [21]] and SUAVE [22] have been extensively
used for conceptual design and mission-based performance analysis [23, 24]]. However, these platforms are not readily

extensible for integrated AAM traffic simulation or for modeling existing AAM vehicle designs. Recent studies focused



on airspace-level modeling and vertiport operations [12} 25 [26]], scheduling [27], and conflict management strategies
[28,129]. Yet, these studies assume homogeneous vehicle fleets or lack vehicle-specific dynamics. Thus, to facilitate an
informed decision-making process, this work presents an integrated modeling approach that incorporates individual
AAM vehicle performance capabilities into TFM models by developing extensions to the open-source BlueSky air traffic
simulation platform [30] to support multi-vehicle AAM fleet operations. Thus, a means for assessing performance
metrics such as efficiency, power requirements, and community noise impact that are governed by the diverse capabilities
of the AAM vehicles within a fleet mix is actualized.

The developed framework enables direct assessment of performance metrics—including operational efficiency,
safety, energy usage, and community noise exposure, of which are governed by the heterogeneous performance envelopes
of the distinct vehicles within a mixed fleet. As characterized in a recent publication by Jiang et al. [31], there are
several simulation platforms that exist for modeling transportation systems, including both ground and air transportation.
However, of the identified air traffic simulation platforms, BlueSky [30] was identified as the only open-source software
that supports both vehicle performance and traffic management modeling. This framework therefore leverages BlueSky
to simulate high-density AAM operations under realistic airspace and performance constraints, where an extension has
been developed to realistically model the vehicle performance of AAM vehicles within BlueSky.

Through the methodology outlined, this works key contributions include a demonstration of how vehicle-specific
performance limitations influence system-level airspace design and traffic management outcomes, while also providing a
foundation for evaluating future airspace architectures including vehicle requirements and different combinations of traffic
flow management methods. Additionally, custom performance models for three representative AAM configurations are
developed and integrated into BlueSky via the OpenAP infrastructure [32,|33]. This includes performance unique to
transitional eVTOL flight phases and parameterized vehicle limitations that reflect realistic energy and performance
constraints. Simulated flight procedures are post-processed using kinematic models previously developed to incorporate
energy consumption and community noise impact by integrating methodologies developed in [34H36]. To assess impacts
of TFM methods applied to mixed AAM aircraft fleet, departure scheduling and speed-based conflict detection and
resolution (CD&R) algorithms were designed and integrated into the BlueSky environment. These algorithms support
intent-based detection and speed-based resolution maneuvers tailored to the dynamics and performance limitations of
each unique AAM vehicle.

The framework is implemented within a NASA developed eVTOL route design in the Dallas Fort-Worth airspace
[37] using scenarios of various demand rates, fleet mix, and traffic flow management protocols. The remainder of the
paper is structured as follows. The methodology is detailed in Section [[TI} outlining the methods for vehicle performance
modeling in Section defining the AAM airspace definition in Section[[ILB] the traffic flow management methods
in Section [[ll.C] and outlining the models for estimating trajectory performance in Section[[IL.LD] A description of the

analysis is presented in Section [[V]with the metrics for analyzing results detailed in Section Finally the simulation



results are presented in[V]and conclusions are drawn in Section[V]]

I1I. Framework for integrating aircraft performance in ATM simulation for AAM

The structure of the framework for integrating aircraft performance in ATM for AAM is presented in Fig. [T| where
the open-source air traffic simulation platform, BlueSky, is leveraged to perform real and fast time simulations. BlueSky
was developed to provide the ATM research community with a fully open-source platform as a means for making
research results more comparable [30]. Within BlueSky, new aircraft can be defined according to known performance
characteristics using the integrated tool OpenAP [32] for both fixed wing and rotorcrafts; this process is described in
Section [[ILA] Written in Python, BlueSky is composed of a user interface for visualization, and several traffic simulation
modules for navigation, autopilot, and conflict detection and resolution with the implementation of ADS-B antenna feed
and Airborne Separation Assurance System (ASAS). BlueSky also features many previously developed plug-ins as well

as the ability for a user to define new plug-ins as needed.
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Fig. 1 AAM airspace integration simulation framework.

Within this framework, an AAM airspace is defined according to a demand model, vertiport route network, vertiport
capacity constraints, and cooperative area definitions as described for the example DFW airspace in Section The
definition of the airspace is input to BlueSky to simulate the airspace environment according to vehicle performance
parameters defined according to the approach detailed in Section [[II.Al and the assigned traffic flow management
methods described in Section The resulting data is collected and post-processed as a part of the Trajectory
Performance Estimation to determine the collective community noise impact, power consumption, and overall system

efficiency of the airspace, according to the metrics defined in Section



A. AAM Aircraft Models and Performance-Based Trajectory Planning

Many AAM vehicle configurations are currently under development, including but not limited to Blown-Flap,
electric short takeoff and landing vehicles (eSTOL), Tilt-Rotor electric vertical takeoff and landing (eVTOL) vehicles,
and Lift plus Cruise electric vertical takeoff and landing vehicles (eVTOL), as depicted in Fig. [2] Each AAM vehicle
has unique performance capabilities stemming from differences in configuration such as different numbers of rotors,

rotor designs, placement, load capacity, aerodynamic structure, and takeoff capability.

(a) Blown-Flap eSTOL (b) Lift + Cruise eVTOL (¢) Tilt-Rotor eVTOL

Fig.2 Example AAM vehicle types. Reprinted with permission from Yeung, N., la Cruz, J. D., Pellerito, V. R.,
Wang, Z., Lepe, M., Huynh, J. L., and Hansman, R. J., “Flight Procedure and Community Noise Modeling of
Advanced Air Mobility Flight Vehicles,” AIAA Paper 2023-3361, June 2023. https://doi.org/10.2514/6.2023-3361.
Copyright 2023 American Institute of Aeronautics and Astronautics/Yeung, N., la Cruz, J. D., Pellerito, V. R.,
Wang, Z., Lepe, M., Huynh, J. L., and Hansman, R. J.

To evaluate the impact of vehicle performance on airspace integration for AAM, it is essential to ensure that the
distinct performance characteristics of each AAM vehicle configuration are accurately represented within the simulation
environment. Performance characteristics for each vehicle are referenced from [38]]. This allows the modeled aircraft
to follow trajectories that are consistent with their true operational envelopes, enabling realistic simulation of vehicle
behavior and interactions in constrained airspace. The simulation platform, BlueSky, includes several performance
modeling approaches, including Eurocontrol’s Base of Aircraft Data (BADA 3) and the open-source OpenAP framework
[32]. While BADA is a widely used method for modeling the performance of conventional aircraft, it is unsuitable for
AAM applications due to the lack of standardized data for such vehicles, which are still under development.

To address this gap, the OpenAP framework is utilized in this work. OpenAP provides a flexible interface with
BlueSky to communicate performance data. In particular, it provides the WRAP model, a kinematic point-mass model
that defines aircraft performance in terms of phase-specific parameters [33]]. These parameters can be defined explicitly
and passed directly into BlueSky, enabling simulation of AAM aircraft with non-standard or user-defined performance
characteristics. Although the WRAP model was designed to extract the kinematic parameters from flight data and apply
statistic model assumptions, in the context of this study the WRAP model is used as a mechanism for encoding and
communicating the AAM performance envelope to BlueSky. Because flight data for AAM vehicles from industry is not

yet available, necessary parameters are defined according to performance equations based on vehicle geometry and



propulsion and aerodynamic characteristics defined in previous work [34] 39].

The model divides flights into discrete phases including takeoff, initial climb, climb, cruise, descent, final approach,
and approach, as presented in Fig. [3]. Vertical motion is not adequately captured in the current version of BlueSky,
therefore, for eVTOL vehicles, the vertical takeoff and landing phases are accounted for in scheduling and are incorporated

within the models during post-processing (see Fig. [3).

Initial Final
Climb Climb Cruise Descent Approach
OpenAP
Flight
Phases
VTOL Flight
Phases

Fig.3 AAM flight phases considered in simulation environment.

Flight phases are determined according to the vehicle’s rate of climb and airspeed. As summarized in Table[T]the
rate of climb distinguishes between cruise and climb, with a threshold of 20 fpm. Airspeed determines whether the
aircraft is in a wing-borne flight condition. For eVTOL aircraft, this condition is governed by the minimum wing-borne
flight speed, defined by eq. [I] For eSTOL aircraft, the minimum wing-borne flight speed corresponds to the flaps-up
velocity, which indicates the transition to a clean aerodynamic configuration.

2w

View = 4| ——— 1
v PSretCr 120 M

The minimum wing-borne flight speed, Vi -w, is defined as the speed such that the wing generates enough lift to

support the weight of the vehicle, assuming o = 12°.

Table 1 Flight phase determination based on rate of climb and airspeed.

Flight Phase Rate of Climb Range [fpm] Airspeed

Initial climb [20,00) <=Vi-w
Climb [20,00) >=Vi-w
Cruise (-20,20) >=Viw
Descent (—00,-20] >=Vi-w
Final Approach (—00,-20] <=Vi-w

For each phase of flight, the maximum and minimum velocities, climb rates, and accelerations are determined. By
identifying these parameters for each phase of flight, the aircraft will operate within their performance envelopes as they

are subjected to requests within the airspace, such as conflict resolution maneuvers. Table [2depicts how each value of



the kinematic WRAP model is defined for the AAM vehicles. To account for the transition phases of eVTOL aircraft,
where the vehicle reconfigures between vertical flight and cruise, the parameters for the initial climb and final approach
phases are defined accordingly. In the case of the eSTOL vehicle, these phases correspond to operations with deployed
flaps and active blown-flap technology. For all AAM vehicle types considered, the aircraft are assumed to be in cruise
configuration from the end of the initial climb phase until the final approach phase.

Table 2 Performance envelope definition according to OpenAP flight phases.

Flight Phase Parameter Minimum  Maximum
Airspeed 0 Vi-w
Initial climb Climb rate 0 R/CL-w
Acceleration 0 (T, —D)/m
Airspeed Vi=w Veruise
Climb Climb rate R/Cr-w R/Cy,
Acceleration -D/m (T, —D)/m
Cruise Airspeed Vi-w Vinax
Acceleration -D/m (T, - D)/m
Airspeed Vstall Veruise
Descent Descent rate R/Cy,,, R/Cy,
Deceleration -D/m 0
Airspeed 0 Viruise
Final Approach  Descent rate 0 R/Cy,
Deceleration -D/m 0

The parameters defined in Table [2] are defined according to the vehicle performance following the propeller-driven
airplane performance approach in [40]. A summary of the vehicle performance for the tilt-rotor eVTOL, the Lift plus
Cruise eVTOL, and the Blown-Flaps eSTOL are presented in Fig. [4] Fig. [5] and Fig. [6] respectively. The cruise
condition total drag, including both parasitic and induced drag is plotted for reference on the left. For maximum
aerodynamic efficiency, the ideal cruising velocity is assigned as the velocity where L/D is maximized. This is found
by evaluating the maximum of the L/D curve in the middle curve of the performance plots. Finally, the power required

is plotted on the right of the performance plots, highlighting Vinax, VRr/Cpuxs Vstall, and the available power.
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Fig. 6 Blown-Flap eSTOL performance [38].

A summary of the performance parameters is provided in Table[3] The eVTOL vehicles both have a R/Cyax that

is obtained at an airspeed that is less than Vg, thus is not achievable in cruise configuration. In this case, the ideal

condition for climb is assigned to conditions for Vi _w.
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Table 3 Comparison of performance parameters for tilt rotor, lift plus cruise eVTOL, and eSTOL vehicles.

Performance Parameter Tilt Rotor eVTOL Lift plus Cruise eVTOL eSTOL

Viax (Kts) 179 95 184
Veruise (Kts) 110 95 150
Vstan (kts) 83 71 58
VL/D,max (ktS) 92 82 116
L/Dmax 9.9 11.2 11.7
Vric,max (kts) 60 53 74
R/Cmax (fpm) 864 583 368
Vi=w (kts) 88 75 70

The calculated parameters in Table 3| show agreement with publicly available cruise velocity specifications [41-44].
The range between Va1 and Viyise defines the effective cruise performance envelope for each aircraft. Across these
vehicles, this envelope overleaps by only a 12 kts, and reduces to 7 kts when considering Vi _w as a safety margin above

Vstann- This limited overlap is critical for a mixed-fleet constrained airspace.

B. AAM Airspace Definition

The AAM airspace definition consists of the airspace constructs defining the routes that AAM aircraft are permitted
to fly within the airspace, specifying the cooperative areas and the regulations within them, as well as vertiport locations.
The airspace construct defined for this work is detailed in Section [III.B.1} and the demand model developed for the
vertiports is described in Section[[II.B.2] This framework is modular and can be applied to other airspace constructs

defined by the user.

1. Airspace Construct

This study leveraged a notional AAM airspace configuration developed for the Dallas/Fort Worth as a part of NASA’s
airspace research initiatives [37]]. A total of 11 vertiports were selected based on engineering judgment, assigning 51
single-direction flight paths connecting them, see Fig. [/l where each vertiport origin-destination pair is assigned one set
of connecting flight paths. Low-traffic routes within Class B airspace (see outline in Fig. [7) were identified as potential
corridors for AAM operations such that interactions with existing air traffic would be minimized. Within these corridors,
directional flight tracks were defined at 900 ft MSL altitude, spaced 1500 ft apart to accommodate a nominal track
width of 1200 feet with a 300 ft buffer.

Flight tracks outside of the Class B boundary in Fig. [7|have flight level ceilings to remain below the higher altitude
Class B regions. Therefore, each route is defined by latitude and longitude waypoints with maximum airspeed and
altitude constraints. Although this is a preliminary design, this flight track spacing results in a 1200 ft minimum

horizontal separation requirement and a 450 ft vertical separation requirement that will be used for the separation

11



minima criteria in this study.

Vertiport — Route Class B Airspace
33° 3 ' |

on| /ﬁﬁi\ S
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50’N

97°10'W 97°W
Longitude

Fig. 7 Sample airspace construct for DFW, with 11 vertiports and 51 routes.

The flight tracks are defined within the BlueSky simulation environment as a series of waypoints with altitude and
speed requirements imposed on the aircraft, where the speed requirements are desired, but performance limitations of
the aircraft are imposed. The NASA deproach wheel design surrounds most vertiports, excluding the V2L/R and V6L/R
which are located on Dallas Fort/Worth International Airport and Dallas Love Field Airport, respectively.

The AAM vehicles that are seen throughout industry have various operational constraints, applied here are range
constraints and VTOL capability to meet the defined airspace constructs. The eSTOL vehicle is assumed to have
a takeoff and arrival ground footprint of 150 ft [44]. To add a safety margin, veriport locations with a ground roll
clearance of an arbitrary 300 ft were assumed accessible for the eSTOL vehicle. This limits the eSTOL to accessing
vertiports V3, VOL/R, and V9. The range of each aircraft is identified from industry representative vehicles and are
summarized in Table[d The flight distance for each route in the network is compared to range specifications of the

considered vehicles [41} 44} 45] to determine routes accessible to each aircraft.

Table 4 Available routes for each aircraft, according to range and takeoff/landing ability.

Aircraft Type Maximum Range (nm) Available Routes
Tilt-Rotor eVTOL 100 100%
Lift plus Cruise eVTOL 40 92%
Blown-Flap eSTOL 300 14%

2. Demand Model
A stochastic model of the demand for AAM flights is derived from a simple, but illustrative model of on-demand

operations. It is assumed that passengers request a flight at the moment they are ready to go, similar to how automotive

12



ride-sharing works today. Once a flight request is made, a departure time is determined according to the traffic flow
management process in the following sections. None of the complexities and uncertainties associated with flight
planning, passenger embarkment, etc., are modeled, and once a request is made by a passenger the system immediately
schedules a departure as soon as possible.

While demand pressure at the vertiports could in general vary with time in this model, it is assumed without loss of
generality that the number of trip requests being made by passengers per hour is constant. This allows the use of a
Poisson random process for flight demand with an expected number of departures per hour at a given vertiport defined

as 4,,. For each vertiport, the number of flights is sampled from a Poisson distribution:

N,, ~ Poisson(4,) )

The time between successive passenger requests is modeled as an exponential distribution with mean 1/4,,, and each

demand time is determined by the cumulative sum:

i 1
tai = Z At;, At; ~ Exponential (/l_) 3
J=1 v

C. Traffic Flow Management

Applicable methods of Traffic Flow Management (TFM) for AAM are currently an on-going area of research
throughout the FAA, NASA, and industry [28]. Stemming from the ICAO Global Air Traffic Management Operation
Concept Document 9854 [46]], a spectrum of conflict management functions range from strategic to tactical. Strategic
conflict management occur earlier in the time horizon before a potential conflict, and involve tactics such as pre-departure
scheduling and demand-capacity balancing of resources that occurs before or around the departure time [28]]. Tactical
conflict management operations occur at close time intervals to a conflict and involve inflight operation modifications
deemed necessary by conflict prediction algorithms. In this framework, the TFM techniques are implemented through
algorithm plug-ins to the BlueSky simulation platform. The strategic and tactical conflict management algorithms are

outlined in Section[[I.C.T|and Section [[IT.C.2] respectively.

1. Strategic Conflict Management through Departure Scheduling

While flight demands may follow a stochastic process, actual departure times must be coordinated to ensure
operations meet required spacing for logistical and safety requirements. Given the model for how demand is generated
randomly through trip requests in Section [III.B.2] a first-come, first-served approach is implemented to model how
departure times are determined. An artificial scheduling algorithm is designed to illustrate the framework and to

demonstrate sensitivity to the captured dynamics. For this model it will be assumed that the separation applied between

13



aircraft is able to vary, and is set proportionally to the current demand. When demand is high, the separation is reduced
to accommodate more flights, and when demand is low, the separation is increased to accommodate a reduction in
unplanned airborne maneuvers.

The algorithm is defined by a minimum buffer time (At,,;,,) between successive departures, intended to reflect
physical and procedural limitations at the vertiport. Additionally, a target inter-departure interval time (At) is defined
according to the desired number of departures per hour (4,,). This is a metered departure approach that results in higher
departure separation standards for lower demand rates, reducing the reliance on tactical conflict management during

flight, at the expense of increased ground delay, see Fig. [§]

Demand time

i ok
"""" . Desired scheduled
1 At H- time
Sk-1 Sk
- AL | . Actual sch‘edtuled
min | ime
Skt Sk

Fig. 8 Departure scheduler applied to demand a time t ;.

For each flight k, the the target scheduled time s} is modeled as a normal distribution centered at time At after the

scheduled time for flight £ — 1 to account for error or delays:

s, ~ N(sk-1 + At, a?) 4)

The target scheduled time, s}(, is evaluated against the requested demand time (¢4 x) and At,,;, to assign the actual
scheduled time s as defined in equation |5} If the target scheduled time, s}( is earlier than the demand time, ¢4, then the
aircraft is scheduled at the demand time. If s}( is earlier than the minimum buffer time, then the departure is scheduled

according to the minimum buffer time. Otherwise the aircraft is scheduled to depart at s .

td k> if S;( <ldk
Sk = \Sk_1 + Atmin, if S;< < Sk—1 + Atmin )
s}(, otherwise

2. Tactical Conflict Management through conflict detection and resolution algorithms
Conflict Detection and Resolution (CD&R) protocols implemented within the simulation are performed with a
lookahead time of 5 minutes. The conflict detection method applies a combined state and intent-based approach

developed in [47], that is intended to mitigate false positives and false negatives of the independent approaches. The
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algorithm performs both a state-based conflict detection, which determines conflicts by linearly extrapolating from the
current position of the aircraft along the velocity vector, within the lookahead time, and an intent-based approach which
accounts for the intended route of each aircraft. A conflict is then defined as a situation where a loss of separation is
predicted from both the state and intent based approaches within the lookahead time. A loss of separation (LOS) is
where the minimum separation distance is breached. Since the aircraft are operating in a constrained airspace, with
routes that aircraft cannot deviate from in lateral position, and with an altitude ceiling within Class B regions, the
conflict resolution methods applied in this work are constrained to speed adjustments. The conflict resolution algorithm

implemented is presented in Fig. [9]
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Fig. 9 Conflict detection and resolution algorithm.

When a conflict is detected by the state-based algorithm, it is evaluated to determine if there is an active LOS. If
there is not, the intent of the aircraft are evaluated to determine if their paths intersect within the lookahead time. If
the aircrafts’ intent do not intersect, no conflict resolution action is necessary. When a conflict is confirmed by the
intent-based logic, the relative position of the aircraft determines priority of the conflict. The priority is assigned to
leading aircraft if they share the same flight path, or the aircraft closest to the predicted intersection point. The aircraft
with lower priority is assigned the speed-based resolution. This indicates that in this scenario no passing, overtaking,
of path divergence is allowed. Head-on conflicts are not accounted for because they are not possible in the defined
airspace as flight paths are unidirectional. Vertical takeoff and landing maneuvers of eVTOL aircraft are not simulated

or considered in the CD&R processes, but are accounted for in performance and efficiency metrics in post-processing.
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D. Trajectory Performance Estimation

The trajectory performance estimation is a post-processing step following the BlueSky simulation, where the
individual trajectory performance and overall airspace performance is determined according to vehicle performance
metrics outlined in Section A pre-computed propulsion database developed in XROTOR [48] is referenced to
determine rotor conditions which are necessary for noise and power predictions at each timestep. The time-dependent
vehicle states from the BlueSky simulated flights, including speed, acceleration, climb rate, and vehicle configuration,
are used to infer the rotor inflow velocity to calculate the required thrust necessary based on vehicle dynamic models
from [34}38]]. The inflow velocity and thrust required are then referenced in the XROTOR database to determine the
rotor state.

Power is integrated over the flight duration to compute vehicle energy consumption. A database of nominal flight
operations for each aircraft-route combination within the modeled airspace is referenced as a baseline to quantify the
energy and airborne delay impacts of off-nominal operations, including conflict-resolution maneuvers. Quantifying the
total conflicts and losses of separation within the airspace for a given scenario detail the probability of encountering a
conflict, needing to resolve a conflict, and what impact a conflict resolution maneuver has on the vehicle performance,
such as a loss of energy reserves.

To estimate noise, the framework utilizes the AAM noise modeling methodology developed in [38]. This method
references a database of pre-computed vehicle source noise hemispheres based on the AAM vehicles considered (Fig[2),
discretized by 10 m/s inflow velocity, 100 N thrust, and 100 RPM increments, which when used for noise analysis
of a flight trajectory are queried using a minimum Euclidean distance criterion over thrust and inflow velocity. The
hemispheres consist of multi-rotor tonal and broadband noise, which were assumed to be the dominate sources, in the
form of proportional broadband spectrum (PBS) levels. Noise was modeled using NASA’s Aircraft NOise Prediction
Program (ANOPP) [49] and the ANOPP2 Blade Element Acoustic Tool (ABEAT) [50]]. Given rotor inflow velocity and
thrust, the pre-computed XROTOR propulsion database is used to determine the associated rotor pitch and RPM for
these conditions, in the case where minimum power occurs. Hemispheres are mapped to timestep ¢ and propagated to
the ground using straight-ray propagation. The observer grid was spaced by 120 meters with elevations approximated

from [51]].

IV. Analysis Description
The presented framework is exercised through example scenarios for the Dallas/Fort Worth airspace, demonstrating
the practical application of this framework and presenting a systematic approach for evaluating operational and vehicle
performance. The independent variables of this study and their variations are shown in Table[5} where a total of 12
scenario variations are included. Although other traffic flow management studies can be performed, to display the

functionality of the framework this study includes simulation results for a baseline fleet with one AAM Aircraft (AC)
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type and a mixed fleet including the three AAM vehicle in Fig. 2] The baseline case considers the Tilt-Rotor eVTOL as
the only aircraft in the system. The demand levels on the system include a nominal 10 departure requests per vertiport
per hour motivated by the simulation performed in [37] and higher and lower variant at 15 and 6 requests per vertiport
per hour, respectively. The demand on a vertiport is modeled as a poisson distribution with a constant mean departure
rate per vertiport, outlined in Section[[I.B.2] A fundamental departure scheduling algorithm is developed in Section
II1.C. 1] and scenarios are compared for applying the departure schedule and conflict resolution algorithm. Each demand
level has three scenarios. One with random scheduling and no conflict resolution to provide a baseline for evaluating
airspace efficiency metrics for the departure scheduling and CD&R algorithms. The addition of departure scheduling

without conflict resolution and then a scenario with both departure scheduling and conflict resolution applied.

Table 5 Simulation scenarios by fleet mix, conflict resolution, scheduling method, and demand level.

Fleet Mix Demand Level Scheduling Method  Conflict Resolution
Random OFF
Baseline: one AC Type Nominal Departure Scheduling OFF
Departure Scheduling ON
Random OFF
Mixed Fleet: 3 Vehicle Types Nominal Departure Scheduling OFF
Departure Scheduling ON
Random OFF
Mixed Fleet: 3 Vehicle Types Low Departure Scheduling OFF
Departure Scheduling ON
Random OFF
Mixed Fleet: 3 Vehicle Types High Departure Scheduling OFF
Departure Scheduling ON

The simulation criteria outlined in Table [5are applied using the demand model outlined in Section [[IL.B.2]and TFM
methods detailed in Section The results are analyzed in Section |V|according to the performance metrics outlined

in Section

A. Airspace Performance Metrics
Airspace performance of a simulated scenario is evaluated according to metrics defined to characterize demand, fleet
mix, airspace safety, operational efficiency, and aircraft-level outcomes such as energy consumption and community

noise exposure. Metrics that quantify simulation demand and fleet mix include:

* Total System Demand: The number of total flights planned for the duration of the simulation
* Aircraft Percentage: The percentage of demand assigned to each aircraft

* Throughput: the total number of flights as a function of time
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For each of the demand levels in Table 3] the effects of implementing the strategic and tactical conflict management

methods defined in Section [[IT.C.1|and [[IT.C.2 are evaluated according to:

¢ Location of Conflict Detection: Location of aircraft within constrained airspace where conflicts are detected

* Location of LOS: Location of aircraft within constrained airspace where loss of separation begins

* Probability of Ground Delay: Percentage of flights with a non-zero ground delay

* Ground Delay Duration: Distribution of ground delay duration over flights with non-zero delay

* Probability of Airborne Delay: The time an aircraft spent at non-ideal cruise state

* Airborne Delay Duration: Distribution of airborne delay duration over flights performing conflict resolution
maneuvers

* LOS Duration: Total time an aircraft is in a loss of separation with another aircraft

* Distance of CPA: Distance between aircraft with a loss of separation at the closest point of approach

The efficiency and safety of the airspace may come at a detriment to the performance of the aircraft acting within
the system. Aircraft are typically designed with the intent of operating in ideal efficiency states for majority of their
operations. This becomes significant when discussing AAM vehicles as the aircraft have strict energy requirements,
where operating at less efficient states can be detrimental to their range. Additionally, the open-rotor configuration can
provoke excess noise pollution when operating at non-ideal rotor states. This combined with low altitude operations can
result in adverse noise effects. Thus, to measure how the airspace definition and CD&R method impact the performance

of individual aircraft, the following metrics are measured:

* Energy Performance: Additional energy spent on airborne delays caused by conflict resolution maneuvers

¢ Community noise impact: Size and location of 50Ngp observer noise contours

The energy performance metric quantifies the additional energy requirements imposed by the assumed tactical conflict
management algorithm defined in Section [[I[.C.2] Community noise impact is assessed using the 50Ngp metric, which
is indicative of ground observer annoyance for regions close to airports, first proposed in [52]]. The 50Ng) measures
the area where over 50 measurements of 60 dBA or more are measured within a specified time interval. Evaluating
the spatial overlap between the 50N, noise contour area and locations of conflict detection provides insight into how
the implementation of the tactical conflict management algorithm influences the community noise impact for AAM

operations.

V. Analysis of Simulation Results for an Example Scenario at DFW
Results for the 12 scenarios outlined in Table [5are discussed according to the airspace efficiency, safety and vehicle
performance in Sections and [V.C] respectively. Figure [I0]shows the throughput of the airspace in terms of

simultaneous airborne flights for each demand rate, 4,, which is modeled according to the method in Section |[II.B.
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High level metrics of the different demand levels including aircraft fleet, total flights, and statistics of demand levels are

summarized in Table[6] Note that the nominal demand level (1, = 10 in Fig. [T0]and Table [6)) is applied to both the

baseline one AC type and mixed fleet scenarios.
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Fig. 10 Airspace throughput for demand level of 10 departures per hour per vertiport.

In scenarios with mixed fleet, vehicle assignment was modeled as a uniform, discrete random variable over aircraft

types that could feasibly perform the assigned route. It is assumed that the assigned aircraft is available at the vertiport.

As described in Section [[V] the flight distance between vertiports for each of the 51 routes were compared against the

vehicle range. If the flight distance for a route exceeded the range for the vehicle it is omitted. Additionally, the eSTOL

vehicle performs takeoff and arrivals like a conventional aircraft, assuming a required a ground roll distance of 300 ft for

safe operations. Therefore in this airspace, the eSTOL vehicle is limited to seven routes within the defined airspace. The

lift plus cruise is assumed a range of 40 nm and is therefore restricted according to range limitations to 47 of the 51

routes.

Table 6 Distribution of aircraft configurations for each demand level.

Demand rate (1,) 6 10 15
Total Flights 594 991 1558
Percent Tilt-Rotor 50.6% 52.6% 50.3%
Percent Lift + Cruise 44.3% 42.7% 45.4%
Percent eSTOL 51%  47%  4.4%
Average Throughput- No Scheduler 13 23 33
Average Throughput- Scheduler 13 23 33
Peak Throughput - No Scheduler 20 44 57
Peak Throughput - Scheduler 20 34 46

Comparing the active flights plotted in Figure[I0] the effects of applying the scheduling method outlined in Section

[T.CT]is apparent. The number of active flights in the system becomes more stable, while the average throughput of the

system remains the same, evident in Table. [6] All scenarios under the same demand rate imply the same demand input
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to provide consistency when evaluating results.

A. Airspace Efficiency

The airspace efficiency is evaluated according to the probability of experiencing ground and airborne delays, and the

resulting energy impacts of airborne delays. The scenarios examine implementing an open loop departure scheduler

with no feedback from the system regarding potential hazards, conflicts, or implementing schedule times of arrivals.

This is a sample scheduling method and is not intended to be a complete solution to AAM scheduling. When applying

the scheduling method presented in Section [[I.C.1] the probability distribution of a ground delay as a result of the

departure scheduling imposed on the demand at each vertiport is presented in Fig. [IT] for each demand rate, and a

summary is compiled in Table 7}
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Fig. 11 Distribution of ground delay for different vertiport demand rates 1, where the results of departure
metering are evident in larger scheduled delays for lower demand rates.

The scheduler was designed to account for the desired demand of the system, imposing a departure metering effect
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where the nominal time between successive flights is dictated by the demand rate. The effects of this is apparent in the
large delays for the low demand rate, 4, of 6, and low delays for the high demand rate. When the required separation
between successive flights is lower, i.e. for the higher demand rate (1, of 15), the resulting ground delay is lower even

though there is a higher demand on the system. In which case there is a higher reliance on tactical conflict management

to mitigate conflicts in the system.

Table 7 Ground delay resulting from departure scheduler.

Scenario Mixed Fleet Mixed Fleet Mixed Fleet
Demand 1, =6 A, =10 A, =15
Pct. of Aircraft with Ground Delay 89% 94% 90%
Avg. Ground Delay (min) 39 33 20
Peak Ground Delay (min) 120 110 83.7
Std. Dev. of Ground Delay (min) 29.4 24.1 17.3

The distribution of airborne delay resulting from a conflict resolution maneuver applied according to the conflict
resolution algorithm defined in Section[[IL.C.2]is presented in Fig. [I2|for each demand scenario. The conflict resolution
algorithm defined for this study is a simplified algorithm that is not intended to be complete, but is rather an example to
depict how it can be studied in this methodology. Relevant statistics are summarized in Table[8] The results show that it
is more likely to experience airborne delay at higher demand rates, where the average delay is higher and there is larger

variability in delay. Additionally, there is an increase in delay time and variability for mixed fleet.
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Fig. 12 Distribution of airborne delay for different demand levels and fleet mix.
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Table 8 Summary of airborne delay resulting from conflict resolution maneuvers.

Scenario Mixed Fleet Mixed Fleet Mixed Fleet one AC type
Demand A, =6 A, =10 A, =15 A, =10
Pct. of AC with Airborne Delay 74% 87% 95% 87%
Avg. Airborne Delay (min) 0.62 0.96 1.40 0.79
Peak Airborne Delay (min) 4.8 6.1 8.2 4.8

Std. Dev. of Airborne Delay (min) 0.69 0.89 1.08 0.75

The distribution of energy spent on airborne delay is presented in Fig. [I3] with statistics shown in Table[9] The
energy spent on delay for majority of the conflicts detected require additional energy consumption of less than 5 kWh.
However, this does not necessarily indicate that the conflict was resolved by the maneuver. This speed-based conflict
resolution algorithm requires the aircraft assigned the resolution to reduce its airspeed either to the minimum allowable
airspeed or to match the speed of a leading aircraft. In some instances, this may lead the aircraft to adopt a more
energy-efficient speed for part of the trajectory. As a result, a maneuver that introduces a significant time delay may not
correspond to a proportional increase in energy consumption. Moreover, scenarios with higher traffic demand tend to
show greater excess energy use and variability. This is likely attributable to the increased frequency of conflicts per

aircraft, which induces repeated acceleration and deceleration as new conflicts are encountered throughout the flight.
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Fig. 13 Distribution of energy spent on airborne delay due to conflict resolution maneuvers for different demand
levels and fleet mix.
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Table 9 Summary of energy spent due to airborne delay caused by conflict resolution maneuvers.

Scenario Mixed Fleet Mixed Fleet Mixed Fleet one AC type
Demand A, =6 A, =10 A, =15 A, =10
Avg. Energy spent on delay (kWh) 3.08 4.5 6.9 32
Peak Energy (kWh) 40.5 31.6 50.7 374
Std. Dev. (kWh) 4.5 6.0 8.7 4.77

B. Airspace Safety

Airspace safety is evaluated according to the number of losses of separation (LOS) and their severity, measured by
the distance at the closest point of approach (CPA), and the duration of the LOS. Conflict locations are analyzed using
maps of detected conflict and LOS events for each scenario. As shown in Fig. [T4]for the single aircraft type scenario, it
is evident that a significant area of conflict is the inlet and exit of V2L/R at DFW airport, where two parallel routes of
opposite flow are separated by only 980 ft, which is less than the 1200 ft horizontal separation standard assumed for the
airspace. Although the conflict detection algorithm includes intent, a LOS is still registered for aircraft passing on these
closely spaced routes. Additionally, conflict hotspots are observed at vertiports and the intersections on the south end of

the airspace. These findings suggests the need for scheduled arrival times in future scheduling algorithms.
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Fig. 14 Map of conflict and LOS locations in DFW airspace for demand level 1, = 10, one AC type.

When comparing Figure [T4f to the maps without conflict resolution on (Fig. [T4p and b), majority of the LOS that
remain include arrivals into vertiports, and the routes into DFW. This suggests that speed-based conflict resolution
is not sufficient in areas close to the vertiport, as aircraft are already decelerating, limiting the control authority over
airspeed and minimizing the ability to perform CR maneuvers. Additionally, as discussed in Section|[V-A] the simplified
conflict resolution algorithm does not effectively resolve conflicts for decelerating aircraft as the priority is assigned to
aircraft closer to the CPA, which for aircraft decelerating at different rates, may change. Results are comparable for the

remaining scenarios with a significant increase in density for the high demand scenario of 1, = 15.
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Conflicts and LOS events are categorized by location and vehicle flight phases for understanding the effectiveness
of the CD&R algorithm. Four categories are considered: (1) shown in Fig. [T5h LOS events between two aircraft on
approach into the same vertiport (A-A), (2) in Fig. [I3p are events between aircraft on approach and departure at the
same vertiport (A-D), (3) Fig. E}: shows events between aircraft neither on approach nor departure (C-C), and (4) Fig.

[T3J are events within Class B airspace caused by airspace design constraints.

NG
®\

(a) Arrival-Arrival Conflict (b) Arrival-Departure Conflict

(c¢) Cruise-Cruise Conflict (d) Class B Airspace Conflict

Fig. 15 Example of categorized conflicts for (a) arrivals, (b) arrivals and departures, (c) cruise, and (d) class B
airspace.

The Class B LOS events are not detected by the conflict detection algorithm, as the intent-based logic requires
predicted path intersections within the lookahead time. Figure [T presents the conflict resolution rate for each category
across different demand scenarios. Note, the Class B LOS events are not detected by the CD algorithm and thus not

captured in Fig. [T§
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Fig. 16 Percent of detected conflicts resolved from conflict resolution algorithm for each demand scenario,
categorized by conflict location and flight phases.

Across the demand scenarios, the CR algorithm resolves over 93% of the detected conflicts on arrivals, 80 - 83% of
C-C conflicts, and around 75% of A-D conflicts. The severity of LOS events that are not resolved by the algorithm is
characterized by the closest point of approach (CPA) distance and LOS duration. Resulting trends for the different
conflict categories comparing the LOS severity for CR on and off are presented in Fig. [I7]for the nominal demand rate
and one aircraft type. On conflicts that are not resolved, it is desired that the CD&R algorithm improve the severity of a
conflict by decreasing the duration of the LOS and increase the CPA distance. Given that the algorithm is known to not
identify Class B conflicts and is provided no information about departures, the Class B and A-D conflicts are expected

to not perform well.
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Fig. 17 Severity of LOS events for nominal demand level (1, = 10), one AC type.

The Class B conflicts result from the airspace construct, particularly the parallel routes into DFW, where the
separation distance is less than the minimum horizontal separation requirement (see Fig. [I5{d). Consequently, aircraft
on these routes experience LOS events that the intent-based logic of the CR algorithm cannot detect, as the routes do

not intersect. These events exhibit minimal variability in severity and are largely unaffected by the conflict resolution
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algorithm. Loss of Separation events occurring between aircraft on arrival present trends of an increased CPA distance

and decreased duration as a result of the CR algorithm, however the variability increases. For LOS events between

aircraft arriving and departing from the same vertiport (A-D), the CPA has a decreasing trend with minimal change in

the duration. The remaining C-C conflicts present a minimal decrease in CPA distance and duration. The LOS severity

results for the nominal demand, mixed fleet is presented in Fig. [I8]

1200 gcRoft T T T T
= DCR on ‘
E1000
G 800
S 600
>
®© 400
(7))

O 200
2
0
Class B A-A A-D C-C

LOS Category

(a) LOS closest point of approach

£200

tion

LOS event dura

NN
A 00 N O
OOOO

I CR off 2
'O CRon —~
ﬁ i B B3 D ’
Class B A-A A-D C-C
LOS Category
(b) LOS duration

Fig. 18 Severity of LOS events for nominal demand level (1, = 10), mixed fleet.

Similar trends for the Class B conflicts are apparent. LOS events for aircraft on arrivals present a decreasing trend in

CPA distance with increased variability and minimal change in duration, but with decreased variability. The A-D LOS

events present a decrease in CPA distance and a decrease in duration, but with increased variability. The C-C LOS

events show increased CPA distance and decreased durations, showing the severity is trending in the safer direction.

The results are presented in Fig. [19|for the low demand scenario, mixed fleet.
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Fig. 19 Severity of LOS events for low demand level (1, = 6), mixed fleet.

Similar trends are present for Class B conflicts. LOS events for aircraft on arrivals present a decreasing trend in

CPA distance with increased variability and increased duration, with increased variability. The A-D LOS events present

a decrease in CPA distance and a decrease in duration, but with increased variability. The C-C LOS events show

increased CPA distance and decreased durations, showing for conflicts outside of the vertiport airspace the LOS severity
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is trending in the safer direction. Lastly, the results for the high demand scenario, mixed fleet is presented in Fig. 20]
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Fig. 20 Severity of LOS events for high demand level (1, = 15), mixed fleet.

Like the previous demand scenarios, there is negligible impact of CR algorithm to the Class B conflicts. LOS events
for aircraft on arrivals present a decreasing trend in CPA distance with increased variability and increased duration, with
increased variability. The A-D LOS events present a decrease in CPA distance and a decrease in duration, but with
increased variability. The C-C LOS events show increased CPA distance and decreased durations, suggesting that for
conflicts outside of the vertiport airspace the LOS severity is trending in the safer direction.

The results indicate that the CR algorithm resolves over 93% of conflicts detected between aircraft arriving into the
same vertiport. The departure metering effects from the departure scheduler in the low demand scenario effectively
lowers the reliance on the CD&R algorithm and the severity of conflicts improve across both metrics considered.
The remaining unresolved conflicts suggest limitations in the algorithm’s effectiveness. This could be a result of a
loss of control authority over speed adjustments during descent, where aircraft are already decelerating and unable
to further reduce speed. Additionally, a "bouncing" effect of priority assignment shifting between the two aircraft is
evident in cases where aircraft are similar distances away from the CPA, which could be mitigated with feedback on
priority assignment. Furthermore, the fixed 5-minute lookahead time when arriving into a vertiport where the route
design presents abrupt changes to aircraft heading can result in a high number of false-positive conflicts due to the
state-based conflict detection, given that the intent-based logic confirms routes intersect as they enter the same vertiport.
These observations suggest the need for design decisions around scheduled times of arrival into vertiports, and shorter

lookahead times may be required on arrivals due to the increase in heading changes and reduced aircraft speeds.

C. Vehicle Energy Performance

Vehicle energy performance is measured according to energy spent on airborne delays. The summary of energy
spent on airborne delay for each demand scenario presented in Figure[I3]is expanded on here to determine how these
results impact individual aircraft types within mixed fleet scenarios. Thus, the distribution of energy spent on airborne

delay is presented for the low demand, nominal demand rate, and high demand rate for a mixed aircraft fleet in Figures
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[2TH23] The one AC type scenario is not assessed in this section given that the fleet consists of only the tilt-rotor vehicle.
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Fig. 21 Energy spent on airborne delay per aircraft for demand scenario 1, = 6, mixed fleet.

The results for the low demand rate (1,, = 6) are summarized in Table[T0} Both eVTOL configurations present a

similar probability of encountering airborne delay, at 56%. However, the lift plus cruise configuration shows a higher

average energy consumption for delays compared to the tilt-rotor. The eSTOL vehicle exhibits a significantly higher

likelihood of experiencing airborne delay, with 86% of flights effected, and the energy spent on delay presents even

greater variability, reflecting higher uncertainty. However, as evident in Figure 21} nearly 30% of the airborne delays for

the eSTOL and 20% for the tilt-rotor resulted in a reduction in energy consumption. This behavior arises because these

vehicles operate at higher cruise speed than the lift plus cruise, and for conflicts that occur on arrival, the resolution

maneuvers may require earlier deceleration without subsequent acceleration, leading to a net energy savings.

Table 10 Summary of energy spent on airborne delay per aircraft for demand scenario 1, = 6, mixed fleet.

Configuration Tilt Rotor Lift plus Cruise eSTOL
Flight Count 300 264 30
Flight with Airborne Delay 167 149 25
Percent of Flights with Airborne Delay 56% 56% 83%
Average Energy on Airborne Delay (kWh) 2.96 4.47 5.07
Std. Dev. of Energy (kWh) 3.92 4.03 11.21

Results for the nominal demand scenario, with a demand rate of 10 aircraft per hour, per vertiport, are shown in Fig.

[22] with corresponding data summarized in Table[TT]
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Fig. 22 Energy spent on airborne delay per aircraft for demand scenario 4, = 10, mixed fleet.

Similar trends to the low demand scenario are observed, though with a higher proportion of flights experiencing

airborne delays. This is to be expected with an increase in demand on the system. The standard deviation of the energy

caused by delay also rises for each aircraft type, indicating larger uncertainty in energy spent on delay with increased

demand. Also, an increased percent of airborne delays result in a decrease in energy consumption for tilt-rotor vehicle,

however this effect diminishes for the eSTOL vehicle.

Table 11 Summary of energy spent on airborne delay per aircraft for demand scenario A, = 10, mixed fleet.

Figure 23| presents the results for the high demand scenario, with a A,, of 15.

for each aircraft type are experience airborne delay.
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Fig. 23 Energy spent on airborne delay per aircraft for demand scenario 1, = 15, mixed fleet.

The results are summarized in Table [12{and suggest that the higher demand increases the average energy spent on
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delay across each vehicle type, aswell as increased standard deviation. These results reveal that increased demand levels
lead to higher average energy consumption during airborne delays across all vehicle types. The associated standard

deviations also increase, with the eSTOL vehicle exhibiting the highest variability.

Table 12 Summary of energy spent on airborne delay per aircraft for demand scenario 1, = 15, Mixed fleet.

Configuration Tilt Rotor Lift plus Cruise eSTOL
Aircraft Count 783 707 68
Aircraft with Airborne Delay 707 642 66
Percent of Aircraft with Airborne Delay 90% 91% 97%
Average Energy on Airborne Delay (kWh) 5.99 7.51 10.99
Standard Deviation of Energy (kWh) 7.30 6.75 27.40

Across each demand scenario, the tilt rotor and lift plus cruise configurations show similar percentages of flights
encountering airborne delays, suggesting comparable system-level impacts of the speed-based conflict resolution
algorithm. However, the eSTOL vehicle demonstrates a higher numbers of delays and greater energy variability,
indicating less predictable performance, especially under congestion. This behavior is likely influenced by the eSTOL
vehicle’s higher cruise speed and more variable response to the speed-based tactical maneuvers, which can amplify both
energy consumption and delay variability. These results highlight the importance of incorporating vehicle-specific

performance into scheduling algorithms to minimize constraints imposed on faster vehicles by slower ones.

D. Vehicle Performance: Community Noise Impact

The community noise impact for the simulated scenarios is evaluated according to the S0Ngy noise metric, which
is defined as the observer area that exceeds 50 overflights recording atleast 60 dBA L4 ps4x within the simulated 12
hour duration. A map of the S0Ng noise contour area for the entire DFW AAM airspace construct is presented for the
different demand scenarios in Figure 24| through Figure 27} presenting the comparison of a given demand scenario with

the speed-based conflict resolution algorithm on and off. The total contour areas are summarized in Table[T3]
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Fig. 24 50 Ngo L 4 max noise contour of full airspace for demand level 1, = 6, mixed fleet.

The 50Ng contour areas are generally local to veriports, with some under track noise present on select routes. In
the A, = 6 case in Fig. [24] there is undertrack noise presented for regions near V2L and V2R at DFW, and V6L and
V6R at Dallas Love Field which are subject to class B altitude restrictions. Figure 23] presents the 50Ngo noise contour

area for the nominal demand rate with only one aircraft type. The resulting contours, when compared to the mixed fleet

scenarios, present more variability.
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Fig. 25 50 Ngo L 4 max noise contour of full airspace for demand level 1, = 10, one AC type.

The nominal demand rate of A, = 10 with a mixed aircraft fleet is presented in Fig. [26]
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Fig. 26 50 Neo L A, max noise contour of full airspace for demand level A, = 10, mixed fleet.

With increased contours around vertiports, there is also more prominent undertrack noise contours present particularly

for routes in the class B airspace (see Fig. [7), which have lower altitude restrictions of 900 - 1900 ft, depending on the
location.
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Fig. 27 50 Neo L A, max noise contour of full airspace for demand level 1, = 15, mixed fleet.

Across the mixed fleet demand scenarios, employing the speed-based conflict resolution algorithm decreases the

total contour area by 5 - 12 % depending on the demand rate whereas the scenario with one AC type exhibits a significant
increase in contour area, as summarized in Table[T3]
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Table 13 Summary of total community noise contour areas for demand scenarios comparing community noise
impact for CR on and CR off.

50 N¢g 50 Ngo 50 N¢o 50 Neo
Contour Area (nm?) Contour Area (nm?) Contour Area (nm?) Contour Area
Demand Scenario CR Off CR On A % Difference
Mixed Fleet, 1, = 6 0.0479 0.0421 -0.0058 -12.11%
Mixed Fleet, 1, = 10 0.0808 0.0762 -0.0046 -5.69%
One AC Type, 1, =10 0.0161 0.0510 0.035 216.8%
Mixed Fleet, 2, = 15 0.13 0.1099 -0.0201 -15.46%

The reduction in contour area observed for the CR On cases with mixed fleets is primarily attributable to decreasing
thrust required to decelerate during a conflict resolution maneuver in cruise. Lower thrust levels lead to reduced
under-track noise, as rotor noise decreases with reduced thrust demand. An exception occurs for the tilt-rotor aircraft
when conflicts are resolved in lower speed regimes near the vertiport. To see this more clearly, Fig. 28] presents the
50Ngp noise contour areas for each demand scenario in the vicinity of vertiport V9. This complex airspace presents
multiple intersections. The inbound flights enter the vertiport from the north and depart to the south. There is an
evident intersection of departing and arriving flights to the left of the vertiport, resulting in frequent conflict resolution
maneuvers. For the mixed fleet scenarios (Fig. 28p-c), contour area near the vertiport exhibit minimal change between
CR Off and CR On. The one AC type in Fig. 28d demonstrates a shift in affected regions, with an increased contour area
when applying the speed-based conflict resolution strategy. This increase is attributed to the tilt-rotor aircraft entering
the transition phase earlier along the trajectory when resolving a conflict. During transition, the rotor experiences

crossflow, which, when combined with high thrust settings, leads to increased rotor noise.
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Fig. 28 50 Ngo L 4, max noise contours at vertiport V9 for different demand scenarios, comparing CR off and CR

on.

VI. Conclusion

This work presents a methodology for evaluating vehicle performance within traffic flow management methods

of an AAM airspace construct. By integrating detailed vehicle-specific performance models into the BlueSky air

traffic simulator, this framework enables a detailed examination of operational trade-offs related to demand, scheduling,



conflict resolution algorithms, energy consumption, and community noise exposure in a constrained urban airspace. The
framework was applied to the Dallas/Fort Worth airspace across 12 scenarios with different traffic flow management
initiatives, demand rates and fleet-mix. A demand scheduler and speed-based conflict resolution algorithm were
developed and modeled, and the resulting ground and airborne delay, as well as additional energy consumption and
community noise exposure was assessed. An AAM noise modeling methodology was demonstrated to determine
community noise exposure for AAM operations, indicating primary noise exposure occurs at regions near vertiports, and
applying a speed-based conflict resolution algorithm affects the noise exposure from aircraft types differently. Results
revealed that the speed-based conflict resolution algorithm significantly affects both system-level and vehicle-level
performance. While successfully resolving up to 93% of conflicts on arrival, the speed-based conflict resolution
algorithm causes unresolved arrival conflicts to increase in severity. Additionally, conflicts caused by airspace constraints
or between arrivals and departures were largely unmanaged, highlighting a limitation of the CR method. The conflict
resolution increased energy consumption and variability across all demand levels and vehicle configurations, particularly
for higher-speed aircraft such as the eSTOL configuration. These findings emphasize the necessity of integrating
vehicle-specific performance considerations into TFM strategies to mitigate energy inefficiencies introduced by conflict
resolution algorithms. Furthermore, they highlight the critical role of demand scheduling and trajectory planning in
balancing safety, efficiency, and environmental impact in mixed-fleet AAM operations.

Overall, the demonstrated methodology for simulating AAM airspace integration with the effects of vehicle
performance constraints provides a foundation for future research into performance-driven airspace design, enabling the
safe and efficient integration of AAM vehicles into the national airspace system. The results from this analysis should
not be generalized across different regions or TFM methods, but rather this framework can be adaptable to alternative
advanced traffic flow management methods, scheduling algorithms, or new airspace constructs for other geographical
regions to further study the adoption of AAM. Additionally, this modeling framework can be expanded to account for
operational constraints at vertiports, including battery charging requirements or capacity limitations, as these factors

critically influence overall system efficiency and throughput.
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