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ABSTRACT

The emergence of new aerial vehicles into the airspace and the continued
growth of aviation operations will result in an increased demand for voice and data
communications throughout the National Airspace System (NAS). However, the
continued use of existing aviation spectrum allocations will not meet the anticipated
needs of future aerospace applications; as a result, a new approach to aviation spec-
trum management is needed to support the forecasted needs of new airspace users.
The National Aeronautics and Space Administration (NASA) is investigating the
use of recent advancements in artificial intelligence (AI) and machine learning (ML)
to implement a novel spectrum management approach that allows for the intelligent
utilization of aviation spectrum throughout the airspace. This thesis investigates the
use of ML and Al to jointly manage communications channel selection and airspace
resources to improve and optimize the overall frequency spectrum utilization in the
airspace. The technical investigation considers various airspace communications
configurations, including air-ground and air-air communications, and can be applied
to the existing air traffic control (ATC) system and future applications, such as the
emerging Advanced Air Mobility (AAM) initiative. To support the evaluation of the
proposed concepts and technologies, a modeling and simulation capability has been
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developed, which will continue to evolve in support of new and advanced airspace
applications. It is anticipated that this proposed spectrum management concept will
allow for increased spectrum utilization efficiency and enhanced airspace capacity,

which will better serve the needs of future airspace applications.
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CHAPTER I

INTRODUCTION

1.1 Background and Research Motivation

The Advanced Air Mobility (AAM) concept is an initiative that facilitates
emerging aviation markets to develop air transportation capabilities for the move-
ment of people and cargo throughout regions of airspace not previously served by
traditional aviation operations. The AAM ecosystem intends to serve users in local,
regional, intra-regional, and urban environments using advanced new aircraft that
use low-noise electric propulsion and possess the capability of vertical takeoffs and
landings. Further, the AAM community is investigating novel air traffic management
approaches that employ recent technological advances in automation and computer
networking to enable a more collaborative and information-rich environment.

Within the AAM framework, Urban Air Mobility (UAM) is a subset that
focuses on air transportation within the urban environment. Fig.1.1 illustrates a
conceptual Urban Air Mobility (UAM) scenario in the Cleveland metropolitan area,
where multiple aircraft depart from vertiports, navigate designated air corridors, and

maintain communication with ground-based systems via radio links to base stations.



The complexity of air operations in the AAM environment will require di-
verse air-to-ground and air-to-air communications capabilities to ensure safety and
crucial information distribution for users within the airspace [1]. The communica-
tions systems of the new aerial users must seamlessly interconnect to other aircraft
and ground assets for the timely exchange of data for ensured safe travel throughout
varying conditions and environments. With the growth of aviation operations due to
AAM other new airspace entrants, there will be an increasing demand for aviation
spectrum to support the aeronautical communications demands. However, the ex-
isting VHF /UHF frequency allocations for NAS operations have become increasingly
scarce and will be unable to support the projected growth in demand [2]. While
traditional approaches to address the spectrum scarcity issue (such as reduction of
channel bandwidth) have provided some relief, there is a need for a more scalable and

sustainable solution.

1.2 Research Objectives and Contributions

To address the spectrum challenge, a team of researchers at the NASA Glenn
Research Center, in support of the agency’s Aeronautics Research Mission Direc-
torate, is investigating methods to modernize the management of aviation spectrum
through the implementation of advanced concepts in communications, networking,
artificial intelligence (AI), and machine learning (ML). Specifically, this research
investigates the use of ML and Al to jointly manage communications channel se-

lection and airspace resources to improve and optimize frequency utilization. The
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Figure 1.1: Conceptual diagram of an Urban Air Mobility (UAM) scenario in the
Cleveland metropolitan area. The figure shows multiple aircraft traveling between
designated vertiports along defined air corridors. Each aircraft maintains two-way
radio communication with ground-based base stations to ensure safe operations and
data exchange. This example illustrates the network structure and communication
links that support UAM operations.

outcomes from this research, along with other technological advancements, are ex-
pected to significantly improve the safety and efficiency of future aviation operations
and enable future operational concepts, including remote piloted aircraft operation
and autonomous flight.

This work is being conducted in three inter-related research and development

areas. The first research area focuses on the development of algorithms to predict



air traffic and communications demands throughout the airspace. Based on these
predicted demands and other inputs, the second research area focuses on learning-
based resource allocation for aeronautical communications. In general, use cases
involving both air-to-ground and air-to-air communications are considered, where
the optimization problems are mathematically formulated and solved by learning-
based algorithms. Finally, the third research area focuses on the development of a
modeling and simulation capability that enables the evaluation of the proposed spec-
trum concepts through the implementation and use of graphical, mathematical and
data analysis tools. This simulation environment allows researchers to evaluate the
performance of the integrated functionality of demand prediction and learning-based
resource allocation using realistic airspace operational scenarios to assess concept fea-
sibility, accuracy, scalability, and efficiency. It is anticipated that the outcomes of
this study will meet the spectrum needs of future airspace communications, including
the existing air traffic control system as well as future AAM, high-altitude Class E
airspace communications [3], and others. The primary contributions of this research

effort are as follows:

o Explore spectrum allocation for UAM to devise a new management approach,
utilizing elements of Al and ML for dynamic frequency management and as-

signment.

e Formulate mathematical models of airspace scenarios and solve the channel allo-
cation and resource management problem using machine learning-based meth-

ods. Specifically, graph convolutional neural networks (GCN) were used to

4



solve the channel allocation problem in a centralized fashion, and multi-agent
reinforcement learning (MARL) was used in a decentralized fashion to address
the joint problem of channel allocation and velocity selection. Using MARL, the
intent was to minimize flight completion time while meeting communications

quality-of-service and aircraft separation requirements.

e Propose an integrated evaluation framework for both frequency and airspace
resources to optimize airspace operations. This transition from isolated resource
management enables a holistic assessment that improves system-wide resource

utilization, enhancing the efficiency of frequency usage.

1.3 Related Spectrum Studies

A substantial body of literature exists on spectrum studies across various
wireless communication networks, encompassing theoretical capacity analysis, inter-
ference management, protocol and algorithm design, and system-level validation. In
recent years, the resurgence of Al has significantly influenced many scientific and
technological domains, including wireless communications and networking. This con-
vergence has given rise to a learning-based wireless communication paradigm, where
ML algorithms—such as supervised, unsupervised, and reinforcement learning (RL)—
are deployed at different nodes within communication networks [4, 5, 6].

Supervised learning has been applied in wireless networks for tasks such as
link quality prediction [7, 8, 9], modulation classification [10], signal-to-noise ratio

(SNR) ordering [11], and signal detection [12]. In contrast, unsupervised learning has
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been explored for clustering [13, 14], MIMO beamforming [15], and tracking and lo-
calization. Reinforcement learning, known for its ability to solve large-scale problems
modeled as Markov Decision Processes (MDPs), has also been applied to spectrum
sharing. For instance, Bower et al. [16] investigated RL in both competitive and co-
operative spectrum sharing systems as part of the DARPA Spectrum Collaboration
Challenge.

Dynamic Spectrum Allocation (DSA) is a cornerstone of modern wireless
networks, enabling more efficient use of the radio spectrum. As wireless environ-
ments become increasingly complex, AI and ML have emerged as essential tools
for enhancing spectrum management. These technologies are used to predict spec-
trum availability, optimize allocation strategies, and improve spectrum sensing and
classification. Gbenga-Ilori et al. (2025) [17] provide a comprehensive overview of
AT applications in wireless communications, emphasizing deep learning for spectrum
sensing, multi-agent reinforcement learning and generative Al for network optimiza-
tion. Lakouismi et al. (2025) [18] further explore the challenges of real-time deep
learning-based DSA, particularly in terms of energy efficiency and latency.

Cognitive Radio Networks (CRNs), which dynamically access underutilized
spectrum bands, benefit significantly from ML techniques. These include enhance-
ments in both cooperative and non-cooperative spectrum sensing, as well as spectrum
auction mechanisms and predictive modeling. Upadhye et al. (2021) [19] provide a
broad survey of ML algorithms applied to CRNs, while Arjoune and Kaabouch (2019)

[20] offer a detailed review of spectrum sensing techniques.



Further research into AI/ML applications for next-generation networks in-
cludes studies on Al in 6G spectrum management [21], AI for hybrid satellite-5G
networks [22], and cognitive reinforcement learning strategies for spectrum allocation
in 5G environments [23].

Graph Neural Networks (GNNs), a class of deep learning models designed
for graph-structured data, are particularly well-suited to wireless networks, where
nodes (e.g., base stations, users) and their interactions (e.g., interference, connec-
tivity) naturally form graphs. GNNs can effectively model these relationships to
optimize resource allocation, including spectrum access. Lu et al. (2024) [24] provide
a comprehensive overview of GNNs in wireless networks, detailing how to represent
wireless environments as graphs, design appropriate GNN architectures, and evaluate
their performance. MathWorks (2024) [25] demonstrates the use of GNNs for power
allocation, modeling the network as a graph and solving constrained optimization
problems.

The SpectrumX Project [26] frames interference management as a graph col-
oring problem, using GNNs to dynamically assign spectrum while minimizing in-
terference. Similarly, a GitHub project [27] introduces a GNN-based framework for
jointly optimizing power control and spectrum allocation, showcasing the flexibility of
GNNs in multi-objective optimization. A dissertation from the University of Rhode
Island [28] explores GNN-based learning for dynamic spectrum access, emphasizing
the need for intelligent models to address spectrum scarcity and user mobility. Shen

et al. (2022) [29] demonstrate that GNNs can achieve near-optimal performance in



large-scale wireless networks with significantly fewer training samples than traditional
neural networks. Sudrez-Varela et al. [30] further discuss the generalization capabili-
ties of GNNs in communication networks, highlighting their robustness across diverse

network topologies and configurations.

1.4 Dissertation Outline

The remainder of this document is organized as follows. Chapter 2 describes
the overall spectrum management approach, including the approach for demand pre-
diction and resource allocation. Chapter 3 describes a resource allocation approach
using graph theory and graph neural networks. Chapter 4 describes the assessment
of both a policy-based and a value-based multi-agent reinforcement learning based
approach for dynamic resource allocation. Finally, Chapter 5 presents conclusions

and future research possibilities.



CHAPTER II

SPECTRUM MANAGEMENT APPROACH

2.1 Autonomous Spectrum Concept

The proposed concept for autonomous spectrum management aims to provide
an intelligent, efficient, flexible, and scalable solution to improve spectrum utilization
(allocation, access and sharing) using recent advancements in artificial intelligence
and machine learning. The system under consideration is the band of frequencies used
for aviation communications including the air-to-ground and air-to-air communication
networks.

Fig. 2.1 depicts a process flow of the proposed autonomous spectrum man-
agement concept. Based on the input of available data items (i.e., air traffic, com-
munication demands, airspace configurations and constraints), the learning and pre-
diction module (the core functions distinct from previous systems) uses various Al
algorithms to predict traffic and communications demands, to perform resource man-
agement (spectrum allocation, access and sharing) and to guide the selection of RF
transceiver parameters at both the physical layer (PHY) and the medium access con-
trol (MAC) layer to meet the overall communication requirements throughout the

airspace system.
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Figure 2.1: Functional flow of the autonomous spectrum management concept. The
diagram shows how prediction and learning modules process air traffic, communica-
tion demands, and airspace constraints to allocate spectrum resources dynamically.
This approach enables efficient and adaptive frequency management for aviation com-
munications.

The prediction functionality is a prerequisite for the ensuing resource allo-
cation module. Specifically, the prediction module outputs air traffic and commu-
nications demands (i.e., prediction products) throughout the airspace, whereby the
resource allocation module dynamically reserves resources based on the predicted re-
sults and other inputs. Then these reserved resources are dynamically allocated to
communication assets throughout the air and ground portions of the airspace system.
To achieve the goal of safe and efficient air operations, the resource allocation function
strives to maximize the utilization efficiency of available resources (spectrum, power,
time, etc.), while meeting the desired Quality of Service (QoS) requirements for users
throughout the airspace [31].

Learning-based algorithms require various datasets in order to train, test, and

validate model performance. Of particular note, the diversity and size of the datasets
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will continue to grow as the airspace system evolves with new applications. For now,
the concept focuses on three types of data: flight traffic data, communication data,
and airspace regulatory data including constraints and configurations. More specifi-
cally, airspace traffic data can be obtained using data items such as flight plans and
aircraft tracks; additionally, airspace constraints data can be determined by infor-
mation contained in weather data and Temporary Flight Restrictions (TFRs). The
learning and prediction algorithms use both the historical traffic and communication
data and the airspace constraints and configurations to predict future airspace traffic
and communication demands. All the data items combined with the predicted data

serve as the input for dynamic resource management.

2.2  Resource Allocation

To achieve the ultimate goal of safe and efficient air operations, the resource
allocation function strives to maximize the utilization efficiency of available resources
(spectrum, power, time, etc.), while meeting the desired safety and QoS requirements
for users throughout the airspace. In this research, two methods of resource alloca-
tion were investigated: reinforcement learning-based approach, and an approach that

investigated graph coloring using a graph neural network for channel assignment.

2.2.1 Resource Allocation using Graph Neural Networks

The use of graph coloring in the context of resource allocation has been a
widely-studied problem for spectrum management applications [32, 33, 34, 35, 36,

and this investigation focused on the use of a graph coloring approach to address
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Airspace State Airspace Graph

—» Intended Link
— — — P Interfering Link

Figure 2.2: Example of an airspace represented as a graph for resource allocation. Air-
craft are modeled as nodes, and edges indicate potential interference between aircraft
operating in close proximity. This representation supports graph-based algorithms
for channel assignment.

the channel assignment problem in AAM scenarios. Graph coloring is a method that
assigns colors to vertices of a graph such that no two vertices linked by an edge share
the same color, and Fig. 2.2 provides an example of how aircraft proximity can be
translated to an interference graph whose vertices and edges are defined by regions
of airspace where an aircraft may experience detrimental interference. Aircraft that
are sufficiently separated in space would not present a risk of interference and would
thus not be joined by an edge in the graph representation. The team has chosen to
implement a graph convolutional neural network inspired by [37, 38]. As an input
to the network, an adjacency matrix is formed based on the relative positioning of
aircraft within a region of airspace. Given the adjacency matrix as an input, the

neural network model returns a coloring solution that attempts to satisfy the graph

12



coloring problem, or in the absence of a solution, minimizes the number of conflicts

through an energy-based loss function.

2.2.2  Resource Allocation using Reinforcement Learning

Reinforcement learning is a form of machine learning where an intelligent
agent learns how to optimally interact with its environment via feedback (or rewards)
based on its selected actions. More specifically, a RL model includes the following

basic elements:

o Environment: the physical space in which the intelligent agent operates and

learns.

« State: position of the agent at an instance of time; after issuing an action, the

agent receives a reward and a change in state.

o Rewards: the feedback issued to the agent from the environment; rewards can

be both positive and negative, depending on the goal of the agent.

o Policy: a mapping of the agent’s current state to its next selected action.

o State-Value: expected cumulative reward that an agent can obtain starting

from state s and following a specific policy thereafter.

The RL agent issues actions based on its policy; actions may include channel
and power selections, as well as others, depending on the specifics of the use case.
The environment would be the airspace system (both air and ground elements) and

information relating to the users in the airspace, such as predicted positions, actual

13



Airspace State Airspace Markov Game

/ ‘ ‘ =I Environment l
/ L—J

- a £ ey a (S,r)

N G
" )

a s,r

i o G-

a (s,rs)
" |

—» Intended Link
— — — P |Interfering Link

Figure 2.3: Hlustration of an airspace scenario modeled as a Markov game for re-
inforcement learning. Each agent represents an aircraft that selects actions such as
channel or speed adjustments based on its state and interactions with other agents.

positions, channel conditions, desired data services and user priorities. The agent
receives both an updated state and a reward from the environment. Examples of
positive rewards may be issued as a result of increased aggregate user data rates,
or an increase in the airspace capacity. Negative rewards may be a result of link
losses or QoS violations. In general, however, the specifics of the RL elements will be
dependent on the selected use case. Fig. 2.3 illustrates a mapping of an airspace state
to a Markov game, which extends the single-agent RL framework to a multi-agent

interaction.

2.3 Prediction Methods

As part of the overall spectrum management concept, the prediction module

is a prerequisite for the ensuing allocation module. Specifically, the prediction module
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outputs air traffic and communications demands (i.e., prediction products) through-
out the airspace, whereby the allocation module dynamically reserves resources based
on the predicted results and other inputs. Then these reserved resources are dynami-
cally allocated to communication assets throughout the air and ground portions of the
airspace system. This effort focused on three types of predictions: aircraft trajectory

prediction, airspace density prediction, and communications demand prediction.

2.3.1 Flight Trajectory Prediction

Flight trajectory prediction serves as a data input to resource allocation deci-
sion engines. A sufficiently accurate trajectory prediction model can serve to forecast
the regions of airspace that an aircraft may occupy, potentially indicating the needed
communication resources for each flight segment. The location of the aircraft can
furthermore be used to estimate communication link path loss and other channel
quality metrics, providing insight for power budgeting and resource allocation. Fi-
nally, given a set of rules which define the occurrence of communication events, the
spectrum demand for airspace users can be inferred by comparing an accurate tra-
jectory prediction against airspace sector boundaries and the last-filed flight plan of
the aircraft.

This research effort investigated both learning-based and non-learning-based
methods of flight trajectory prediction. Specifically, in [39] the team investigated a
generalized hybrid-recurrent predictive model for flight trajectory prediction. The
generalizable deep learning approach showed improvement in trajectory prediction

accuracy, but also can be contextualized by exploring a large amount of data. Exper-
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imental results illustrated a tradeoff between horizontal and vertical errors as flight

data are generalized across dates and routes.

2.3.2 Communications Demand Prediction

Airspace communications are necessary for a variety of potential events, each
requiring unilateral access to a given channel for the duration of the event. As such,
communications demand prediction attempts to forecast these resource requirements
(channel access duration, bandwidth, power budget, etc.) based on dynamics within
the airspace system. The primary challenge in this area of demand prediction is
sufficiently capturing and representing communication events and parameters in terms
of available data. While airspace density is a key component to representing this
demand, it fails to capture the total complexity of airspace communications.

In [40], the team investigated a federated learning approach to predict com-
munication events in terms of the type of event occurring (sector coordination, con-
flict resolution, etc). As part of this, an investigation of various data products was
conducted to identify trends, sufficiency, and correlations of each product to iden-
tified events. The model enabled a generalized approach to understanding airspace
communications which is able to inform long-term changes to aviation spectrum man-
agement.

In [41], the team investigated a non-learning based approach for communica-
tions demand prediction. In this case, rather than allocate channels to each aircraft
in the simulation, the function only allocated resources to aircraft that were predicted

to require communications using a simple method of examining the flight path of the
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aircraft with respect to airspace boundaries. This method assumed that an aircraft
only requires an allocated channel when transitioning between regions of airspace.

This is described in more detail in Chapter 3.

2.3.3 Airspace Density Prediction

Airspace density (i.e., aircraft count) prediction considers an aggregated ap-
proach to determining sector demand. In existing research, each airspace sector is
treated as a unique state with an associated probability for transitioning to any other
state [7]. Using air traffic metadata, a periodic record of sector densities can be
combined with weather and air traffic management data to train a predictive model,
which can be used to forecast airspace sector density, and consequently estimate the

need for communication resources.

2.4 Modeling and Simulation Tool Development

To implement the intelligent spectrum management concept and evaluate
its performance, a modeling and simulation platform consisting of computational
tools and environment visualization has been developed. An important aspect of the
tool is the development, integration, and evaluation of learning-based models in a
simulated airspace operational environment. Additional design objectives include the
development of a live, virtual and constructive operational mode in which concepts
can be incrementally evaluated as maturity and confidence is achieved.

A modularized architecture design is employed to enable a flexible and scal-

able approach to evaluate and test various communications systems, airspace environ-
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Figure 2.4: Screenshot of the custom modeling and simulation tool visualizing Cleve-
land airspace. The tool displays aircraft positions, communication links, and sector
boundaries, enabling evaluation of spectrum allocation strategies in realistic scenar-
10s.

ments, and neural network models. The tool is designed to enable rapid development
of new airspace configurations and to apply new channel assignment strategies for
evaluation. Simulations generate a dataset that is representative of the airspace en-
vironment (i.e., adjacency matrix) and provides this information to either internal
or external functions for additional processing. External functions may include var-
ious artificial intelligence or machine learning applications. The simulation software
then utilizes the outputs of these prediction and allocation functions to examine the
quality of services for each active communication link in the airspace. Using this sim-
ulation tool, various learning-based methods can be evaluated as allocation functions
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for channel resource assignment. Fig. 2.4 provides a visualization of the Cleveland

Airspace System using the modeling and simulation tool.

2.5 Open Challenges

Implementation of the proposed intelligent spectrum management capability
poses a number of challenges, including spectrum coordination, computational ca-
pabilities, data requirements, and others. The following paragraphs provide a brief

summary of the challenges to infusion of this concept [31].

o Spectrum Coordination: Proposing the re-use and re-allocation of existing avi-
ation frequency allocations would require coordination with appropriate spec-
trum management offices, such as the FAA Spectrum Engineering Office, and
regulatory bodies, such as the National Telecommunications and Information

Administration (NTIA), to ensure alignment with applicable policies.

o Computational Capabilities: Execution of artificial intelligence algorithms in-
herently require enhanced computational capabilities in order to manage and
process massive amounts of data within a bounded time allocation. As such,
new aircraft systems must possess sufficient computing capabilities for success-

ful implementation.

o Data Engineering: Effective use of learning-based methods depends heavily
upon the quantity, availability, and integrity of the datasets used for training,

validation, and testing of algorithms. Consequently, optimal implementation of
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the described concepts relies heavily upon data engineering efforts, including

data acquisition and processing.

Transition of New Approach into the Airspace: Integration of any new technol-
ogy into the airspace system will have to accommodate established spectrum
assignment practices to enable traditional operational continuity, while sup-

porting users' upgrades to radio technologies that support new approaches.

Technology Implementation Independence: Implementation of a new spectrum
allocation concept must remain agnostic of the underlying communications sys-
tem to reduce risk of limiting future modernization efforts and interoperability.
The solution requires the ability to meet the needs of existing technologies while

enabling the use and implementation of novel technologies.

2.6 Conclusions and Follow-on Studies

This chapter presented an intelligent spectrum management framework for

aviation, combining prediction, learning, and allocation to improve resource efficiency.

Two dynamic allocation methods were mentioned: graph neural networks (GNNs) for

spatially-aware channel assignment, and reinforcement learning for adaptive decision-

making in complex airspace environments.

The following chapters will explore the GNN and multi-agent RL methods

in greater detail, focusing on their application to dynamic spectrum allocation and

airspace management.

20



CHAPTER III

RESOURCE ALLOCATION USING GRAPH NEURAL NETWORKS

3.1 Overview and Methods

This chapter focuses on the examination of a graph coloring approach to
address the channel assignment problem for a hypothetical AAM use case under
interference constraints. The investigation compares the performance of a relatively
simple (e.g., “greedy”) algorithm to the performance gained by using a learning-based
algorithm, specifically a graph convolutional neural network, to solve the resource al-
location problem. Utilizing multiple methods to dynamically assign resources allows
for selection depending on the complexity of the problem. In cases where the number
of available resources exceeds demand, a simple greedy (or first-come, first-served)
algorithm is more than sufficient. However, in cases where demand exceeds the avail-
able resources, there is potential for interference between many of the aircraft in the
scenario. In such cases, the use of a more sophisticated approach based on machine
learning may serve to provide a better solution. Accordingly, this chapter describes
the performance comparison of a relatively simple greedy algorithm with the per-
formance of a learning-based algorithm, specifically a graph convolutional neural

network.
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3.2 Problem Simplification

Depending on the complexity of the airspace modeling scenario, determining
a valid solution via graph coloring may be difficult or impossible considering the large
number of nodes with many edges. One approach to simplify the problem complexity
is to only assign spectrum when needed, whereby predictive methods may be used to
eliminate interference scenarios that may not be relevant at the time of consideration.
For example, airspace nodes will likely not interfere with each other if there is no
need for concurrent transmission. Additionally, airspace nodes that are substantially
separated in distance are not able to pose unwanted interference, and may also be
eliminated from the problem space. As a result, the implementation of methods
to predict when communication events may occur can substantially reduce problem
complexity and allow for the determination of a solution. Elimination of irrelevant
airspace users will remove potential instances of interference, resulting in a simpler
graph representation with fewer edges. For this effort, a more simple approach is
used to 1) generate flight tracks between vertiports and 2) estimating communication
demand by evaluating airspace sector crossing events, which will be described in

further detail later in the chapter.
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3.3 System Model and Problem Formulation

3.3.1 UAM System Model

This study considers a UAM scenario where multiple aircraft are traveling en-
route from an origin vertiport to a destination vertiport, as depicted in Fig. 3.1. The
network consists of a finite set of all aircraft N = {ny, ..., nx} operating in the airspace
system. To maintain safe operations, two-way reliable communications between the
aircraft and the base stations (BS) is required, and each aircraft communicates with
base stations using bidirectional communications where uplink represents aircraft-to-
ground exchanges and downlink represents ground-to-aircraft exchanges. The set of
base stations is denoted as B = {b1, ..., bys }. Spectrum reuse is employed such that a
finite set of available channels, denoted as K = {ky, ..., kx }, may be simultaneously
shared by multiple users provided the interference is maintained within acceptable
levels. The network is modeled by using discrete the time steps denoted as T =

{1,2,...,T} of duration AT

3.3.2 Interference Considerations

For interference calculations, this study focuses on the inter-site frequency
engineering procedures for very high frequency (VHF) air-to-ground links as described
by the Federal Aviation Administration (FAA) in [42]. Specifically, the procedures
require that at worst-case, an aircraft will receive the desired signal at a level that is
~(dB) stronger than the signal received from a co-channel interferer. This desired-

to-undesired ratio is dependent upon the distances of the intended and interfering
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Figure 3.1: System model for an Urban Air Mobility scenario. The diagram shows
aircraft traveling between vertiports and communicating with ground-based base sta-

tions. It illustrates the network structure used for channel assignment and interfer-
ence analysis.

aircraft to the receiver and the path loss exponent, o € R. Fig. 3.2 illustrates the air-
to-ground interference model where aircraft n; in the airspace system transmits at a
power level of p;, and the distance between aircraft n; and base station b,, is denoted
as din. The interfering aircraft n; transmits at a power level p;, and the distance
between aircraft n; and the base station by, is d;,,. The distance ratio d;,,/d; » can
be calculated to meet the desired-to-undesired ratio of v(dB) at a receiver at base
station by, starting from (3.1), which uses the ratio of received powers 7 as scalar
quantity (i.e., not in dB). The distance ratio required for a power ratio in terms of

dB is shown in (3.3), where (3.2) provides the intermediate operation.
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Figure 3.2: Air-to-ground interference model used to construct the interference graph

The figure depicts how distances between aircraft and base stations influence co-
channel interference calculations for spectrum allocation.
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Since the desired-to-undesired ratio is measured in dB, that translates to the log ratio

of received powers must exceed the desired-to-undesired threshold in dB

> (3.2)
pjdj,m

Simplifying and rearranging terms results in the desired-to-undesired distance ratio

,m

‘ 1/6
> (’ﬁm@”(dB)) (3.3)
im Di

Assuming all aircraft transmit at the same power level, then p; = p;V{i,j}, and the

distance ratio d;,,/d; ., as shown in (3.4) is a function of the path loss exponent, §

and the desired-to-undesired ratio v(dB). Selection of these parameters depends on
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various factors.

1/6

D(v(dB),4) = (10%7)) (3.4)

For the desired-to-undesired signal ratio, denoted as v (dB), guidance is pro-
vided by the FAA’s communications frequency engineering specifications as described
n [42]. Specifically, for VHF air-to-ground communications, a ratio of 14 dB is re-
quired. However, this specification pertains to analog pilot-controller communications
and does not directly apply to Urban Air Mobility (UAM) data communication links.
Since a standardized ratio for UAM has not yet been established, and because the
specific choice of this ratio does not significantly affect the analysis or results of this
study, a value of 14 dB is assumed for simplicity.

The path loss exponent, ¢, varies depending on the propagation environment.
In a pure line-of-sight scenario—where multipath interference is negligible—a value of
0 = 2 is appropriate. In more complex environments, such as urban cellular networks,
0 typically ranges from 2.7 to 3.5. In obstructed indoor environments (e.g., with walls,
floors, and ceilings), values can range from 4 to 6 [43].

For aircraft operating in urban environments, the path loss exponent depends
on the phase of flight. At cruising altitudes, propagation conditions approximate
free-space, with ¢ values between 2.0 and 2.1. Near vertiports—during arrival or
departure—more obstructions and reflections are present, leading to higher path loss

exponents, typically between 2.4 and 2.8 [44].

26



3.3.3 Problem Formulation

In this problem formulation, each of the N aircraft in the airspace system
must be assigned one of K available channels while maintaining the prescribed in-
terference constraints. This channel assignment challenge can be formulated as a
type of graph coloring problem, where for a given graph G = (V, E), each vertex
v; € V(i = 1,...,N) represents an aircraft in the airspace system, and each edge
{u,v} € E defines the interference relationship between the aircraft denoted by ver-
tices v and v. Graph coloring, in general, strives to assign each vertex v € V an
integer c(v) € {1,2,...K} such that c(u) # c(v)V{v,u} and K is minimal [45]. The
relationship between vertices and edges in a graph can be represented by an adjacency
matrix, Ayxy, for which A;; = 1 if and only if vertices v; and v; are adjacent (i.e.,
share an edge), and A;; = 0 otherwise. Further, the assignment of colors to vertices is
represented by a color assignment matrix, Cyyx, which uses one-hot encoding such
that Cj; = 1 if vertex v; is assigned color j, and 0 otherwise. Each vertex v; can only
be given a single color assignment; therefore ZJK:1 Cij = 1Vy, € V.

In this study, it is assumed that the number of available communication
channels (i.e., colors) is fixed, so this becomes a graph k-coloring problem in which
the coloring algorithms will strive to obtain a coloring solution that reduces color
conflicts by minimizing a loss function. To obtain a suitable loss function, it has been
shown that the graph k-coloring problem can be naturally formulated as a quadratic
unconstrained binary optimization (QUBO) problem [46] [37] [38], which in general

form is the minimization of f : {0,1} — R, with the objective function as the
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following;:
N
min f(x) = x'Qx = Z Qi T,
ij=1

x" =arg min f(x)
ze{0,1}V

where Q is a real symmetric matrix, f is the cost function and x* is a solution
bit string or a global minimizer of f [46]. Here, x,,; uses one-hot encoding, i.e., if
vertex v is assigned the color j then z,; = 1 and for all @ # j, x,; = 0. This is
similar to how the color assignment matrix, C was defined previously. For all pairs
(v,w) of neighboring sites, i.e., A,, = 1, those with the same colors assignments
will be penalized by the term Zfil Ty,iTy,. Further, [46] shows that the loss (or
cost) function for k-coloring of a graph with N nodes and adjacency matrix A can
be written as:

N K K
f(l’) = Z Avw Z Ty,ilwi = ZXiTAXi
=1 1=1

v,w=1
Accordingly, the loss function for this study follows a similar approach. For a given
adjacency matrix, A and color matrix C the loss function is defined in (3.5), where

c; represents each column of the color matrix C.
K
min L(C) = Z cl Ac; (3.5)
i=1

In the case where a valid coloring solution exists (i.e., no adjacent vertices
are assigned the same color), then the loss function will be 0. As the number of color

conflicts increases, the loss function increases proportionally.
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3.3.4 System Model as Interference Graph

To solve the channel assignment problem presented in the system model,
an interference graph is created based on the relative positions of aircraft and base
stations in the airspace system at each instance of time. As described previously, co-
channel interference is acceptable provided that the ratio of the distances any pair of
transmitting nodes from the receiver does not exceed a threshold as described in (3.3).
Accordingly, the interference graph is constructed as follows. For all N aircraft in the
airspace system, create a vertex (or node) in the interference graph G. At this initial
step, there are no edges created between vertices in the graph, and the edges will be
determined based on relative positions from transmitting nodes to receivers at the
base stations according to (3.4). For every base station receiver b,, in the airspace
system, for every 2-tuple unique combination of aircraft transmitters (n;,n;) that
have line-of-sight with b,,, calculate the ratio of distances, d;,,/d;., from the base
station receiver b,,, and if the distance ratio exceeds the threshold limit from (3.3)
then aircraft nodes n;, and n; share an edge in the interference graph. The process
is repeated for all base station receivers from B. The interference graph construction
algorithm is shown in Alg. 1, and an illustration of a 4-node interference graph is

shown in Fig. 3.3.
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Algorithm 1: Interference graph construction algorithm.

Input : Locations of N Aircraft and B Base Stations
Input : Interference threshold, v (dB)
Input : Path loss exponent, ¢§

Output: Interference Graph, G

=

Initialize Graph G(V, E) with N nodes and no edges;

// Loop through all Base Station receivers

2 for m <1 to M do

3 At base station by, L,, < LineOfSight(\);

4 foreach 2-tuple combination of transmitters (n;,n;) € L., do

// Check distance ratio

5 if ;l’_"m < D(7,6) then

// Unacceptable interference

// Join nodes with edge in graph G

6 CreateEdge(n;, n;);

7 return G
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Figure 3.3: Example of an interference graph for a four-aircraft scenario. Nodes
represent aircraft, and edges indicate potential interference relationships based on
spatial proximity and frequency reuse constraints.

3.4 Resource Allocation via Graph Coloring

3.4.1 Preliminaries

Graph coloring is an NP-hard problem. Exact solutions can be obtained us-
ing methods that operate in exponential time; however, the use of exact algorithms
is generally only feasible for small graphs or those with simple topologies. Heuris-
tic methods may achieve approximate solutions in polynomial time, and in many
cases, may obtain reasonable solutions in tractable execution time. Common heuris-
tic graph coloring algorithms include greedy, DSATUR, and Recursive Largest First
(RLF). Empirical comparisons of the coloring performance, in terms of colors required
and execution time, for these three methods has shown that RLF achieves the best

performance in terms of fewest colors required, but requires the most execution time.
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The greedy algorithm performs poorest in terms of colors required but exhibits the
shortest execution time [45]. As an alternative to heuristic methods, recent inves-
tigations of deep learning methods for graph structures, specifically, graph neural
networks, has been shown to be effective in solving the graph coloring problem [47],
[37], [38], [48], which is the subject of this study for solving the airspace channel

selection problem.

3.4.2 Greedy Coloring

A fundamental method to solve the graph coloring problem is via a greedy
coloring algorithm, which is analogous to a “first-come, first-served” scheduling pro-
cess or the functionality of cognitive radios that “listen” for open channels and make
use of any unoccupied spectrum at the time. The greedy algorithm has at its disposal
a list of available channels (or colors) for each node within the airspace. Based on ob-
servations of the airspace state, a graph is constructed at each timestep that consists
of a node for each aircraft and edges between nodes depending on whether nearby
aircraft may pose undesired co-channel interference. The algorithm operates by ad-
dressing each node one-by-one according to an arbitrarily-selected ordering scheme,
often selected as a largest-first ordering [45], and then the algorithm assigns each node
the first available color. For this study, however, due to limited available spectrum
channels (or colors), the algorithm was modified to randomly assign a color in cases
where there is no available color that would satisfy the problem. Clearly, this method
may not provide an optimal solution and may even fail when a valid solution exists.

Computational complexity is an additional consideration and may become an issue
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when examining larger systems. The greedy coloring algorithm is shown in Algorithm

2.

Algorithm 2: Greedy Graph Coloring.
Input: Graph G = (V| E), color palette C, global color map M

Output: Updated color map M with initial assignments
1 foreach v € V do
2 if v € M then
3 L continue ; // Node already colored globally
4 N, < {M]u] | u € Neighbors(v) and u € M};

5 foreach ¢ € C do

6 if ¢ ¢ N, then
7 M) « ¢;
8 break;

9 if v ¢ M then
10 M |v] < random color from C;

11 increment conflict count;

12 return M

3.4.3 Dynamic Graph Coloring

Generating an interference graph from scratch at every timestep can be in-
efficient in situations where the vertices and edges of the graph do not change sig-
nificantly from one timestep to the next. Accordingly, the dynamic graph coloring

problem involves a sequence of graphs G = (G1,Gs,...,G,), and for each graph
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G, € G, a coloring solution must be obtained within the time frame before the next
graph G;,; must be considered. Various non-learning-based dynamic coloring algo-
rithms have been developed in the literature [49] [50] [51]. Additionally, combining
the GCN solution with a recurrent neural network or other suitable construct may
offer another potential solution to address the challenge of the time-dynamic graph
coloring problem [52, 53, 54].

As part of this study, a dynamic graph coloring scheme was devised that,
after an initial greedy coloring, attempts to preserve coloring assignments across
graphs from timestep to timestep. The algorithm implements a conflict reassignment
algorithm that, after the initial coloring, iteratively reassigns colors to nodes that
are involved in conflicts, while preserving the assignment of colors to nodes that are
not in conflict. The algorithm terminates when no further improvements are possible
or after a set number of iterations. The conflict reassignment method is shown in

Algorithm 3.
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Algorithm 3: Conflict Reassignment Optimization.
Input: Graph G = (V, E), color palette C, color map M, max iterations

k

Output: Optimized color map M with reduced conflicts

for i < 1 to k do

=

2 improved < false;
3 foreach v € V do
4 Ceurr < M[v)];
5 con flictsey <— number of neighbors of v with color ¢y
6 foreach ¢ € C\ {cqu} do
7 con flicts,e, < number of neighbors of v with color c¢;
8 if conflicts,e, < conflictsq,., then
9 Mv] « ¢;
10 improved < true;
11 break;
12 if not improved then
13 L break ; // No further improvements

14 return M

3.4.4 Graph Convolutional Neural Network

As airspace scenarios become more complex, artificial intelligence and ma-

chine learning can be used as tools to aid in the resource allocation problem [55].
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However, given the large number of possible scenarios that may or may not have
solutions nor labeled training data, investigation of unsupervised learning techniques
allows for a viable approach. Accordingly, the team has chosen to implement a graph
convolutional neural network (GCN) inspired by [37, 38]. GCNs are a type of graph
neural network (GNN) that extends the concept of convolution from convolutional
neural networks (CNNs) to graph-structured data. GCNs are able to learn vec-
tor representations (or embeddings) for each node by aggregating information from
neighboring nodes using a message-passing process (with each pass referred to as a
“hop”), thereby capturing both individual node features and as well as features re-
lating to the the overall graph structure [56]. In effect, GCNs are able to extract
features of the graph in a similar manner in which CNNs are able to extract features

from grid-structured data.

3.4.5 GCN Architecture

Several variants of GCNs have been developed in the literature [55] [57]. In
this study, the graph network utilizes two topology adaptive graph convolutional
layers (TAGConv) from [58], since it offers enhanced performance over other imple-
mentations at a reduced computational complexity. The output of the TAGConv
layer, H" | after W hops (defaults to 2) is described by (3.6), where A denotes the
adjacency matrix, D;; = > =0 A;j is its diagonal degree matrix, and ©,, denotes the

linear weights to sum the hop results.
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As shown in Fig. 3.5, the input to the first TAGConv layer is the adjacency matrix,
and has a parameter input feature of shape (N, e), where N represents the number of
nodes (vertices) of the graph and e represents the embedding dimension, which is the
length (i.e., number of elements) of the vector used to represent information (or em-
beddings) about the nodes in the graph. The output feature is of shape (N, h) where
h represents the number of hidden dimensions which refers to the size of the vector
used to represent each node within the hidden layers of the network. The input layer
uses a ReLU activation function which serves as the input to the second TAGConv
layer, of which the output feature is of shape (N, K) where N is the number of nodes
in the graph and K is the total number of possible colors (or channels) assignments.
The second TAGConv layer uses a Softmax activation function to produce the output

probability matrix, P.

3.4.6 GOCN Training

As mentioned, at each timestep an interference graph G is constructed based
on relative positions of aircraft and base stations in the system model. The graph is
represented by an N x N adjacency matrix A, which describes the relation of nodes
(or vertices) and edges in the graph. The adjacency matrix serves as the input to
the graph neural network, as illustrated in Fig. 3.5. The output of the network is an
N x K probability matrix P that contains the set of probabilities that a node N (i.e.,

aircraft) would be assigned any 1 of K possible colors. Ideally, the probability of a
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Figure 3.4: Architecture of the graph convolutional network (GCN) used for channel
assignment. The model includes two TAGConv layers with ReLU and Softmax acti-
vations, transforming the input adjacency matrix into a probability matrix for color
(channel) assignments.

single color should approach 1 in a well-trained network. In this context, reducing the
loss to zero indicates a coloring solution with no conflicts (i.e., no adjacent vertices
share the same assignment). However, in cases where there may be no valid color
assignment solution, the neural network will strive to minimize conflicts in accordance
with the loss function from (3.5).

As is typical for neural network training, each epoch consists of one com-
plete pass of the training data (i.e., adjacency matrices) through the GCN layers.
As each passthrough of the epoch is completed, neural network training is performed
by calculating a loss value from loss equation in (3.5), where in this case the calcu-
lation uses the probable colors assignments as opposed to the “hard” assignments,
L(p) = Zfil p, Ap; where p; is a length N column vector of matrix P, the probabil-
ity of assigning the i*" color to each node in the graph represented by the adjacency

matrix A. The calculated loss, L(p) is a scalar value that is used to perform back
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Figure 3.5: Training process for the graph convolutional network. The adjacency ma-
trix is processed through the network to generate channel assignment probabilities.
The loss function guides weight updates using the Adam optimizer during backprop-
agation.

propagation to adjust the neural network weights using the adaptive moment estima-
tion (Adam) optimizer, and then the next training epoch begins. Fig.3.6, illustrates
how the loss function is reduced through each training epoch. Specifically, this shows
a comparison of training for two GCN variants, the TAGConv (as part of this study)
and SAGEConv [59], where the TAGConv implementation is able to converge to a

solution in fewer training epochs than the SAGEConv implementation.

3.5 Simulations

3.5.1 Simulation Configuration

The interference performance of graph coloring algorithms for aircraft channel
assignment is compared by way of simulation. This scenario assumes communications
links are established between aircraft and base stations on the ground (i.e., no air-

to-air communications). Transceiver parameters assume constant transmit power,
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Figure 3.6: Comparison of training performance for two GCN variants at simulation
timestep 55. The plot shows how the loss function decreases across epochs for TAG-
Conv and SAGEConv implementations.

antenna gain, and channel bandwidth. Due to the strong line-of-sight component in
air-to-ground communications, the path loss exponent for flights in an urban envi-
ronment has been experimentally measured to be on the order of 2.1, as determined
by [44] from their flight testing campaigns in the Cleveland metropolitan area in
late 2024. Given a finite number of available frequency channels to share among all
aircraft within the airspace, the resource allocation function will strive to provide a
unique channel to each aircraft to eliminate the possibility of interference. In accor-
dance with the assumptions of mid-term UAM operations, this simulation considers
N =100 aircraft traveling at an altitude of 3000 feet mean sea level (MSL). All air-
craft traverse a linear lateral trajectory at a constant altitude and velocity between
departure and arrival points over 7" = 100 simulation steps. Fig. 3.7 provides a visu-

alization of the simulation scenario, where multiple aircraft are shown entering and
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exiting regions of airspace and communicating with a total of B = 269 base stations
that are located within hexagonal regions of airspace.

Assuming p; = p;V{i,j} and given the desired-to-undesired ratio v(dB) is
14 dB, the distance ratio d;,,/d;,, must be at least 4.6 for a path loss exponent
d = 2.1 (typical for air-to-ground UAM communications). For a path loss exponent
of 2 (equating to free-space path loss), the distance ratio must be at least 5. For
additional interference protection, this study assumes that any pair of transmitting

nodes that are within a distance ratio of 6 to a receiver will be considered co-channel

interferers. The simulation parameters are summarized in Table 3.1.

Figure 3.7: Visualization of the simulation scenario for Urban Air Mobility resource
allocation. The figure shows aircraft trajectories, airspace sectors, and base station
locations used in the evaluation of spectrum management strategies.
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Table 3.1: Summary of simulation parameters for the Urban Air Mobility resource
allocation study. The table lists air traffic characteristics, airspace design details, and
communication link settings used in the experiments.

Air Traffic Parameters

Number of aircraft 100
Simulation time steps 100
Flight paths Linear lateral trajectory

Departure/arrival locations |Distributed across region

Aircraft Airspeed Constant

Aircraft Altitude Constant (3000 ft MSL)

Airspace Design Parameters

Number of sectors 269
Sector shape Hexagonal
Number of base stations 1 per sector

Communications Link Parameters

Links Alir-to-ground
Transmit power Constant
Transmit antenna gain Constant
Channel bandwidth Constant
Path loss exponent 2.1

SINR threshold (dB) 14
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The allocation function utilizes the information on the state of the airspace
in the form of an adjacency matrix. Initial simulations compare the number of in-
terference events observed within a scenario described by the system model. Given
these assumptions, a graph is created to represent the state of the airspace at each
simulation step, and three allocation methods are examined: 1) greedy allocation,
2) dynamic greedy allocation strategy that maintains assignment continuity across
timesteps while allowing recoloring to minimize conflicts, 3) GNN-Train100: a graph
network trained using the entire simulation dataset (i.e., iterate over 100 input
graphs), and 4) GNN-Trainl: a graph network trained for each simulation step (i.e.,
a new network is trained for each input graph). The TAGConv layers use embedding
dimension size e = 60 and hidden dimension size h = 60, and the number of available
channels was constrained to K = 20. The simulation process flow is shown in Fig.

3.8.

3.5.2 Simulation Results

The number of observed interference events at each timestep of the simulation
is shown in Fig. 3.9 and the cumulative sum of interference events over the simulation
is shown in Fig. 3.10. The greatest number of interference events occur when the
aircraft density is highest (between timesteps 30 and 70), and are represented by
interference graphs with the greatest number of edges. For the allocation methods
investigated, the greedy algorithm performs the worst when the aircraft density is
high, while both GNN cases show improved performance in those situations. However

at low aircraft density, the greedy outperforms the GNN-Train100, which is trained
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Figure 3.8: Process flow for the simulation framework. The diagram outlines steps for
generating airspace states, applying allocation algorithms, and evaluating interference
performance.

over the entire time series. The GNN-Train1, which trained a neural network on each
individual simulation timestep, shows the best performance overall; however, due to
required training time, a practical implementation of this method would be infeasible.
Since the network weights of GNN-Train100 are already trained, channel assignments
may be decided in near real-time, possibly quicker than the greedy implementation.
The dynamic greedy method performed slightly better than the greedy method, but
not as well as the GNN trained at each timestep. The interference performance is

summarized in Table 3.2.
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Figure 3.9: Interference events observed at each simulation timestep for different
allocation methods. The plot compares greedy allocation, dynamic greedy, and two
GCN-based approaches (GNN-Train100 and GNN-Trainl).

Table 3.2: Summary of interference events for each allocation method. The table
reports total events, mean events per timestep, and standard deviation for greedy,
dynamic greedy, and GCN-based approaches.

Algorithm TotalMean|Std Dev

Greedy 290 2.871] 19.142
Dynamic Greedy| 273| 2.703] 11.496
GNN-Train100 244| 2.416 5.926

GNN-Trainl 178 1.762 7.706
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Figure 3.10: Cumulative interference events across all simulation timesteps for each
allocation method. Lower cumulative values indicate better spectrum allocation per-
formance.

3.5.3 Problem Simplification using Prediction

In order to simplify the graph provided to the resource allocation network,
this work also considers the case where an aircraft is only assigned a channel when it
needs to communicate. Rather than allocate channels to all aircraft in the simulation,
the allocation function will only allocate resources to aircraft that are predicted to
require communications. The use of machine learning [40] can provide insight into
when an aircraft would need to communicate; statistical methods may be employed
as well. However, in this study, a simple method for communication prediction is
explored by examining the flight path of the aircraft with respect to airspace bound-
aries. Here, the assumption is that an aircraft only requires a channel assignment
when transitioning between regions of airspace (to facilitate handovers). In the ex-

amined scenario, the airspace boundary crossing lies approximately 7.5 km from a
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ground station, and aircraft that are greater than 6 km from a ground station are
considered to require communications for a boundary-crossing event. Fig. 3.11 dis-
plays how the number of edges in the graph, i.e., the number of potential interference

events, is reduced from the full airspace scenario.
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Figure 3.11: Comparison of graph complexity between full airspace and simplified
predicted communication scenarios. The plot shows how prediction-based simplifica-
tion reduces the number of edges, lowering potential interference.

The three allocation methods were re-examined for the resulting simplified
adjacency matrix. In both the greedy allocation and the graph network that was
trained for each simulation step, there are no instances of interference. However, the
graph network that was trained using all simulation data continues to show instances
of interference, albeit significantly fewer with only two instances of interference occur-
ring at four simulation steps. Clearly, in situations where the aircraft density is lower
and the resulting interference graphs have fewer edges, then fewer communication
channels will be required to serve the needs the airspace system.
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3.6  Observations

This study compared different allocation techniques to evaluate communica-
tions capacity in a hypothetical airspace scenario. Based on the simulations and their

results, key items of observation are as follows:

o Performance: Graph coloring using the GCN learning-based method shows
overall improved performance over greedy and dynamic greedy coloring, most
notably in high density/demand use cases. However, in instances of low air-
craft density, the greedy method outperformed the GCN that was trained over
the entire time series. For this reason, there are instances where it may be
best to dynamically select an allocation method based on available resources
and complexity of the situation. Further, the number of channels available for
assignment should vary depending on the anticipated density of the air traf-
fic, since nearly 40% of the simulation showed no instances of interference and
therefore resulted in a surplus of available channels that could be used elsewhere

in the system.

o Transfer Learning: Neural networks and machine learning models are typically
trained for specific tasks starting from randomly initialized parameters. How-
ever, when exposed to new datasets, some neural networks may need to be
retrained to achieve the desired results, which contrasts with human learning
in that previous knowledge can be applied to new contexts. This ability to reuse

what was learned in previous settings is called transfer learning. In neural net-
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works, transfer learning can be achieved by reusing the weights of a previously
trained network. Transfer learning has been demonstrated to be very success-
ful in traditional deep learning contexts, leading to faster training times and
enhanced performance. Recent studies have also shown that transfer learning
is effective with GNNs [60] [61] and the simulation results of this study tend to
show that the GCN trained over the entire 100 simulation timesteps was able
to perform reasonably well as compared to the greedy method, particularly in

the high air traffic density time periods.

Structured Airspaces: UAM operations are expected to use designated air traffic
corridors with specific tracks and waypoints to manage traffic flow and ensure
separation [62]. This could create consistent traffic patterns across the airspace,
and could provide a bounded number of airspace representations which could
potentially allow neural network models to be trained and optimized based on
the predicted traffic patterns. However, structured UAM airspace configura-

tions and separation standards are still in formulation.

Dynamic Greedy Coloring: The dynamic greedy method, as previously de-
scribed, demonstrated improved performance over the standard greedy ap-
proach by reducing assignment conflicts and maintaining most assignments
across timesteps. This leads to a more efficient implementation in practice,
as fewer reassignment messages need to be distributed to nodes within the net-
work. Figure 3.12 illustrates channel assignments at timesteps 57, 58, and 59—

some of the most congested periods in the simulation. As shown, only a small
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number of nodes required reassignment. Overall, the dynamic greedy method
outperformed both the greedy method and even the GNN-based method that
had been trained on the entire time series, in terms of minimizing assignment

conflicts.

3.6.1 Potential Follow-on Studies

Possible follow-on efforts may include additional constraints in the defined
graphs such as transmitter power, aircraft velocity, etc. Methods of introducing
time dynamics into the graph neural network may be explored along with more so-
phisticated communication prediction algorithms to reduce the complexity of the
graph structure. Further analysis in a variety of different configurations of structured
airspaces and corridors could aid in the development of AAM communications by

enabling more efficient use of aeronautical spectrum resources.
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Figure 3.12: Channel assignment results for three consecutive timesteps during peak
airspace congestion. The figure illustrates how dynamic greedy coloring minimizes

conflicts compared to other methods. 51



CHAPTER IV

RESOURCE ALLOCATION USING REINFORCEMENT LEARNING

This chapter investigates the coordinated management of constrained spec-
trum and airspace resources by leveraging modern multi-agent reinforcement learning
techniques. In the RL framework, an agent interacts with its environment through se-
quential policy-driven actions and receives feedback from the environment regarding
the effectiveness of these actions. This feedback, comprising rewards and observa-
tional data from the environment, is essential for the agent’s learning process, where
the goal is for the agent to iteratively learn an optimal policy that maximizes the ac-
cumulated reward. Similarly, multi-agent RL focuses on sequential decision-making
problems to optimize a learned policy, but involves multiple agents working interac-
tively within the same environment. In particular, both the evolution of the system
state and the reward received by each agent are influenced by the joint actions of all
agents [63, 64].

The previous section investigated a UAM communications scenario where a
single centralized agent (e.g., graph neural network) observed the state of the airspace
and assigned channels to aircraft to minimize aircraft communications interference.
This follow-on study also investigates a UAM communications scenario, but imple-

ments a distributed decentralized approach where multiple agents work cooperatively
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to jointly select not only channel assignment but also vehicle velocity to minimize to-
tal flight travel time while maintaining the required signal-to-interference-plus-noise
ratio (SINR) and aircraft separation requirements. This investigation compares a
state-of-the-art cooperative multi-agent policy-based method, specifically proximal
policy optimization (PPO) [65] in a multi-agent implementation (MAPPO) [66], to
identify an optimal solution to the joint resource time minimization problem. The
results obtained from this approach are compared with QMIX, a multi-agent value-
based method [67]. This effort examines whether a joint resource evaluation strategy
can yield benefits in overall operations performance with improved resource utilization
efficiency. The focus is to investigate the system’s ability to find an optimal solu-
tion that effectively manages spectrum resource utilization, ensures aircraft maintain

separation, and minimizes flight travel time.

4.1 System Model and Problem Formulation

4.1.1 System Model

This study considered a UAM scenario in which multiple aircraft travel en-
route from an origin vertiport to a destination vertiport, as shown in Fig. 4.1. The
network consists of a finite set of aircraft, N' = {ny,...,ny} operating in an airspace
system. For safe operations, two-way reliable communication between the aircraft
and base stations is required. Each aircraft communicates with a set of base sta-
tions B = {by,...,by} using bidirectional communications, and spectrum reuse is

employed such that a finite set of available frequency channels F = {fi,..., fx}
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may be simultaneously shared by multiple users, provided the interference is main-
tained within acceptable levels. Each aircraft’s 3-D position vector is represented
by X,(t) = [2.(t),yn(t), 2,(t)]", and the set of all aircraft position vectors is
X = {x1(t),...,xn(t)}. The velocity of each aircraft is represented by X,(t), and
the set of all aircraft velocity vectors is V = {X;(t),...,xn(t)}. The network is mod-
eled using discrete time steps denoted by T = {1,2,...,T} of duration AT. The

notations used for the system model and the problem formulation are listed in Table

4.1.

Figure 4.1: System model for an Urban Air Mobility scenario. The diagram shows air-
craft traveling between vertiports and communicating with base stations using shared

frequency channels, forming the basis for reinforcement learning-based resource allo-
cation.

It is assumed that all in-flight aircraft traversing a UAM corridor at its as-

signed cruise altitude will have an unobstructed signal path between the antennas of
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Table 4.1: Summary of key notation used in the reinforcement learning system model.
The table defines variables for aircraft positions, velocities, channel assignments, and
other parameters relevant to optimization.

Notation
Set of all aircraft N ={nq,..nyn}
Aircraft 3-D position vector X (t) = [2a(t), yn(t), 20 ()]
Set of all aircraft position vectors X ={x1(t), ..., xn(t)}
Set of all aircraft velocity vectors V= {xi(t),....xn(t)}
Aircraft n,, position at start of flight path x,(0)
Aircraft n,, position at end of flight path X, (Ty)
Distance between aircraft n,, and n,, Dy, = [|Xn — Xm|
Aircraft minimum separation Amin
Set of all M base stations B={by,...,bn}
Set of all K available channels F=A{f1, fr}
Aircraft n,, channel assignment C,
Set of all aircraft channel assignments C={ci,....cn}
Aircraft maximum speed Vinax

the aircraft system and at least one base station antenna. For optimal signal strength,
aircraft n,, connects with base station b,, which is situated at the shortest longitudinal
distance and therefore represents the closest associated base station. The distance

between base station b,, and aircraft n, is referred to as d,,,. The uplink trans-
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mission SINR is calculated using (4.1), where p¥ is the uplink power of the aircraft
transmitter and p? is the interference produced by other aircraft transmitters on the

same frequency channel [68] [43].

phd,S,(t)

n'n,m

> Py () + No

Similarly, the downlink transmission SINR is calculated using (4.2), where p is the

Tn(t) = (4.1)

downlink power of the base station transmitter and p? is the interference produced
by other base station transmitters on the same frequency channel.

pad;0.(t)

n-'n,m

> jtn p?@%@) + No

The transmit powers for all aircraft and base stations were assumed to be

Tn(t) = (4.2)

fixed real values: p* € R and p¢ € R, respectively. The path loss exponent § € R is a
product of the propagation environment, and the noise term N is the additive white
Gaussian noise (AWGN) power spectral density. Equations (4.1) and (4.2) show that
the SINR depends on transmitter power, distance, channel selection, and path loss.
While aircraft transmit powers may vary, FAA engineering practices typically assume
uniform EIRP across aircraft [42]. The path loss exponent varies with the environ-
ment, with urban values ranging from 2.1-3.5 based on the flight phase [44] [69].
Among these parameters, only the distance and channel selection can be dynamically
adjusted by an intelligent agent to jointly optimize SINR and flight time. Because the
flight paths are predefined, distance control is achieved by adjusting aircraft velocity

at each time step.
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4.1.2 Problem Formulation

The goal of this study was to minimize the total time required for all aircraft
to complete their assigned flight plans. To achieve this, each aircraft must optimize
its velocity selection, X,,(¢) and channel assignment c,, while maintaining continuous
link connectivity and meeting the minimum SINR requirements. The minimization of
the total flight completion time is formulated using the following objective function:

(P1): mip

Y

2T

subject to  C1: 4%(t) > SINR" Vn, € N,

min’

C2: 44(t) > SINRY,, Vn, €N,

min’

K
C3: Zcﬁk =1,Yn, € N,

k=1

K

4.3

C4: Zcﬁvkzl,VnnGN, (4.3)
1

k

C5: x,(0) = x°,Vn, € N,
C6: x,(T,) = x5, ¥n, € N,
CT: X, (t) < Viax, Vi, € N,
C8: D, > dpin, Vm # n.

The objective function minimizes the total flight travel time for different
combinations of velocities and channel selection for all aircraft in the UAM scenario.
Constraints, C1 and C2 ensure that all aircraft n,, € N comply with the minimum
signal quality threshold for both uplink and downlink communications, respectively.

These constraints illustrate the relationship between aircraft position using a selected
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velocity from V and the assigned channel from C in the SINR calculation. Constraints
C3 and C4 enforce that each aircraft can only select a single uplink and downlink
channel at any time, respectively. Constraint C5 denotes each aircraft’s starting co-
ordinate location for departure, and constraint C6 denotes the aircraft’s final location
once arriving at its destination. Constraint C7 enforces each aircraft’s speed limita-
tion, and C8 enforces airspace safety separation that must be maintained under all

flight operations.

4.2 Reinforcement Learning Solution

In the UAM environment, decisions made for each aircraft are influenced by
the actions of all other aircraft in the region. This makes the optimization problem
defined in (P1) a Markov game that extends the Markov decision process to multiple
interacting agents. Particularly, this implementation is referred to as a decentralized
fully observable Markov decision process with shared rewards [70], and for N agents,
the process is defined by four elements: state space (S), action space (A), reward
function (R), and state transition probability (P). At each time step, an agent
observes the current state s,, and chooses an action a,,. The new state s/, is determined
by the state transition probability P(s), | s, a1, as,...,ay). The environment then
provides a reward, r based on the reward function, R, which measures how well
the agent’s goal is achieved. Agents employ a policy denoted as my(a; | 0;) and

parameterized by 6, to generate action a; based on observation o;. Together, they
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aim to maximize the discounted cumulative reward J(#). The components of the

decision-making process are as follows:

o State S: Owing to the existence of multiple aircraft in the UAM system, each
agent has its own state observations. For aircraft agent n,, its observed state
s, includes its self-flight completion status as well as the locations of nearby

aircraft.

o Action A: At every time step, the agent selects both the aircraft velocity and
channel assignment. Accordingly, the joint action for agent n, can be denoted
as an, = (Gyn,acn), where a,, and a., represent the velocity and channel-
selection actions, respectively. Continuous velocity selection is discretized into
L speed levels, such that both velocity and channel selections are integrated
into a single discrete action space. With N agents, each of which may choose
between L speed levels and K channels, each of the N agents has a total of

L x K available actions at its disposal.

« State Transition Probability P: The state transition function f, generates
the next-state progression in response to agent-supplied actions. Once aircraft
n, departs its vertiport and is in-flight, its next position is defined by x|, =
X, +ATa,, where the next state is determined by s;, : f(x],,x]), and the state
transition representation is P : s, — s,,. Function f : (x,,x;) — s, maps the

aircraft position to state.
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o Reward Function R: In the decision process, the reward function R : Sx A —
R maps state-action pairs to scalar rewards r, which provides an indication
of how well the agent has achieved its goal. For this UAM system model,
the reward at each time step includes 1) a penalty for violating the minimum
communications quality-of-service requirement, 2) a penalty for violating the
minimum aircraft separation requirement, and 3) a penalty for waiting in place

(i.e., hovering) while airborne.

The following sections describe the two multi-agent deep reinforcement learn-
ing algorithms used to solve the (P1) optimization problem in the UAM system model
described previously. The first algorithm is a multi-agent implementation of the PPO
algorithm, which is a policy-based learning algorithm, and QMIX, which is a value-

based learning algorithm.

4.3 Multi-Agent PPO

4.3.1 Overview

PPO is a modern reinforcement learning algorithm in the policy gradient
family. Policy gradient methods are a type of reinforcement learning algorithm that
directly optimizes the policy, that is, the mapping from states to actions, by perform-
ing gradient ascent on the expected rewards. Unlike value-based methods, such as
Q-learning, which learn a value function and derive a policy from it, policy gradient

methods learn the policy directly.
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The PPO algorithm alternates between collecting experience from the envi-
ronment and optimizing a surrogate objective via stochastic gradient ascent. Unlike
traditional policy gradient methods, which typically perform a single update per
data point, PPO enables multiple epochs of minibatch updates. This approach re-
tains some of the stability benefits of Trust Region Policy Optimization (TRPO) [71]
while being simpler to implement, more versatile, and often more sample-efficient,
allowing the method to learn effective policies with fewer environment interactions.
This can be particularly advantageous in reinforcement learning scenarios, where
collecting data (e.g., running simulations or real-world trials) can be expensive or
time-consuming. Empirical results on benchmark tasks, such as simulated robotic
locomotion and Atari games, demonstrate that PPO outperforms other online pol-
icy gradient methods, offering a balance between sample efficiency, simplicity, and
training time [65].

As an on-policy algorithm, the PPO method involves a sampling and train-
ing loop at each iteration. During sampling, rollouts are generated from agent-
environment interactions using the current policy. These rollouts are then used im-
mediately in the training phase to update the policy through backpropagation. A
critic network estimates the value of the states (expected discounted return), which
is used to compute the advantages of the actions taken. The PPO loss function com-
pares the actual returns to these estimates and guides policy updates to improve the
performance. In traditional policy gradient methods, large policy updates can lead to

performance collapse. PPO addresses this by restricting the extent to which the new
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policy can deviate from the old one during each update. PPO modifies the objective

function using a clipped surrogate objective.
LEYP(9) = E, [min (rt(Q)At, clip(r,(0),1 — ¢, 1+ E)At)} (4.4)

Where r4(0) = mo(as|st)/mooa(as]s¢) is the probability ratio between the new
and old policies, A, is the advantage estimate at time ¢, and ¢ is a small hyperparam-
eter (on the order of 0.1 or 0.2). The clip function ensures that r;(¢) remains within
the range of [1 —€,1 + €], and the primary concept behind the clipping function is
that if the new policy improves the advantage, At, too much, the clipping prevents
the update from being too extreme. If the update is within the nominal range, it
proceeds normally. This prevents the policy from changing drastically, which helps
maintain training stability and sample efficiency. In general, the advantage function

A™(s,a) is defined as

A™(s,a) = Q"(s,a) — V7(s) (4.5)

Where Q7 (s,a) is the expected return (cumulative reward) starting from
state s, taking action a, and then following policy m. V7™(s) is the expected return
starting from state s and following policy 7 regardless of the action taken. Clearly, if
A™(s,a) > 0, action a is better than the average in state s. If A™(s,a) < 0, action a
performs worse than the average, and if A™(s,a) = 0, action a performs as well as the
average. This helps the policy gradient algorithm focus on updates based on actions

that are better than expected, thereby improving learning efficiency. Because the
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true values of )™ and V™ are typically not known, the advantage can be estimated

by

At = (St + (7)\)5t+1 + (7)\)25154,_2 + ... (46)

where 0; = 1 + YV (s441) — V(s¢) is the temporal difference (TD) error,
is the discount factor, and A is a smoothing parameter. The PPO method uses the
advantage estimate A, in its clipped objective function to determine how much to
increase or decrease the probability of taking action a; in state s; which makes the

learning more targeted and stable.

4.3.2 MAPPO Implementation

The implementation of the multi-agent PPO algorithm used in this case study
is described in Algorithm 4, where an aircraft operation starts at departure vertiport
v, and arrives at destination vertiport vy, which traverses from source to destina-
tion and constitutes an episode, also known as an epoch. A set of Nep episodes
were executed, and each episode required a finite number of time steps to complete.
Simulation information, such as boundary parameters, buffer sizes, weight param-
eters, and infrastructure location, was provided as input to the simulation system.
The simulation outputs consist of trained weight parameters for the actor and critic
networks. Line 1 initializes the actor 6, and critic 6. weight parameters. Line 2
executes the maximum number of aircraft operation episodes, Nep. Line 3 executes
minibatch episodes used for actor-critic training. Lines 4-5 initialize the time steps

and aircraft departure information. Line 6 executes aircraft flight procedures for all
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participating aircraft n. Line 7-13 obtains environment observations s, utilizing a
mapping function f, actor action a, and softmax probability evaluations, reward r,
calculation, evaluates critic output V(s) and increments time. Lines 14-16 prepare
the information for network training, where N, transitions are retrieved from buffer
D, temporal difference error §; and advantage A, are calculated. Lines 17-22 execute
T, training iterations for actor and critic networks, where ratio r; is calculated, ac-
tor loss function L, evaluation is selected and actor network training is conducted
resulting in parameters 6,; similarly, critic loss L. is calculated yielding parameters

f.. The actor and critic networks had three and two hidden layers, respectively, and

both were configured to use the Adam optimizer with a learning rate of 0.001.

44 QMIX

4.4.1 Overview

QMIX is a multi-agent reinforcement learning method designed for cooper-
ative tasks. It enables centralized training with decentralized execution by decom-
posing a global action value function, Q;., into individual agent value functions @,,.
A mixing network ensures that (s, is monotonic with respect to each @Q,, allow-
ing agents to act independently while still optimizing the team performance. This
structure is particularly effective for scenarios that require tight coordination between

agents [67].
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Algorithm 4: Policy Optimization with Actor-Critic Learning.

Output: Learned parameters 6,, 6.

=

Initialize 6,, 6,;

2 for n.,, =1 to Nep do

3 for n, =1 to Nbdo

4 Set t + 0;

5 Reset AV locations: x,(t) + x9;

6 while x,(t) # xX Vn € N and t < Ny, do
7 for n=1to N do

8 Get state s, < f(x,(1));

9 Actor output a, ~ mg(a|s;);

10 Perform a,,, observe s, update x,;
11 Compute reward r,,, critic output V(s,);
12 t+—t+1;

13 Store (a, s, ry,s’) in buffer D;
14 Sample N, transitions from D;
15 Compute 6 = 1y + YV (se41) — V(s1);
16 Compute A; = 37 (YA) 0,41
17 fortizltoj}do
19 L, =E, [min (rtflt, clip(ry, 1 —e, 1+ e)/lt)} :
20 0, 0, —nVyLyg;
21 L.= % (Ar + Vi(se) = Va(si11))%;
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Figure 4.2: Architecture of the QMIX algorithm integrated with V-D3QN agent
networks. The figure illustrates how individual agent Q-values are combined through
a mixing network to produce a joint Q-value for cooperative decision-making.

4.4.2 QMIX Mathematical Formulation

In the QMIX framework, each agent m maintains its own individual Q-
function, denoted as @, (7", u™), where 7" represents the agent’s observation and
u™ is the action taken by the agent. These individual Q-functions are then integrated
into a global perspective through a joint Q-function, Q. (7, w), which depends on the
collective observations 7 = (71, 7%,...,7") and actions u = (u!,u?,...,u") of all the
agents. To achieve this integration, QMIX employs a mixing network that combines

individual Q-values into a joint Q-value by using the function f,,;,, parameterized by

0. This relationship is expressed as follows:

Qiot(T,u) = froia(Q1(Th, 1Y), Qa(72,u?), ..., Qu(T", u™); ) (4.7)
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The mixing network f,,;, was implemented as a neural network and specifically de-
signed to satisfy a monotonicity constraint. This constraint ensures that the joint

Q-value is a monotonic function of each individual Q-value, which is formalized as:

aC2t‘ot
OQn

>0 Vn (4.8)

This property guarantees that increasing the Q-value of an individual agent does
not decrease the overall joint Q-value. As a result, it becomes feasible to optimize
each agent’s Q-function independently while still contributing positively to the global

objective.

4.4.3 Hypernetwork Definition

QMIX introduces a hypernetwork to ensure that the joint Q-function Q.
remains monotonic with respect to each agent’s individual Q-function @, (7", u™).
This design allows the optimal joint action to be derived by independently maximiz-
ing individual Q-values, thereby enabling an efficient decentralized execution. The
hypernetwork generates the weights and biases for the mixing network based on the

global state s;. Formally, the mixing network parameters 6 are produced as follows:

0 = h(sy: @) (4.9)

where h is the hypernetwork parameterized by ¢. Specifically, it outputs

weights w;; and biases b; for the mixing network layers.

W;; = hwi]- (St; ¢)a bz - hbi(st; ¢) (410)
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4.4.4 Loss Function and Training

The QMIX method is trained by minimizing the squared temporal difference
error between the predicted joint Q-value and target value derived from the V-D3QN

architecture [72]:

L(#)=E [(yV’D?’QN — Quot(T, 13 5, 9))2} (4.11)

The target value is computed as:

yV_D3QN =r+7-max Quot(T/, 0", 5"07) (4.12)

where 7 is the reward, ~ is the discount factor, and 6~ are parameters of the
target network.

Fig. 4.2 illustrates the QMIX architecture, which consists of a set of n agent
networks and a mixing network. Each agent network receives its full observation 7"
and previous action u} ; to compute the local Q-value @, (7", u™). These individual
Q-values are then passed to the mixing network, which uses hypernetwork-generated
weights and biases to compute the joint Q-value ();,;. During the centralized training,
the full state was used to guide the mixing process. In decentralized execution, agents
act based on their local observations using the learned individual Q-functions. Our
implementation leverages the V-D3QN architecture for online execution, whereas

centralized training ensures coordination through the joint Q-function.
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4.5 Simulation and Case Study

A series of simulation experiments was conducted to investigate the effective-
ness of PPO with MAPPO for solving the MARL challenge. This section describes
the hypothetical UAM model used for the simulations, the case study description,

and the experimental results.

4.5.1 Environment Model

The environment for this analysis is illustrated in Fig. 4.3 and represents
a UAM scenario comprising multiple aerial vehicles traversing between vertiports
and using a set of base stations for air-to-ground communications. The proposed
environment provides a means of training and evaluating the learned behavior of
intelligent agents. This model consists of six aircraft, N' = {ny,no,...,ng}, and six
vertiports, P = {vy, vs,...,v6}. The UAM model was configured such that the nodes
were equidistant from each other. The network has a total of four communication
base stations, denoted by set B = {by, b, b3, by}, deployed at arbitrary locations, and
each base station antenna structure has a height of H,. A total of four frequency
channels denoted by set F = {fi1, fo, f3, fa} are used. Fig. 4.4 shows the flight profile
for the trajectory between vertiports vg and wvs, where the trajectory distance was

1500 units and the flight altitude was 150 units.

4.5.2 Simulation Parameters and Configuration

In this case study, we evaluate the ability of MARL agents to determine

the optimal policy for various environmental configurations. Table 4.2 presents the
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Figure 4.3: Diagram of the Urban Air Mobility environment used for reinforcement
learning simulations. The figure shows aircraft, vertiports, and base stations arranged
to evaluate multi-agent resource allocation strategies.

Figure 4.4: Flight corridor profile for the route between vertiports vg and vy. The
figure depicts trajectory distance and altitude used in simulation experiments.
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configuration and simulation parameters used in the evaluation. The flight plan for
each aircraft is given in Table 4.3, where the flight trajectory between the associated

departure and arrival points is shown for all participating aircraft.

Table 4.2: Configuration parameters for the Urban Air Mobility simulation environ-
ment. The table lists vertiport coordinates, base station positions, communication
settings, and propagation characteristics used in the study.

Model Parameters Value
Vertiport Coordinates (v; — vg)|[0, 750], [433, 1500], [1299, 1500],
(1732, 750], [1299, 0], [433, 0]

Base Station Coordinates [250, 375], [250, 1100],
(1482, 1100], [1482, 375]

Base Station height H? 15 units

Aircraft cruise altitude H” 150 units

Aircraft velocity V' (units/s) 0, 25, 50]

Flight distance (vs — vg) 1500 units

Aircraft Tx Power P* 30 dBm

Base Station Tx Power P4 40 dBm

AWGN Ny -96 dBm

Path loss ¢ (2, 2.4, 2.7

Pads per node C, 1
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Table 4.3: Flight plans for all aircraft in the simulation scenario. Each entry specifies
the departure and destination vertiports for evaluating multi-agent resource alloca-
tion.

Aircraft|Flight Plan
ni I (v1,v3)
n2 l2 (Uz, U4)
n3 I3(v3,v5)
! l4(v4, v6)
ns Is(vs, v1)
L ls (v, v2)

4.6 MAPPO Performance Analysis

4.6.1 Hyper-parameter Tuning

Actor-critic methods, such as MAPPO, require hyperparameter optimization
to improve system performance, including defining the number of episodes to run
before training. Episode data were stored in memory and used to train the model.
Different values were evaluated to determine the optimal number of episodes that
yielded the best performance. The epoch hyperparameter, referred to as the mini-
batch size (MB Size), represents the number of episodes executed before commencing
the actor and critic training. Additionally, we identified the number of training cycles

for the actor and critic networks as another critical hyperparameter, referred to as
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Training Iterations (Train Iter), which specifies the number of times each actor and

critic network was trained using the collected episode data.

Table 4.4: Hyperparameter settings for the MAPPO algorithm. The table includes
values for episodes, minibatch size, training iterations, learning rate, and other pa-
rameters used in reinforcement learning experiments.

Model Parameters |Value

Max. episodes Nep 1000

Minibatch Size Nb 4
Training Iterations T; )

Discount factor o, [0.0005
Learning rate 0.001
Smoothing factor A 0.95
Clip parameter € 0.2
Simulation Time 2s

Time slot duration AT| 1s

The hyperparameter selection involves a series of simulations conducted in
the UAM scenario. A controlled set of simulations was executed using the defined
reward values and constraints. The constraints were set to 1) the SINR threshold
value vqs = 2, and 2) the minimum separation d,,;, = 100. The reward values were
set to 1) separation violation penalty = -50, 2) SINR violation penalty = -50, 3) and
airborne waiting penalty = -50. A total of 32 simulation runs were performed with

varying parameter values to assess the system performance.
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Figure 4.5: Performance comparison of different minibatch sizes in MAPPO training.
The figure shows convergence trends for batch sizes 2, 4, 6, and 8 across training
episodes.

As shown in Fig. 4.5, the system was evaluated using MB size of 2, 4,
6, and 8. The number of training iterations was fixed at 20 for both the actor
and critic networks, and four evaluations were conducted for each MB Size value.
While all evaluations converged, the blue and green traces in the figure showed faster
convergence than the red and yellow traces. A closer inspection of MB Size = 4
reveals a slightly better performance than MB Size = 2, particularly beyond episode
500. Based on these findings, we selected an MB Size = 4 for network training.

For actor-critic training iteration tuning, we evaluated the Train Iter values
from the set {5, 10, 15,20}, as shown in Fig. 4.6. In this evaluation, the MB Size was
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Figure 4.6: Effect of training iteration count on MAPPO convergence. The figure
compares performance for 5, 10, 15, and 20 iterations, highlighting optimal settings
for faster learning.

fixed at four, and four episode trials were conducted for each Train Iter value. The
results indicate that the blue trace (Train Iter = 5) achieves convergence significantly
faster than the other traces. Training the system for 10, 15, or 20 iterations did not
yield an improved performance, with convergence occurring only after approximately

800 episodes. Based on these results, we selected Train Iter = 5 to train our system.

4.6.2 SINR Evaluation

Aviation spectrum depletion requires efficient frequency utilization across all

flight phases. Efficiency can be improved by optimizing frequency reuse while min-

5



imizing harmful interference. This simulation investigated the performance of the
actor-critic system under three different aircraft SINR threshold values, vq0s. It eval-
uates the system’s ability to maintain safe, interference-free communication between
aircraft by selecting appropriate channels and applying speed adjustments.

In this test, the system was tasked with managing frequency assignments
and reusing them while maintaining an interference-free environment. Specifically, it
was evaluated for its capacity to assign communication channels and optimize reuse,
considering the SINR threshold values 745 of 2.5, 4.5, and 6.5. Vehicle separation was
fixed at d,,;, = 100 units, with reward assignments as follows: separation violation =
-50, SINR violation penalty = -50, and airborne waiting penalty = -50. Fig. 4.7 shows
the reward accumulation versus training epochs for three different SINR threshold
values. A running average over the most recent 100 episodes is illustrated, where the
blue, orange, and green traces represent SINR values of 2.5, 4.5, and 6.5, respectively.

As shown in the figure, when the SINR threshold was 2.5, the system accu-
mulated higher rewards in fewer episodes, indicating a more efficient learning. When
the threshold increased to 4.5, the system required approximately 400 episodes to
converge. At an SINR value of 6.5, the system took even longer to converge com-
pared with cases 2.5 and 4.5. This extended learning time at higher SINR values is
expected owing to the increased communication quality-of-service requirements.

The frequency selection for each aircraft at each instance is illustrated in Fig.
4.8. As the aircraft executes its flight path, it changes the frequency assignments

based on channel availability and ~y,.s constraint. This figure illustrates how each fre-
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Figure 4.7: Accumulated reward trends for MAPPO under three SINR thresholds
(2.5, 4.5, and 6.5). The figure illustrates how stricter SINR requirements affect learn-
ing speed and convergence.

quency is reused throughout the flight. The MAPPO method assigns a frequency to
all aircraft, and the assignments adhere to the minimum SINR constraint parameter.
The system was able to allocate channels without producing harmful co-channel in-
terference for all aircraft operating in the airspace. Given that there are more aircraft
than channel assignments, the system is required to conduct frequency reuse. Fig.
4.8 shows that at ti3, frequency f; is reused three times, and as shown in Fig. 4.9,
frequency fy is used by aircraft no, n3, ng at time t13. This demonstrates the ability

of the system to maximize spectral efficiency while minimizing interference.
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Figure 4.8: Frequency allocation and reuse patterns for MAPPO under SINR thresh-
old 6.5 and minimum separation 100 units. The figure shows how channels are reas-
signed during flight to maintain communication quality.
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Figure 4.9: Detailed view of frequency reuse at time step 13 for SINR threshold
6.5. The figure highlights multiple aircraft sharing the same channel without causing
harmful interference.
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4.6.3 Path Loss Exponent Evaluation:

In this test, we evaluated the learning performance of the system for different
path loss exponent values. The path loss exponent ¢ from (4.1) and (4.2) quantifies
how the received signal power between the aircraft and base station decays with dis-
tance owing to the propagation conditions in the airspace environment. A higher ¢
indicates more severe path loss, resulting in faster signal attenuation, reduced cover-
age area, and a more challenging interference situation. Aircraft at cruising altitudes
are expected to experience propagation conditions close to free space, with § values
in the range of 2.0 to 2.1. When aircraft are near vertiports (i.e., during arrival or
departure), 6 may range between 2.4 and 2.8 [73] [69]. In our simulation, we eval-
uated the ability of the system to train under three path loss exponent values: 2.0,
2.4, and 2.8. The aircraft separation threshold was set to d,,;, = 300 units and the
SINR threshold was 405 = 4.5.

Fig. 4.10 shows the learning performance under three path loss conditions,
each representing different propagation environments. The blue trace (§ = 2.0) corre-
sponds to free-space conditions and converges the fastest, which is consistent with the
minimal signal degradation. The orange trace (0 = 2.4) reflects moderate path loss,
which is typical of lower-altitude flights. The green trace (0 = 2.8) represents urban
environments near vertiports, where buildings and obstructions increase the multi-
path interference. These results demonstrate the ability of the system to converge

across the varying wireless conditions encountered during different flight phases.
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Figure 4.10: Impact of path loss exponent on MAPPO learning performance. The

figure compares convergence for § values of 2.0, 2.4, and 2.8 under SINR threshold
4.5 and minimum separation 300 units.
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4.7 QMIX Performance Analysis

The QMIX algorithm was evaluated using the same use case scenarios as
those in the MAPPO assessment. Training was conducted under identical MDP con-
figurations, reward structures, agent setups, and mathematical models within the
UAM airspace framework. The QMIX configuration parameters are listed in Table
4.5. The scenario involved six aircraft flying predefined trajectories, four communi-
cation stations, and six vertiports in the Cleveland airspace, which were identical to

the MAPPO setup.

Table 4.5: Hyperparameter settings for the QMIX algorithm. The table lists values
for episodes, batch size, learning rate, discount factor, and other parameters used in
cooperative multi-agent training.

Model Parameters Value
Max. episodes Nep 1000

Max. number of steps Ngiep| 55

Batch Size Nb 64
Soft update rate p 0.01
Learning rate « 0.0005
Discount factor v 0.99
Simulation Time 2s
Time slot duration AT 1s

82



SINR - Running Average

04 —— sINR: 2.5 3
SINR: 4.5
—2500 4 —— SsINR: 6.5

—5000 +
P
= —7500 -
=
&
—10000 ~
—12500 ~
—15000 ~
T T T T T T T
0 100 200 300 400 500 600
Episodes X500

Figure 4.11: Convergence performance of QMIX under three SINR thresholds (2.5,
4.5, and 6.5). The figure shows how stricter SINR requirements increase training
complexity and convergence time.

4.7.1 SINR Evaluation

We evaluated the performance of V-D3QN with QMIX in managing the com-
munication channel assignment and reuse performance across different SINR con-
straint values qos of 2.5, 4.5, and 6.5, where we let Vg5 = Vgos = vgos. For this
evaluation, the minimum aircraft separation distance was set at d,,;, = 100 units,
with SINR violation penalty = —50, separation violation penalty = —50 and airborne
waiting penalty = —50.

Fig. 4.11 illustrates the convergence performance of the three s values. Ex-

perimental results showed that QMIX required significantly more episodes to achieve
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convergence compared to MAPPO. To maintain clarity and readability in the graph-
ical analysis, we opted to record progress at intervals of 500 episodes rather than
capturing data for every single episode. While the system continues to optimize
parameters at each episode, the data collection for visualization purposes is down-
sampled by a factor of 500. Consequently, the x-axis in the QMIX convergence graphs
is labeled as "Episodes x 500” to reflect this aggregation.

When 7405 = 2.5, the system converged in fewer episodes than when compared
t0 Yqos = 4.5 and 6.5. The slowest convergence occurs at y40s = 6.5, owing to a higher
SINR threshold that requires stronger signals, making interference avoidance more
challenging. As expected, higher SINR values increase the complexity of the frequency
deconfliction owing to the greater signal propagation distance. Nonetheless, all the
configurations converged to a policy by episode 600 (x 500).

The QMIX algorithm effectively manages spectrum assignments while main-
taining the SINR and separation constraints. As shown in Fig. 4.12, the system
allocates frequencies for all aircraft under a stringent SINR threshold of 6.5 and a
separation requirement of 100 units. Owing to the limited channel availability, each
aircraft is assigned a single channel per time step. The system also reuses frequencies
while avoiding interference; for example, at t = 12, frequency f5 is assigned to n; and
ns, whereas fs is reused by no and ng. Fig. 4.13 shows how velocity control is used
to support interference mitigation. At ¢ = 12, aircraft ny, no, and ns reduce their

speeds to maintain safe and efficient communication.
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Figure 4.12: Frequency allocation and reuse patterns for QMIX under SINR thresh-
old 6.5 and minimum separation 100 units. The figure illustrates how channels are
managed to maintain communication quality.
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Velocity

t |lnl n2 n3 nd n5 n6
tl1 |25 50 50 50 50 50
t2 |50 50 50 50 50 50
t3 150 50 50 25 50 50
t4 |50 50 50 25 50 50
t5 150 50 25 25 50 50
t6 | 25 50 50 25 50 50
t7 125 50 25 25 50 25
t8 125 50 25 25 50 25
t9 125 50 25 25 50 25
t10( 25 50 50 25 50 25
t11( 25 50 50 50 50 50
t12( 25 25 25 50 50 50
t13(25 25 25 50 50 50
tl4( 25 25 25 50 50 25

t151 25 50 25 50 25
tl6 | 50 50 50 50 25
t17 | 50 50 50 50
t18 | 25 50 50 50
t19 | 25
t20 | 50
t21| 50
t22 | 50

Figure 4.13: Velocity adjustment strategies used by QMIX to mitigate interference
under SINR threshold 6.5 and minimum separation 100 units. The figure shows how
speed control supports spectrum efficiency.
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4.7.2 Path Loss Exponent Evaluation

As noted in the MAPPO evaluation, the path loss exponent is a key pa-
rameter in wireless communications because it governs how rapidly the signal power
decays with distance. This directly influences the spectrum utilization and maximum
achievable channel efficiency. In urban environments, channel quality is expected to
vary depending on terrain, building density, aircraft altitude, and other factors. In
our evaluations, we aimed to assess the system’s ability to effectively manage a set
of frequencies and reuse them without causing harmful interference in a given geo-
graphical area. Signal decay rates differ depending on the environmental geography,
which imposes limitations on frequency reuse.

Simulation experiments were conducted using path loss values representative
of both dense urban environments and aircraft cruise altitudes. A value of § = 2.0
reflects free-space conditions, while § = 3.5 represents an urban environment in which
the aircraft is performing landing or departure procedures. The training converged
at approximately 600 (x 500) episodes for all path loss values as indicated in Fig.
4.14. However, as expected, both the free-space case and the § = 2.4 case converge
sooner than § = 3.5. The network requires more time to converge in a more complex

urban environment.

4.8 MAPPO and QMIX Analysis

Both value-based and policy-based approaches were evaluated using the same

UAM environment, objective function, constraints, and flight plan parameters. A
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Figure 4.14: Effect of path loss exponent on QMIX convergence. The figure compares

training performance for different propagation conditions under SINR threshold 4.5
and minimum separation 300 units.
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comparative analysis of the simulation results was conducted to assess the perfor-
mance and highlight the advantages of each technique.

Fig. 4.15 compares the simulation results of QMIX (dashed orange trace) and
MAPPO (solid blue trace). The lower x-axis corresponds to MAPPO episodes, the
upper x-axis to QMIX episodes, and the y-axis to the reward. Both algorithms were
tested with an SINR target of v40s = 4.0, a separation constraint of d,,;, = 100, and
penalty values of —50 for SINR violations, separation violations, and airborne waiting.
A low separation threshold emphasizes the SINR resolution. MAPPO converged by
episode 400, whereas QMIX required approximately 400,000 episodes, highlighting
MAPPOQ’s superior sample efficiency.

A second evaluation, as shown in Fig. 4.16, used a higher separation threshold
of dpin = 250 and a reduced SINR target of 7405 = 3.0 to shift the focus to separation.
The penalty values remain unchanged. In this case, MAPPO converged by episode
300, whereas QMIX required approximately 300,000 episodes, again demonstrating
faster convergence of MAPPO.

Both methods successfully learned optimal policies that maintained the SINR
below the target and ensured safe aircraft separation. While both used speed control
and frequency reuse to manage interference and separation, MAPPO consistently con-

verged in significantly fewer episodes—approximately 1,000 times faster than QMIX.
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Figure 4.15: Comparison of SINR convergence between MAPPO and QMIX under
SINR threshold 4.0. The figure highlights MAPPQO’s faster learning and superior
sample efficiency.
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Figure 4.16: Comparison of MAPPO and QMIX performance under a separation
constraint of 250 units. The figure shows how both algorithms manage interference
and maintain safe distances, with MAPPO converging significantly faster.
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4.9 Observations and Potential Follow-on Studies

This study explored the application of multi-agent deep reinforcement learn-
ing to the joint optimization of airspace and spectrum resources in UAM environ-
ments. Two MARL approaches—policy-based MAPPO and value-based QMIX—
were evaluated under varying signal quality and propagation conditions.

Key observations include:

e Both MAPPO and QMIX successfully learned policies that maintained aircraft

separation and met SINR constraints while minimizing flight time.

e MAPPO consistently demonstrated superior sample efficiency, converging to
optimal policies in significantly fewer episodes than QMIX—often by orders of

magnitude.

e The learning performance of both algorithms was sensitive to environmental
parameters such as SINR thresholds and path loss exponents. Higher SINR
requirements and urban-like propagation conditions (higher path loss) led to

slower convergence.

o Both methods effectively leveraged frequency reuse and velocity control to man-
age interference and maintain safe operations, even under constrained channel

availability.

Potential directions for follow-on studies:
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o Scalability analysis: Investigate how these MARL methods perform in larger-
scale UAM networks with more aircraft, vertiports, and dynamic traffic pat-

terns.

o Real-time adaptability: Extend the framework to handle real-time changes in

network topology, such as aircraft rerouting or emergency landings.

o Heterogeneous agent behavior: Explore scenarios where aircraft have different

communication capabilities, mission priorities, or learning strategies.

o Integration with air traffic management (ATM): Study how MARL-based re-
source allocation can be integrated with existing ATM systems and regulatory

frameworks.

o Robustness to uncertainty: Evaluate the resilience of learned policies under
uncertain or adversarial conditions, such as jamming, signal degradation, or

sensor noise.

These findings support the feasibility of using MARL for coordinated resource
management in future UAM systems and highlight promising avenues for continued

research and development.
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CHAPTER V

SUMMARY AND CONCLUSIONS

5.1 Summary of Research

This dissertation presents a comprehensive investigation into the application
of machine learning (ML) and artificial intelligence (AI) techniques for optimizing
spectrum utilization in the context of Advanced Air Mobility (AAM), with a par-
ticular focus on Urban Air Mobility (UAM) scenarios. The increasing demand for
aeronautical communications, driven by the emergence of new aerial vehicles and op-
erational paradigms, necessitates a more intelligent and adaptive approach to spec-
trum management beyond traditional static allocation methods.

The research is structured around three core areas:

e Prediction of Airspace Demand: Methods for forecasting aircraft trajecto-
ries, airspace density, and communication demands were explored using both
learning-based and rule-based approaches. These predictions serve as critical

inputs for dynamic resource allocation.

o Learning-Based Resource Allocation: Two primary ML approaches were

investigated:
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— Graph Neural Networks (GNNs): Used to solve the channel assignment
problem through graph coloring, where aircraft and their potential inter-

ference relationships are modeled as nodes and edges in a graph.

— Multi-Agent Reinforcement Learning (MARL): Specifically, MAPPO
(policy-based) and QMIX (value-based) algorithms were applied to jointly
optimize channel selection and aircraft velocity, aiming to minimize flight

time while maintaining communication quality and safety constraints.

e Modeling and Simulation Tool Development: A modular simulation plat-
form was developed to evaluate the proposed concepts in realistic airspace sce-
narios. The tool integrates prediction modules, resource allocation algorithms,

and visualization capabilities, enabling detailed performance analysis.

5.2 Key Findings

o Graph Neural Networks demonstrated superior performance over greedy al-
gorithms in high-density airspace scenarios, effectively reducing interference

through intelligent channel assignment.

» Reinforcement Learning Approaches (MAPPO and QMIX) successfully learned
optimal policies for joint spectrum and airspace resource management. MAPPO
consistently outperformed QMIX in terms of convergence speed and sample

efficiency.
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o Prediction-driven simplification of the problem space (e.g., allocating channels
only when communication is predicted) significantly reduced computational

complexity and improved allocation efficiency.

o Simulation results confirmed that intelligent spectrum management can enable
frequency reuse, reduce interference, and support the scalability of future AAM

operations.

5.3 Conclusions

The research confirms that integrating AI and ML into aviation spectrum
management offers a promising path toward meeting the communication demands
of future airspace systems. By leveraging predictive analytics and adaptive learning
algorithmes, it is possible to dynamically allocate spectrum resources in a way that is
both efficient and scalable.

The proposed framework supports:

Enhanced spectrum utilization efficiency,

Improved airspace capacity,

Support for autonomous and remotely piloted operations, and

A foundation for future regulatory and operational frameworks in AAM.

5.4 Future Work

Several avenues for future research are identified:
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Incorporation of time-dynamic graph models to better reflect evolving airspace

conditions.

Transfer learning techniques to improve generalization across different airspace

configurations.

Integration with structured airspace concepts, such as predefined corridors and

waypoints.

Expansion of the simulation environment to include more complex propagation

models and real-time data feeds.

Regulatory alignment and implementation strategies for transitioning to intel-

ligent spectrum management in operational environments.
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APPENDIX A

MODELING AND SIMULATION TOOL DEVELOPMENT

To implement the intelligent spectrum management concept (i.e., integrated
demand prediction and learning-based resource allocation) and evaluate its perfor-
mance, a modeling and simulation platform is developed. This platform consists of
computational tools and environment visualization capabilities. A key feature is the
integration, development, and evaluation of learning-based models within a simulated
airspace operational environment.

Additional design objectives include the development of a live, virtual, and
constructive operational mode, enabling incremental evaluation of concepts as they
mature. A modular architecture supports a flexible and scalable approach for testing
various communication systems, airspace environments, and neural network models.
Initial development efforts focus on communication analysis and visualization of VHF
ground-to-air links used in ATC within the NAS, serving as a baseline for evaluating
novel spectrum management strategies.

Toolset Architecture: The modeling and simulation tool employs a mod-
ular approach to deliver incremental capabilities. This design also facilitates integra-
tion with external software and interfaces for modeling diverse scenarios, as illustrated

in Fig. A.1.
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Figure A.1: Architecture diagram of the modeling and simulation platform. The
figure shows modular components and their connections to external interfaces, illus-
trating how the system integrates prediction, resource management, and visualization
for spectrum analysis.

Within the processing engine, simulation objects are updated based on a timer
using predefined timesteps or real-time data streams. Object locations and properties
are updated at each timestep. During each iteration, all tasks required to update and
analyze active objects are added to a thread pool and executed concurrently. Once
all threads complete, the processing engine redraws the visualizer graphics and waits
for the next iteration.

Each timestep involves data processing using various code packages and com-
munication tools. Geospatial calculations determine aircraft sector locations and path
lengths between transceivers. Communication tools handle link budget analysis, in-

terference evaluation, and QoS metrics.
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Aircraft flight data preloaded into a scenario undergoes preprocessing before
visualization. This includes interpolating aircraft positions, determining sector and
heading, performing link budget calculations, and evaluating interference. Prepro-
cessed data is rendered by reading time-stamped rows, improving simulation perfor-
mance.

Live data feeds are processed similarly but in real time. For example, an
interface to the X-Plane flight simulator allows the tool to receive live aircraft posi-
tion updates, which are rendered after airspace and communication calculations are
completed.

Visualization: The simulation visualization dynamically displays all ob-
jects in a spectrum management scenario. It graphically represents airspace, aircraft,
ground stations, and weather data. Rendering is powered by the NASA WorldWind
SDK [74], an open-source Java-based virtual globe API. The simulation control inter-
face, built on WorldWind, provides users with an intuitive environment to manipulate
and observe the simulation. Users can edit transceiver parameters, import flight and
weather data, and configure communication link analysis. A screenshot is shown in
Fig. A.2.

Data Management: Simulation parameters for airspace and ground sta-
tions are stored in a SQLite database. This includes sectorization, ground station
locations, airports, waypoints, and NAVAIDs. Tables define relationships between
centers, sectors, and facilities (e.g., ground stations in a sector, neighboring bound-

aries). NAS center and sector tables include identifiers, names, altitude ranges, bor-
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Figure A.2: Screenshot of the modeling and simulation tool interface built on NASA
WorldWind. The interface displays airspace sectors, aircraft positions, and com-
munication links, enabling interactive configuration and visualization of spectrum
management scenarios.

ders, and centroids. ATC ground station tables include location names, sector IDs,
frequencies, coverage radii, coordinates, power levels, and associated airspace [75]. A
flight plan table is under development to store FAA-preferred routes for flight track
generation. Scenario definitions and output data are also stored for analysis.
Communication Tools: As the engine updates object states, communica-
tion tools perform link budget calculations. For a given air-ground link, the controller
identifies interfering links and computes the signal-to-interference ratio (SIR) as a QoS
metric. The analysis compares the intended link to co-channel and adjacent-channel

interference. Assumptions are based on FAA guidelines [42], including channel spac-
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Figure A.3: Example visualization of airspace with air-to-ground link analysis results.
The figure highlights aircraft positions, ground stations, and calculated signal-to-
interference ratios for evaluating communication performance.

ing, emissions, line-of-sight limits, and power levels. The default propagation model
is free-space path loss, with options to integrate more complex models. An exam-
ple output is shown in Fig. A.3. By default, the tool assumes isotropic antennas,
but users can import directional antenna patterns. For example, a VHF dipole pat-
tern is shown in Fig. A.4. The software calculates geometry between transceivers to
determine directional gain.

Resource Management: The Resource Manager module uses current and
predicted states to allocate spectrum resources while maintaining minimum QoS. In

the ATC case, frequencies are allocated to airspace sectors. The Resource Manager
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Figure A.4: Radiation pattern of a dipole antenna used at a ground station. The
figure illustrates directional gain characteristics that influence link performance in
spectrum management simulations.

integrates data from the processing engine and prediction module to optimize spec-
trum distribution for the scenario under study.

External Interfaces: Access to air traffic data is essential for assessing spec-
trum needs. The tool supports importing data from multiple sources. Historical data

is available via NASA’s Sherlock Data Warehouse, which includes processed SWIM
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data such as track points and flight events. Simulated traffic from external flight
simulators enables custom real-time scenarios. Custom traffic can also be generated
from FAA-preferred or user-defined flight plans. Real-time assessments are supported
using live data from FAA’s SWIM Flight Data Publication Service [76] and ADS-B
feeds. This enables simulation of both nominal and off-nominal operations.
Prediction: An interface for trajectory and airspace demand prediction was
developed. The module receives current aircraft and weather data, returns predic-

tions, and informs the Resource Manager for improved spectrum allocation.
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APPENDIX B

ACRONYM LIST

Acronym Definition

AAM Advanced Air Mobility

ADS-B  Automatic Dependent Surveillance-Broadcast
Al Artificial Intelligence

API Application Programming Interface

ATC Air Traffic Control

CNN Convolutional Neural Network

CRN Cognitive Radio Network

DARPA  Defense Advanced Research Projects Agency
DSA Dynamic Spectrum Access

FAA Federal Aviation Administration

GCN Graph Convolutional Network

GNN Graph Neural Network

MAC Medium Access Control

MAPPO Multi-Agent Proximal Policy Optimization
MARL  Multi-Agent Reinforcement Learning
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Acronym Definition

MIMO
ML
MSL
NAS
NASA
NAVAID
NTIA
PHY
PPO
QoS
ReLU
RF

RL
RLF
SDK
SINR
SWIM
TFR
TRPO
UAM

UHF

Multiple Input Multiple Output

Machine Learning

Mean Sea Level

National Airspace System

National Aeronautics and Space Administration
Navigation Aids

National Telecommunications and Information Administration
Physical Layer

Proximal Policy Optimization

Quality of Service

Rectified Linear Unit

Radio Frequency

Reinforcement Learning

Recursive Largest First

Software Development Kit
Signal-to-Interference-plus-Noise Ratio

System Wide Information System

Temporary Flight Restriction

Trust Region Policy Optimization

Urban Air Mobility

Ultra High Frequency
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Acronym Definition
VHF Very High Frequency

V-D3QN Variant of Double Dueling Deep Q-Network
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