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Abstract

An influx of private actors and state-owned agencies are entering the space industry to
capitalize on space-based infrastructure and resources. Specifically, low Earth orbit (LEO) is
seen as an untapped satellite communications (SATCOM) resource. With the deployment of
SpaceX’s Starlink, the concept of a proliferated low Earth orbit (P-LEO) satellite constellation
for internet services has become a reality. These networks of thousands of satellites coordinate to
deliver internet access directly to millions of user terminals. Despite mixed results among P-LEO
operators, the joint market and orbital dynamics governing operational and orbital sustainability
remain largely unexplored. This dissertation investigates these dynamics by modeling the P-LEO
SATCOM market as a dynamical system to be explored.

First, using Satellite Tycoon, a tabletop board game developed as a multi-player simulation
environment, a randomized controlled trial (RCT) is conducted to study how human participants
develop constellation management strategies in response to economic and policy instruments.
Results reveal that while players’ revenue efficiency improves across repeated play, the tested
policy treatments had a limited effect on satellite overproduction and debris generation, though
derelict satellite debris showed a measurable reduction under the treatment condition. Next,
a parameterized, single-agent reinforcement learning (RL) environment was constructed to
model the specific dynamics and effects experienced by a single P-LEO constellation operator.
An orbit plane catalog was created to give the agent a wide variety of constellation design
choices, and RL agents were trained across a range of environmental configurations to explore
which environment parameters most influence P-LEO constellation feasibility. Finally, the
single-agent framework was extended into a multi-agent environment in which multiple RL
agents act as constellation operators interacting and competing with one another for a limited
market share. The utility function assigning customers to the single agent was replaced with a
more sophisticated, reverse-bidding multi-attribute decision-making (MADM) model to more

accurately model the zero-sum nature of customer acquisitions in SATCOM.
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Chapter 1

Introduction

Low Earth orbit (LEO) has seen a signi cant surge in activity related to Earth observation,
satellite communications, and national security missions. Primarily, this increase has been led
by private space companies, such as SpaceX, leveraging reusable launch vehicles and secondary
payload ride-share programs. Speci cally, the rapid expansion of proliferated low Earth orbit
(P-LEO) satellite constellations is revolutionizing the satellite communications (SATCOM)
industry. Such P-LEO satellite constellations are designed to deliver global connectivity and
high-bandwidth internet services by operating thousands of (relatively) cheap satellites in
low orbit altitudes. While operating these “mega-constellations” in such low altitude regimes
decreases satellite-to-ground latency and can potentially provide broadband internet services to
remote regions, lower satellite access areas, and higher likelihoods of conjunctions produce new

challenges for operational ef ciency and long-term space sustainability.

1.1 Motivation & Research Context

While SpaceX has aggressively deployed thousands of satellites as part of its Starlink and
Starshield constellations [1] (becoming a dominant “ rst-mover” in the industry [2]), networks
such as Amazon's Kuiper [3] and EutelSat's OneWeb [4] are also in development. Additionally,
multiple Chinese P-LEO constellations such as Xingwang, Qianfan [5], and Guangwang [6] are
all in various stages of the constellation development cycle. While these P-LEO constellations
promise to capture untapped markets and provide access to underserved communities, they

also expand the SATCOM market complexity and introduce emergent dynamics not previously



seen in the space sector. Space sustainability, market competition, impacts to national security
infrastructure, and long-term business strategies are all factors that P-LEO SATCOM operators
must weigh when evaluating mission design and constellation pro tability.

Space sustainability has often referred to the proper, responsible, and fair usage of orbital
capacity and space; however, in recent years, this term has also come to represent the nancial
sustainability of companies operating space-based assets. The primary driver of space sustain-
ability in LEO is the mitigation and remediation of space debris. Operators can mitigate space
debris generation by de-orbiting their derelict satellite to safely burn up in the atmosphere [7].
However, debris generation by increased launch activity poses a signi cant risk to ongoing
space missions. When developing initial constellation designs, and making subsequent strategic
business decisions, SATCOM operators must consider both the immediate impact of their con-
stellations and the long-term implications for the overall LEO regime. Since LEO has been a
popular orbital regime for satellites and space stations, the amount of active and derelict resident
space objects (RSOs) has grown (and continues to grow) at an alarming pace, primarily due to
P-LEO satellite constellation development. Failing to account for sustainable behavior in LEO
could lead to a Kessler Syndrome [8] in which cascading collisions render LEO unusable by
anyone. This scenario would be an example of a Tragedy of the Commons, a scenario in which
a resource (LEO space in our case) becomes restricted to all competitors due to self-serving
growth strategies [9].

While the SATCOM industry has historically been stagnant, P-LEO entrants are rapidly
evolving and advancing market competition. Modern P-LEO SATCOMs offer broadband
internet services to a wider array of customers by operating across many more competitive
frequency bands, having shorter latencies, and providing greater swathes of total coverage [10],
as compared to traditional SATCOM [11]. This allows P-LEO operators to offer broadband
internet services to a wider customer base in the hopes of reaching pro tability with economies
of scale; however, this strategy also draws competition with traditional internet service providers
(ISPs) and telecommunications incumbents, such as AT&T and Spectrum. As most of the
terrestrial telecommunications industry is a regional oligopoly and the SATCOM market has

been implied to be a monopoly [12], it remains uncertain how many satellite internet providers



are capable of sustainable business in the SATCOM marketplace [13]. Alternate technologies
adopted by terrestrial ISPs such as ber optic internet make the tradeoff between P-LEO satellite
internet and terrestrial solutions a much more complex and dif cult decision for consumers, thus
leading to an increasingly noisy marketplace and a potential speculative bubble in the SATCOM
market.

While much of LEO activity has seen commercial growth, national security interests have
also continued to drive growth by adding new capabilities for command and control in space.
This has led to space becoming a contested domain by multiple nations. Such expansions of
national security infrastructure can shorten communication times between war ghters, serve as
robust and redundant communications methods, and provide war ghters and rescue operations
communications in remote regions that would otherwise not have them. However, the grow-
ing activity by militaries entering LEO is causing many to grow concerned by the escalating
brinkmanship that is leading many private companies to reevaluate their space strategy. While
this work does not directly address space warfare, the business strategies in response to con-
gestion, strategic constellation design, and launch cadence may inform space policy for similar
threats to nations and militaries. Similarly, space strategy from a national security perspective
could also inform the mission design and pro tability of operating a P-LEO constellation in a

contested space environment.

1.2 The Satellite Communications Industry in the P-LEO Era

Historically, the commercial SATCOM sector has been divided into two primary service cate-
gories: unidirectional broadcasting and bidirectional broadband internet. Previous generation
systems from Iridium [14], Globalstar [15], Teledesic [16], and Orbcomm [17] struggled to
gain traction in the broadband internet marketplace due to substantial expenditures, relatively
poor network performances, and limited practical use cases. The nancial burden associated
with satellite production, launch vehicles, and maintenance offered an unappealing option to
consumers outside of very speci c use cases. However, an increased data demand coupled with
advancements in antenna technologies [18] and reusable launch vehicles [19, 20] has facilitated

a surge in investment and subsequent development activities of constellations operating in low
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Earth orbit (LEO) [21]. Such Proliferated Low Earth Orbit (P-LEO) constellations call for
thousands of relatively cheap satellites to be deployed in LEO and provide low-latency internet
access directly to consumers via user terminals. This constellation development strategy differs
from conventional satellite systems in both volume and price per satellite, utilizing economies
of scale to drive down production costs [22]. The goal of such development strategies is to
entice military, maritime, aviation, and residential [23] consumers to consider new broadband
capabilities made possible through low-latency P-LEO SATCOMSs.

While P-LEO SATCOMSs have the potential to connect millions of new consumers from
underserved/remote regions and offer exible broadband service alternatives to existing con-
sumers in established markets, the widespread development of such systems introduces several
challenges. The telecommunications landscape has become highly competitive, with numerous
entrants vying for market share in a sector historically dominated by a few key players [24].
Given the substantial capital expenditures required to launch a P-LEO SATCOM network cou-
pled with uncertainties surrounding service adoption rates and constellation development, the
operational sustainability of new entrants in the satellite internet domain remains inconclusive.
Beyond nancial considerations, the increasing physical congestion of LEO introduces new
risks to orbit sustainability, including the heightened potential for orbital conjunctions [25],

electromagnetic interference [26], and spectrum allocation con icts [27].

1.3 Challenges to P-LEO Constellations

The P-LEO SATCOM market remains a complex dynamical system with various challenges
speci c to its domain. Among these are environmental, operational, and technological challenges
that constellation operators must consider when developing a constellation architecture and
actually deploying their SATCOM networks.

A dif cult environmental factor to study or model in this domain is the temporal dissonance
between short-term orbit periods (on the time scale of minutes and hours) and long-term strategic
planning (on the scale of years or decades). This timescale mismatch becomes a critical driver of
strategic constellation development in multiple corporate strategies and development timelines.

While some works have analyzed constellation architectures in a comparative manner [21], no
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works have explicitly accounted for both the short-term and long-term dynamics simultaneously
in their modeling approaches.

Additionally operating a satellite constellation, at scale, in the LEO environment presents
challenges regarding collisions and limited lifespans. Given the the accumulation of RSOs and
debris fragments in LEO, operators must now consider the risks and rewards behind launching
to particular orbit shells. Additionally, compounding this risk is the nite operational lifespan of
LEO satellites, approximately ve years, which necessitates continuous and costly replenishment
launches to sustain network coverage and service quality. Taken together, operators must balance

broader nancial competition with sustainable usage of LEO.

1.4 Research Objectives

This dissertation attempts to address the above challenges by proposing and developing compre-
hensive modeling frameworks to advance the study and understanding of dynamics within the
P-LEO SATCOM domain. In pursuit of this overarching goal, three central research objectives
are established, each accompanied by a set of supporting sub-objectives:

Objective-1: Quantify the effects of satellite insurance and deorbit penalties on operators'

constellation development strategies via an empirical study.

1. Identify the tradeoffs SATCOM operators must consider when trying to generate pro ts

(speci cally, the development of space debris created from LEO satellite collisions).

2. Assess how the inclusion of insurance policies and deorbit penalties affects: orbit sus-
tainability (evolution of the amount of debris in an orbit slot), business sustainability
(evolution of average pro ts per player per round), and SATCOM operator strategy (broad

differences in player behavior).

3. Measure the progression of participant strategy improvement across multiple simulated

scenarios.

Objective-2: Develop a parameterized environment of a single operator's performance in a

dynamic P-LEO SATCOM market.



1. Identify necessary environment parameters and space operations when modeling the

performance of an operator's constellation development strategy.

2. Develop an environment to model competitive, temporal market dynamics and perfor-
mance of an operator's constellation development strategy (actions at each epoch) within

the P-LEO SATCOM environment.

3. Characterize which combinations of environmental parameters lead to feasible operational
strategies and characterize the domain (environment conditions required for operationally

sustainable P-LEO networks).

Objective-3: Develop a multi-agent framework for multiple P-LEO constellation operators to

interact within the same competitive environment.

1. Expand the single-agent framework into a multi-agent environment that models multiple
P-LEO satellite operators (Al agents) taking actions, interacting with each other, and

competing within the shared competitive environment simultaneously.

2. Conduct both decentralized training and execution as well as centralized training with

decentralized execution.

1.5 Structure of this Dissertation

Given our three objectives, we are able to break this complex dynamical systems problem into
three parts that each elucidate a unique understanding of the P-LEO constellation market and
addresses each of our research objectives. Hence, the structure of this work is organized as

follows:

» Chapter 2 describes the eld of research as it stand today. This covers how P-LEO satellite
constellations are modeled, the usage of reinforcement learning in aerospace and space
systems, multi-agent reinforcement learning, and gami cation of space operations. Gaps

are identi ed in the existing literature with this work lling them.



» Chapter 3 is dedicated to the rst objective which investigates the impact of economic and
policy instruments on the generation of space debris. Development of a tabletop board
game as a surrogate simulation tool to model the underlying dynamics is presented. The
use of randomized controlled trials as our experimental design, the data collection process,

and subsequent results with analyses are also discussed.

» Chapter 4 describes our second research objective: the creation of a single-agent reinforce-
ment learning environment designed to mimic the competitive P-LEO marketplace. The
environmental design along with the associated dynamics are carefully described along
with the implementation details required to create the environment. The environment
is then instantiated and a variation of parameters is performed by allowing an agent to
optimize its strategy in each individual case. The results of this investigation are then

presented and discussed.

» Chapter 5 expands on the previous chapter by creating a new, multi-agent reinforce-
ment learning (MARL) version of the single agent environment. We discuss the MARL

algorithms used and report results from the MARL learning.

» Chapter 6 concludes the manuscript with discussion and presents future potential avenues

of research from each objective.

1.5.1 Dissertation Paper Contributions

Each of the following publications contributed to a speci ¢ chapter of this dissertation. Publica-

tions which are in preparation for publication are stated as such.

» Satellite Tycoon: Modeling Economic Competition in the Business of P-LEO Con-
stellations (Chapter 3 [28])
D. Guzzetti, D. R. Tauritz, R. Qureshi, C. Roberts, M. Indaco, L. Bone, E. Kimbrell
In 11th International Workshop on Satellite and Constellations Formation Flying. Milan,

Italy, June 2022



* Modeling and Gami cation Framework of Business Competition Between P-LEO
Constellations (Chapter 4 [29])
R. Qureshi, C. Roberts, M. Indaco, L. Bone, E. Kimbrell, S. Mulder, D. R. Tauritz and D.
Guzzetti, In 2022 AIAA/AAS Astrodynamics Specialist Conference. Charlotte, NC, August
2022

» A Table-Top Game to Simulate Competition Between P-LEO Satellite Internet
Constellations (Chapter 3 [30])
R. Qureshi, C. Roberts, E. Kimbrell, S. Mulder, A. Rao, D. R. Tauritz and D. Guzzetti, In
2023 AIAA/AAS Astrodynamics Specialist Conference. Big Sky, MT, August 2023

» A Tabletop Game to Study Business Wargaming in the P-LEO SATCOM Market-
place (Chapter 3 [31])
R. Qureshi, R. Gleason, A. Rao, S. Mulder, D. R. Tauritz and D. Guzzetti, In IEEE Confer-
ence on Games (CoG), Milan, Italy, 2024, pp. 1-8, doi: 10.1109/CoG60054.2024.10645581

* A Reinforcement Learning Framework for Strategy Exploration in the Dynamical
P-LEO SATCOM Marketplace (Chapter 4)
R. Qureshi, A. Rao, S. Mulder, D. R. Tauritz, and D. Guzzetti, In prep for publication in

Acta Astronautica.

* Modeling Economic Instruments in a Tabletop Strategy Game for Space Sustainabil-
ity in LEO Satellite Constellations (Chapter 3)
R. Qureshi, R. Gleason, S. Mulder, D. R. Tauritz, and D. Guzzetti, In prep for publication

in the AIAA Journal of Spacecraft and Rockets.



Chapter 2

Literature Review

The rise of P-LEO satellite constellations has introduced a unique dynamical systems problem
that sits at the intersection of astrodynamics, economics, and strategic decision-making. Address-
ing this problem requires drawing from a diverse body of literature spanning satellite systems,
machine learning, game theory, and market modeling. This chapter surveys the state-of-the-art
across each domain, identi es gaps in the existing literature, and motivates the methodology

proposed in subsequent chapters.

2.1 P-LEO Satellite Constellation Modeling and Analysis

The modern SATCOM architecture leverages P-LEO constellations, comprising thousands of
satellites in low Earth orbit that provide low-latency internet access directly to end users. This
constellation development strategy differs from conventional satellite missions in both volume
and price per satellite, utilizing economies of scale to drive down production costs [22]. The
goal of such development strategies is to entice military [32], maritime [33], aviation [34],
and residential [23] consumers to consider new broadband capabilities made possible through
low-latency P-LEO SATCOMSs.

While P-LEO SATCOMSs have the potential to offer exible broadband service alterna-
tives to established and emerging markets, the widespread development of these space systems
introduces several challenges. The telecommunications landscape has become highly compet-
itive, with numerous entrants vying for market share in a sector historically dominated by a

few key players [24]. Given the substantial capital expenditures required to launch a P-LEO



SATCOM network coupled with uncertainties surrounding service adoption rates and constel-
lation deployment risk, the operational sustainability of new entrants into the satellite internet
domain remains inconclusive. Beyond nancial considerations, increasing physical congestion
of LEO introduces new risks to orbit sustainability, including the heightened potential for orbital
conjunctions [25], electromagnetic interference [26], and spectrum allocation con icts [27].

Prior studies of the P-LEO regime have examined space safety [35, 36, 37], compared
constellation architectures [38, 21], tested anomaly detection methods [39], and monitored
space debris accumulation [40, 41, 42]. However, none of these works address the economic or
logistical impacts of LEO congestion.

Research surrounding the nancial and strategic decision-making of P-LEO SATCOMs has
largely focused on the nancial feasibility of select constellations or speci ¢ areas of interest
such as resource allocation [43], customer demand estimation [44], and the effects of orbital
use fees [45, 13]. Techno-economic frameworks have been developed to assess the economic
feasibility of speci ¢ constellation designs [46, 47]; however, these works lack a key feature of
dynamical systems: the ability to support sequential decision-making. Such decision-making is
essential for understanding and adapting strategies over time in response to changing market
and environmental conditions. While certain dynamical systems have been introduced to study
staged constellation deployment [48] and satellite inventory control [49], these works do not
model dynamic, competitive markets. Furthermore, traditional combinatorial approaches such
as grid search are either too coarse to be of value or yield an infeasible number of strategies to
propagate temporally, and they cannot account for the interdependent actions of all competing
constellation operators. Considering these factors, it becomes clear that alternative approaches
are needed to adequately capture both the temporal dynamics and the granularity of the decision
space inherent to the competitive P-LEO environment.

Modeling of the space environment more broadly depends on the use case and application
of the space system. SpaceNet Cloud [50] is a web-based mission logistics planning tool, while
GPS satellite constellation replenishment has been formulated as a Markov decision process
(MDP) and solved via value iteration to produce replenishment policies [49, 51]. In each of these

modeling scenarios, competition is entirely ignored and proposed constellations are assessed
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independently. Many factors critical to the competitive P-LEO environment remain absent
from these frameworks, including dynamic strategies and development timelines, competitive
markets with limited customers, potential revenues, orbital congestion and debris, and satellite

replenishment costs.

2.1.1 Space Sustainability

The Secure World Foundation has de ned space sustainability to be the process of “ensuring that
all humanity can continue to use outer space for peaceful purposes and socioeconomic bene t
now and in the long term” [52]. The practical considerations of space sustainability in LEO
becomes responsible space debris mitigation as well as conjunction avoidance. Space debris
itself is de ned as “all man-made objects, including their fragments and parts, [...] that are non-
functional with no reasonable expectation of their being able to assume or resume their intended
functions” [53]. As the number of satellites, space debris, and all other resident space objects
(RSOs) in LEO continue to grow, constellation operators face a congested environment with a
high probability of collisions. If a collision were to happen, more debris would be generated
and the operator would also need to potentially replace their lost satellite; thus launching even
more satellites into an even more congested environment. This feedback loop of launching
more satellites into an already congested environment would be a natural Kessler Syndrome [8]
and eventually render LEO inaccessible. Additionally, it has been shown that unsustainable
SATCOM launches and debris generation will cause LEO to become economically infeasible
prior to becoming physically inaccessible [54]. This “Economic Kessler Syndrome” implies a
rst-movers advantage if sustainable launch and deorbit behavior are not a standard practice. In
subsequent works [55], it was shown that 70% of expected economic losses due to collisions
would occur in LEO. When viewing LEO access through the lens of game and economic theory
as a shared resource, both the physical and economic Kessler Syndromes can be described as a
complex “Tragedy of the Commons” [9] that require economic incentives and policy instruments
to avoid.

While regulations promote space sustainability, the effects of proposed economic and

policy instruments have not been tested or validated. Regulators such as the United States
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Federal Communications Commission (FCC) and policy makers such as the United Nations
Of ce of Outer Space Affairs (UNOOSA) have each prescribed a 5-year deorbit rule [7] and a
25-year deorbit limit [40], respectively. While stricter time limits on post-mission disposal and
deorbit are shown to decrease rates of potential conjunctions [41, 56], the ef cacy of speci c
enforcement tools is still unclear. Monetary nes, license revocation, and denial of market
access are all emerging policy instruments for improper satellite end-of-life (EOL) disposal.
Additionally, mandatory insurance models are also gaining interest as an indirect enforcement
tool. However, these economic and policy instruments have not been empirically tested in the
real world, and the window for proactive intervention may close before their ef cacy can be
established. Furthermore, satellite constellation operators cannot be subjected to controlled
experimental conditions in which differing enforcement and regulation are applied inconsistently
across operators. This creates a fundamental barrier to empirical evaluation of policy instruments

and necessitates the use of a suitable modeling approach.

2.2 Reinforcement Learning in Aerospace and Space Systems

Reinforcement learning (RL) is a branch of machine learning in which an agent learns to make
sequential decisions by interacting with an environment, receiving scalar reward signals, and
updating its policy to maximize cumulative return [57]. Formally, RL problems are cast as
Markov decision processes (MDPs), where a state space, action space, transition dynamics, and
reward function de ne the learning problem. The emergence of deep neural network function
approximators gave rise to deep reinforcement learning (DRL), unlocking RL agents to operate
effectively over high-dimensional, continuous state and action spaces that were previously
intractable [58]. Groundbreaking results such as AlphaGo's superhuman performance at Go [59]
and AlphaStar's Grandmaster-level play in StarCraft Il [60] demonstrated that RL agents trained
through self-play and large-scale simulation can discover highly complex, non-intuitive strategies
that emerge from the reward signal alone—without being explicitly programmed. These results
showed that general-purpose learning methods can be applied to other complex domains in which
agents must compete or coordinate with one another in environments with limited information

and variable time-scale decision-making. Emergent strategy discovery is one of the most useful
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properties of RL for domains characterized by large combinatorial decision spaces, competitive
dynamics, and evolving environmental conditions such those found in the P-LEO SATCOM
market.

The application of RL to aerospace systems has grown considerably in recent years, with
spacecraft guidance, navigation, and control (GNC) representing the most mature application. A
broad survey of RL-based approaches to spacecraft control identi es guidance and navigation
for landing on celestial bodies, interplanetary trajectory design, attitude control, rendezvous
and docking proximity maneuvers, and constellation orbital control as active application areas,
demonstrating that RL can address emerging needs for highly autonomous on-board capabilities
that are robust to system uncertainties and adaptive to changing environments.

In the domain of low-thrust trajectory design, RL has been applied to the problem of
asteroid approaching under stochastic dynamics. By formulating the trajectory guidance prob-
lem as an MDP and incorporating navigation performance into the reward function via the
Fisher information matrix, RL agents trained in this setting learn policies that jointly optimize
propellant consumption and optical observation quality [61]. Similarly, RL has been applied to
robust interplanetary trajectory design under severe uncertainties, where trained agents produce
guidance policies that outperform classical optimal control methods in the presence of model
errors and disturbances [62].

Spacecraft proximity operations and autonomous docking represent perhaps the most active
RL application in spacecraft GNC. By enabling guidance strategies to be learned rather than
analytically designed, RL-based controllers can be trained entirely in simulation [63]. The
learning burden is subsequently lowered by combining RL with classical control theory for
velocity tracking [64]. The problem of multi-phase autonomous docking in cluttered orbital
environments has also been addressed with hierarchical RL architectures [65].

Beyond GNC, RL has been successfully applied to higher-level decision-making and
scheduling. The feasibility of adapting DRL-driven policy generation to spacecraft decision-
making has been demonstrated by framing operations scheduling as an MDP [66]. For Earth-
observing satellite constellations, the scheduling of imaging and downlinking tasks across large

Walker-delta constellations has been formulated as a single-agent RL problem [67]. Additionally,
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a policy trained in a single-satellite environment can be deployed across each satellite in a
constellation, with satellites communicating to avoid redundant observations, and constellation
design and communication assumptions are shown to substantially impact system performance.
Space situational awareness (SSA) represents another important application domain. DRL has
been applied to the SSA sensor tasking problem and outperformed myopic policies on both RSO
state uncertainty reduction and the number of unique objects observed [68].

A strength of RL in the case of complex systems is its capacity to produce emergent
behaviors that are neither explicitly designed nor anticipated. In competitive game environments,
RL agents trained via self-play have developed strategies that surprised human experts [69].
This emergent quality is particularly relevant when modeling strategic behavior in competi-
tive markets, where rational actors adapt their strategies in response to evolving competition.
Furthermore, the Decision Transformer [70] further extends the RL paradigm by recasting the
sequential decision-making problem as a sequence modeling problem, allowing transformer
architectures to generate actions conditioned on desired returns. This of ine policy learning
enables learning from previously collected trajectories without requiring online interaction.
Reinforcement learning from human feedback (RLHF) [71] provides yet another mechanism
by which agent behavior can be shaped by human judgment rather than programmatic reward
signals.

When collectively reviewed, the body of RL literature in aerospace and space systems
demonstrates that RL agents can solve problems of substantial complexity with the possibility of
emergent behaviors. However, existing applications have largely focused on single-agent physi-
cal control problems or cooperative scheduling tasks. The competitive, multi-agent dynamics of

the P-LEO SATCOM market have not been addressed within an RL framework.

2.3 Multi-Agent Reinforcement Learning

Multi-Agent Reinforcement Learning (MARL) extends single-agent RL to environments where
multiple agents interact with the environment and one another, simultaneously. In contrast
to single-agent systems, MARL introduces additional complexity due to agent interactions,

cooperation, and competition. A comprehensive overview of MARL, including its foundations
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and modern approaches, is provided by Albrecht et. al. [72] and much of this section is taken
from this book.

One common approach in MARL research is to reduce multi-agent problems into a single-
agent version. The environment is then treated as if it is fully controlled by a single agent,
allowing standard single-agent RL algorithms to be applied [73]. While this reduction simpli es
learning and enables the use of well-established methods such as DQN or PPO, it often fails to
capture the non-stationary dynamics inherent in multi-agent systems, where other agents are
concurrently learning and adapting [74].

Centralized learning approaches aggregate the observations, actions, and rewards of all
agents into a single learning problem [75]. Using complete state information allows the cen-
tralized learners to coordinate agent behaviors and optimize global objectives. Such a method
is preferred for MARL problems with few agents working cooperatively. However, due to
the exponential growth in joint state-action space, centralized methods typically suffer from
scalability issues as the number of agents increases [76].

Independent learning treats each agent as a separate learner, optimizing its own policy
without explicit coordination with other agents [77]. This approach is simpler and scales easier;
however, it often involves challenges associated with non-stationarity: from the perspective
of any single agent, the environment changes as other agents update their policies, leading to
potentially dif cult or even unstable learning [78].

To avoid this, MARL algorithms often employ operational modes to facilitate learning:

» Self-Play: Agents learn by competing or cooperating with copies of themselves, which
can stabilize learning and lead to potentially emergent behavior [79]. Self-play is widely
used in zero-sum games and environments with symmetric roles, and is analogous to
scenarios in P-LEO satellite constellations, where agents compete for shared pools of

customers [80].

» Mixed-Play: Agents interact with each other using different algorithms or policies [81].
This mode allows for heterogeneous agent populations and can increase robustness by

exposing agents to diverse behaviors, but may also cause non-stationarity [82].
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2.4 Game-Based Approaches in Space Strategy and Operations

A series of works [83, 84, 85, 86] relating to the development of a game modeling the dynamics
of federated space systems (FSS) are precursors to the tabletop game presented in this work.
Laying the groundwork for a fully developed simulation game, a space-based resource economy
in the context of wargaming and federated systems is described [83]. Their work presents
an example from lunar in-situ resource production applications. In [84], the FSS approach
is described as a system of systems (SoS), and a simulation architecture is described using
high-level architecture standards. The Orbital Federates simulation game describes FSS logistics
and is presented in [85]. Using the Orbital Federates game, federated systems are modeled
as a Stag Hunt game and risk-dominant (non-cooperative) and payoff-dominant (cooperative)
strategies are investigated [86]. While these works are able to capture the dynamics of space
systems working in tandem, external competitors and markets are not considered. Additionally,
the area of interest for these works primarily revolves around lunar missions rather than the LEO
regime. To adequately study P-LEO SATCOM markets, competitive simulations or strategic
planning games are needed.

To properly model and study the P-LEO SATCOM marketplace, we employ business
wargaming as it can quickly model and describe dynamics of P-LEO business situations as
a tabletop role-playing simulation [87]. Such games [88] typically assign players to specic
roles such as competitors, regulators, or customers and last several rounds of gameplay (sim-
ulating years of real-world decision-making). Business wargames are de ned by several key
characteristics and challenge preconceived mental models, help participants overcome cognitive
barriers, detect weak signals of change in a broader system (or marketplace), and assist with the
development of foresight [89].

Although “foresight” has an ambiguous de nition in many works, it has often been de-
scribed as decision-making, given input informed by a view of future, long-term events. Rather
than simply predicting system developments, foresight involves recognizing emergent patterns
and interpreting relevant features which are likely to impact players downstream [90]. As an

individual's foresight improves, their ability to recognize the faintest of changes within the
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business environment helps to show alternative scenarios of how the market might evolve. This
is often referred to as a player's “memory of the future” [91].

Business wargames yield several unique bene ts not available with other modeling tech-
niques such as: multi-player strategy-testing, development of foresight [89], anticipation of
future competitive dynamics [92], and training/education [93]. While scenario planning tends to
be time-consuming and limited in its ability to incorporate future dynamics into the scope of
study, business wargames rigorously examine a situation from several perspectives by actively
involving players and providing them with opportunities to learn and improve from previous
games. Additionally, business wargames sidestep common cognitive barriers such as: group-
think, overcon dence, mental lters, reduction of ambiguity, and acceptance of con rming
evidence rather than skepticism. While humans visualize the future through their own past
experiences [94], business wargaming allows us broaden this scope to capture increasingly
diverse scenarios and test strategic possibilities.

To study P-LEO SATCOM market dynamics, prior work introduced a digital real-time
strategy game dubbed Satellite Tycoon that was designed to model competition between players
who took the role of P-LEO constellation operators in the game [29, 28, 95]. A screenshot of this
game is shown in Figure 2.1. However, lags between modeling and user interface design updates
coupled with extensive play-testing to improve playability proved challenging. Using lessons
learned and the need to accurately capture dynamics of the P-LEO marketplace, a tabletop
version of Satellite Tycoon was developed using simpli ed play-testing and rapid prototyping of

individual game elements representing the P-LEO marketplace [31].

17



Figure 2.1: The digital version of the Satellite Tycoon multi-player game.
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Chapter 3

Modeling Space Sustainability via Tabletop Board Game

This chapter is dedicated to the development of a research board game called Satellite Tycoon and
its use as an integrated assessment framework to investigate how economic instruments affect:
orbit sustainability (evolution of the amount of debris in an orbit slot), business sustainability
(evolution of average pro ts per player per round), and operators' constellation development
strategies. A pilot randomized controlled trial (RCT) with human participants was performed
with recruited participants randomly assigned to one of two groups: an unregulated control
group or a regulated treatment group. Regulation of the treatment group included mandatory
deorbit penalties when a player did not deorbit their satellites sustainably as well as an optional
satellite insurance to protect against possible collision events. All participants played three
games in groups of four player cohorts that were persistent across the RCT. The following

hypotheses and research questions were formulated at the start of the study:

* Hypothesis 1: As players better understand the board game (surrogate simulation en-
vironment), more complex and pro table strategies will emerge from their gameplay.

Speci cally, players' overall constellation value and pro ts should increase across games.

» Hypothesis 2: The introduction of insurance fees will deter players from overproduction

and still allow for pro table competition within the marketplace.

» Research Question 1: How does the introduction of insurance policies and fees impact

the generation of space debris?

» Research Question 2: Does the introduction of an insurance framework lead to less space

debris, and subsequently, less conjunctions?
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