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SUMMARY

Human space ight exploration is moving towards long-duration, sustainable cam-
paigns that are much more complex than previous missions. In early space ight pro-
grams, such as Apollo, a single launch could carry all of the logistical supplies (such as
consumables or equipment) the crew would need throughout the campaign. Due to longer
schedules and new mission complexities such as multiple launches, in-space rendezvous,
and In-Situ Resource Utilization (ISRU), modern campaigns require more support than past
missions which complicates campaign-level planning.

These increasingly complex campaigns drive a desire to automate campaign planning
so designers can ef ciently examine potential options and provide decision makers with
better-informed results. Space ight logistics planning is the eld that deals with creating
these long-duration campaigns. Planning tasks for these types of campaigns have been
performed in several different ways. The current best methods for solving these types of
planning problems use a version of the network ow problem called the Generalized Multi-
Commodity Network Flow (GMCNF) problem, which allows for simultaneous transport of
multiple commodities with unique requirements through a network of nodes. In this formu-
lation, commodities essential to space campaigns, such as food or oxygen, are transported
between nodes representing different potential orbits in the system under study. This for-
mulation is then transformed into a Mixed-Integer Linear Programming (MILP) problem,
which can be solved using established methods.

Improvements have been made to this formulation in order to better represent the space
ight logistics problem, such as the inclusion of a time element and ISRU plants. Ad-
ditional improvements have been made to increase computational ef ciency, such as the
path-arc formulation. However, the existing space ight logistics planning literature does
not suf ciently handle uncertainty considerations and calculations in this planning. Initial

attempts to include these uncertainties using a decision rule formulation had limited scope

XXi



and did not account for the wide variety of uncertainties that can affect campaigns. Fur-
ther study is needed to accurately capture uncertainty within space ight logistics planning
frameworks.

The goal of this work is to develop a new method of space ight logistics planning that
uses methods of optimization under uncertainty to better account for these uncertainties and
allow more informed decision making. In order to achieve this goal, a taxonomy is created
to classify the types of uncertainties that affect campaigns. This allows for identi cation of
the major sources of uncertainty that affect campaigns as well as their impacts and potential
mitigation techniques. From this, a methodology is developed which incorporates elements
of probabilistic modeling as well as scenario-based uncertainty. This methodology will
help designers examine more potential campaign options in detail earlier in the planning
process, allowing them to better allocate resources to examining critical campaign factors
and producing campaigns that are more robust to the impacts of uncertainties.

The contributions of this work include (a) the classi cation and de nition of uncer-
tainty that affects space ight campaigns, (b) the incorporation of uncertainties and their
impacts on campaign logistics planning, and (c) a quantitative comparison of the impacts

of different uncertainties on the optimal solution for a campaign logistics problem.

XXii



CHAPTER 1
INTRODUCTION

Throughout history, humans have been fascinated with the stars and the idea of exploring
the solar system. These ideas in uenced popular culture through books and movies, but
the reality of space travel seemed out of reach until the United States and the Soviet Union
began their space programs in the 1950s and 1960s. Following the success of the Apollo
and Shuttle programs, the United States continues to move forward with regards to human
space exploration. NASA has proposed multiple programs for space exploration in the
past decades, including projects such as the Human Exploration of Mars Design Reference
Architecture 5.0 (DRA 5.0) [1] and the Evolvable Mars Campaign [2]. NASAs current
plan for future exploration, the Artemis program, involves sending humans back to the
lunar surface by 2025 while planning for long-duration, sustainable human presence on the
Moon in the late 2020s and early 2030s [3].

Up until now, human space exploration missions have, from a logistics perspective,
been relatively simple. The Apollo missions were of such a short duration that they could
carry along all of the necessary components (such as consumables or equipment) in a sin-
gle mission. Even the International Space Station is close enough to Earth that resupply or
crew rotation missions can be launched frequently. However, these simple logistics strate-
gies will not work on future missions, as long-duration exploration often requires more
consumables and equipment than it is possible to tin a single launch. Thus, exploration
missions such as DRA 5.0 usually consist of multiple missions, such as separate crew and
cargo missions, that work together to provide the needed logistic support [1]. As planned
space exploration becomes more ambitious, it becomes more ef cient to consider a set of
missions combined to form eampaignthan to plan the logistics for each mission indi-

vidually [4]. This campaign-level perspective can allow for better utilization of resources



between missions and therefore provide a more optimized exploration program.

Even though campaign-level planning provides bene ts over mission-level planning,
there are still multiple complications with campaign planning. Current campaign designs
often include elements such as multiple launches (resulting from the different missions be-
ing combined to form the campaign), in-space rendezvous, or In-Situ Resource Utilization
(ISRU), all of which complicate the logistics planning. For example, exploration cam-
paigns aiming towards a sustainable lunar presence often include multiple launches and
in-space rendezvous based on the amount of mass needed on the lunar surface. An ex-
ample lunar campaign shown in Figure 1.1 contains ve launches and ve rendezvous. In
addition, the inclusion of ISRU technologies in order to produce necessary consumables for
a campaign can signi cantly reduce the amount of launched and delivered mass, lowering
costs and reducing mission risks [5]. Therefore, campaigns often include ISRU technolo-
gies as a way to increase their feasibility. Campaign-level planning must nd a way to

include these complications while still providing prompt, useful results.

Figure 1.1: A pro le for a planed lunar campaign as part of the Artemis program. Image
from [6]

As these long-duration space exploration campaigns become more common, there is a

need to plan them in an ef cient manner, as well as a way to compare different campaigns



in order to con dently decide between potential options [7, 8]. Campaign planning is pri-
marily a decision-making problem. Campaign planners must examine all of the potential
campaign options and make an informed decision on which options - including technolo-
gies, vehicles, mission plans, etc - allow the campaign to meet all of its objectives at the
lowest cost or risk. Once these decisions are made, resources are allocated to those pro-
grams in order to develop the systems for use in the nal executed campaign. An example
generic top-down decision making process [9] compared to the campaign planning process

steps can be seen in Figure 1.2.

Figure 1.2: An example decision making process [9] compared to the campaign planning
process steps.

Decision makers want to be able to examine many potential campaign options early in
the design process so that they can make informed decisions on how to allocate resources in
the near-term in order to achieve long-term goals. Ideally, this will be done in an automated
fashion in order to explore a greater number of potential campaign options than would be
possible by hand. In addition, a relatively fast turnaround time to produce potential options
will bene t decision makers, allowing them to rerun analyses as requirements and vehicles

change without delaying the planning process.



1.1 Space Missions and Mission Architectures

In order to understand campaign planning, it is important to rst determine what elements
come together to comprise a campaign. One major part of space campaigns are missions.
Missions are the broad objectives and constraints to be met by a space system. Related
are mission pro les or mission concepts, which consist of speci ¢ mission operations or
trajectories that will be performed by a vehicle. An example of a mission pro le for the
Apollo 11 mission (as well as some proposed Constellation mission events) can be seen in
Figure 1.3. This shows a list of the speci c operations, such as burns, jettisons, and docking
maneuvers, and trajectories, such as the transfer from Earth orbit to lunar orbit, that would

be performed by various vehicles throughout the Apollo 11 lunar mission.

Figure 1.3: A mission pro le for the Apollo 11 mission as well as a proposed Constellation
mission. Image from [10]

An additional part of a space campaign are vehicles. Examples of vehicles are in-
space transportation vehicles, such as the Orion crew vehicle, and launch vehicles, like
the Space Launch System (SLS), both shown in Figure 1.4. When a vehicle is sized to a
speci ¢ mission pro le, a mission architecture is created. The details related to the sizing
of vehicles to these mission pro les is outside the scope of this work. Mission architectures

are intended to ful Il mission goals by performing mission pro les.



(a) The Orion crew vehicle. Image from [11] (b) The Space Launch System. Image from [12]

Figure 1.4: Two different examples of vehicles.

Space mission architectures and their design, planning, and development have been
undertaken for decades. Space Mission Analysis and Design (SMAD) by Larson and Wertz
is often considered the gold standard for mission architecture planning [13]. It has been
used in dozens of applications, ranging from very small satellites [14] to Mars missions

[15]. They de ne a nine-step program for space mission analysis and design as follows:

1. De nition of Mission Objectives: de ne the broad goals for a system to meet to be

productive

2. Preliminary Estimate of Mission Needs, Requirements, and Constraintstrans-
late objectives to numerical requirements and constraints on the performance and

operation of the mission

3. Identifying Alternative Mission Concepts: de ne the various options available for

different elements of the mission and select the most appropriate

4. Identifying Alternative Mission Architectures: de ne potential mission architec-
tures (typically by specifying the mission concept plus the subject, orbit, communi-

cations architecture, and ground system) and select between the options

5. Identifying System Drivers: identify the principal mission parameters or charac-
teristics which in uence performance, cost, risk, or schedule and which the user or

designer can control



6. Characterizing the Mission Architecture: de ne the mission concepts in enough

detail to allow meaningful evaluations of effectiveness

7. ldenti cation of Critical Requirements: identify requirements that dominate the

design and therefore most strongly affect performance and cost

8. Mission Utility: quantify the mission performance as a function of design, cost, risk,

and schedule to provide quantitative information for decision makers

9. Mission Concept Selection:selecting options for broad trades that de ne the mis-

sion, including whether or not to proceed and which concept to use

Further exploration of these steps and how to perform them can be found in SMAD
[13]. By following these steps, mission designers and planners are able to ensure that
they are designing missions that are able to ful Il their mission requirements while still
maximizing performance and minimizing risk or budget. This process also helps various
stakeholders communicate effectively and ensure that their concerns are being addressed
within the design. This space mission analysis and design process has been used hundreds
of times, providing countless bene ts for designers and ensuring that missions are able to
proceed as planned.

Even with the popularity and versatility of SMAD, other techniques and processes have
been developed in order to better capture the additional requirements associated with spe-
ci c missions. For example, other mission planning techniques exist speci cally for human
exploration, such as those detailed in Human Space ight: Mission Analysis and Design
[16]. In this book, four main areas were detailed in which planning for human exploration

is more complex than autonomous missions:

» Safety and reliability: human missions must be held to higher safety and reliability

standards to prevent accidents



» Pressurized structures and dedicated subsystems: additional structures and subsys-

tems required to support life add additional complexity to the design

» Human factors: spacecraft must be designed as an effective living and working space

for the crew

* Logistics: the supplies necessary to support the crew's life as well as additional main-

tenance and repair supplies add complexity to logistics planning

In order to account for these additional complexities, various changes were made to the
space mission analysis and design process found in SMAD [13]. Their revised process is

as follows [16]:
1. De ne Broad Mission Objectives
2. De ne Mission Requirements and Constraints
3. Develop Alternative Mission Concepts and Architectures

* Mission-level and element-level architecture

» Technology infusion

4. Identify System Drivers and Critical Requirements for Each Concept and Ar-

chitecture
5. Select a Baseline Mission Concept and Architecture

» Evaluate concepts and architectures

» Estimate lifecycle cost and assess reliability
6. De ne System or Subsystem Requirements
7. Document Choices and Rationale

8. Iterate and Integrate the Design(begin with step 1)

7



» Reassess the mission statement, objectives, and requirements

» Find creative ways to reduce cost and complexity of the concepts and architec-

tures

In addition to detailed explanations of each step of this process, Human Space ight:
Mission Analysis and Design includes detailed descriptions of every part of the mission ar-
chitecture, from the psychology of space ight to requirements for thermal control systems,
making it invaluable to mission planners [16]. While the technique may vary depending
on the mission being considered, it is imperative that mission designers use a documented
processes to facilitate their mission design in order to ensure that all of the potential factors
that could affect the mission are being accounted for.

As most space exploration previously undertaken has been at the mission level, mis-
sion design, planning, and development is well understood. Methodologies, such as those
detailed above, exist for these tasks and have been used and improved over dozens of pro-
grams and multiple decades. However, these techniques all apply at the mission architec-
ture level, not the campaign level. These techniques may be useful in campaign planning

but may not be directly translatable and therefore may require augmentation.

1.2 Space Campaigns

1.2.1 Introductionto SpaceCampaigns

Space campaigns are composed of various mission architectures that are coupled together
to ful Il campaign-level goals [17]. An example of a planned lunar campaign can be seen

in Figure 1.1. As seen in the gure, this campaign uses multiple vehicles, such as the SLS,
Commercial Launch Vehicles (CLVs), and in-space transportation vehicles such as the Hu-
man Landing System (HLS). Each of these vehicles was sized to its own mission pro le -
for instance, the Human Landing System was sized to a speci ¢ mission pro le involving

a launch to a Near-Rectilinear Halo Orbit (NRHO), a transfer from NRHO to the lunar



surface, and a return to NRHO, creating a mission architecture. All of the mission archi-
tectures in this lunar campaign combine to complete an overarching objective of putting a
human crew on the moon and returning them to Earth.

While mission planning techniques can be used to plan parts of this campaign, there
still must be overarching planning techniques to synthesize the different missions and cre-
ate a uni ed campaign. Space ight logistics planning is one such technique. It involves
managing the logistics for the entirety of the space campaign - making sure that all of the
necessary equipment, consumables, and information are where they are needed when they
are needed [18]. As campaigns become more ambitious, traveling to further destinations
and staying for longer periods of time, the planning becomes more complex. It is therefore
important to make sure that all parts of the campaign have been accounted for during plan-
ning. Using the campaign de nition above, an example campaign will be examined and
broken down in depth in order to determine what elements need to be considered in space

ight logistics planning.

1.2.2 ExampleCampaigninternationalSpaceStation

An example of a long-duration space campaign that is already underway is the International
Space Station (ISS). The ISS campaign - consisting of assembly and operations of the
station - has been going on for decades, requiring dozens of launches. This campaign also
required collaboration between the United States government, foreign governments, and
industry contractors [19]. These are elements that future exploration campaigns will have as
well; primarily government, international, and industry cooperation as well as maintaining
sustainable, long-duration human presence. This section will focus on the assembly part of

the ISS campaign.



ISS Assembly Sequence

Few timelines of planned assembly sequences for the ISS are publicly available. One such
sequence is the Alternate Assembly Sequence Databook for the Tier 2 Bus-1 Option of
the International Space Station [20]. This is a proposed assembly sequence from 1995
that would have been used if Russia had pulled out of the ISS project prior to assembly.
This can be considered a “worst-case” scenario for the assembly timeline; without Russia
assisting in the launch and development of the station, launches would have to be scheduled
at a slower cadence, and certain elements would not be launched at all. The assembly plan
consisted of 36 launches lasting from February 1998 to December 2003. A subset of the
timeline containing 8 of the planned launches can be seen in Figure 1.5a.

Even though this alternate sequence was not ever used, most of these launches did take
place, though not when they were originally planned. In theory, the launches should have
occurred earlier than expected in this worst-case alternate sequence. However, the opposite
proved to be true. In fact, as the assembly process progressed, the launches got farther and
farther behind. The actual launch timeline for the 8 planned launches shown in Figure 1.5a
are shown in Figure 1.5b. As can be seen, some of the early launches were not too far
behind - only about 8 months. By the end, launches were as much as 7 years behind this
worst-case schedule. This leads to an obvious question: what caused these delays in the

schedule?

Uncertainty in Assembly Campaign

The factors that lead to these scheduling delays can primarily be narrowed down to unac-
counted for uncertainty in the design and planning of the ISS. In order to better understand
this uncertainty, different types of uncertainty will be de ned. Uncertainty can be divided
into epistemicandaleatoryuncertainties [27]Epistemic uncertaintys uncertainty due to

a lack of knowledge. This is uncertainty that can be alleviated by things such as design

and program maturity or with the addition of more detailed analysis. An example of this is
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(a) A subset of the planned ISS assembly sequence from [20]

(b) A subset of the actual ISS launch sequence from [21]

(c) Delays that affected the ISS assembly sequence. Data from [22, 23, 24, 25, 26]

Figure 1.5: ISS assembly sequence.

uncertainty surrounding the performance of a new technology, which becomes alleviated as

the technology is tested and usédeatory uncertaintys due to the inherent randomness

of the system. Therefore, it cannot be reduced, but can be mitigated with robust design. An

example of this type of uncertainty would be day-of-launch wind pro les or abort events.
While there were multiple factors that led to these delays with the ISS, there were a

few that had the biggest impacts on the proposed schedules. These included developmen-
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tal delays, such as those to the service and research modules, as well as the cancellation
of planned programs [22, 23]. The other events that impacted the timeline were vehicle
failures, such as the failures of the Proton rocket, Columbia space shuttle, and the Progress
and Cygnus resupply vehicles [24, 25, 26]. A timeline of some of these factors can be seen
in Figure 1.5c. These factors can all be classi ed as aleatory uncertainties, as they are all
due to the inherent randomness of the system and could not have been accounted for with

increased knowledge.

1.3 Aleatory Uncertainty in Campaign Planning

Many campaigns other than the ISS program have faced problems because of aleatory un-
certainties. These uncertainties include launch delays and scrubs due to weather, budgetary
cuts or development delays causing cancellation of entire campaign or parts of a campaign
(such as the ending of the Skylab program due to Space Shuttle delays [28]), or changes to
programs after major disasters (such as the Shuttle program after Columbia and Challenger
disasters or the Apollo program after the Apollo 1 re and Apollo 13 incident [29, 30]).
These campaign changes result in signi cant losses, whether monetary losses or the loss of
equipment or planned scienti ¢ exploration.

Even so, these types of uncertainties are often not considered accurately in campaign
planning. The example ISS assembly campaign above showed that even when planning for
a “worst case” scenario, designers did not take into account many of the issues that would
eventually result in the largest changes to the campaign, like launch failures or develop-
ment delays [20]. Planning that takes into account these aleatory uncertainties would result
in a campaign that is more exible and better able to adapt when unpredictable events oc-
cur. As an example, in order to reduce the uncertainty surrounding the failure rates of a
vehicle's components, designers may choose to send spare parts to allow for repairs when
a part fails. This strategy works when parts have a known low risk of failure or when

the number of necessary spare parts is low. For a campaign to Mars, however, ensuring
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there are enough spare parts to capture every possible failure mode wherever and when-
ever they occur quickly requires more mass than is possible to bring along, making this
solution untenable [31]. Therefore, a balance must be struck by the campaign planners
between managing uncertainty and the cost of the campaign. Campaign planning methods
that incorporate aleatory uncertainty would allow decision makers to better understand the
bene ts and risks of the designs they are considering, allowing them to make better usage
of the limited resources and time that are available to spend on space exploration. This
would improve the planning process shown in Figure 1.2.This is identi ed as the motivat-

ing observation for this work:

Motivating Observation:

Changes to campaign planning to better consider aleatory uncertainties would allow

for more ef cient utilization of resources and more chances for scienti ¢ exploration.

1.4 Conclusion: Thesis Hierarchy

The motivating observation above brings us to the overarching research objective for this

work:

Overall Research Objective

Develop a new method of space ight logistics planning that can account for campaign

uncertainties and allow for better-informed decision making.

There are two areas of research that must be considered in order to develop a method-
ology that can ful Il the research objective. The rstis knowledge of the uncertainties that
must be captured in the planning process. The second is current methods for solving these
planning problems. This leads to two questions will guide the literature review for this

work:
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Guiding Question 1

What are the types of uncertainties that occur in space ight campaigns?

Guiding Question 2

What is the state of current space ight campaign modeling?

An overview of the hierarchical structure of this thesis can be seen in Figure 1.6. In this
chapter, a background on space ight logistics campaign planning was presented, leading
to a motivating observation, research objective, and two guiding questions for this work.
The literature review addressing the guiding questions for this work will be documented in
Chapter 2 and Chapter 3. Guiding Question 1 will be addressed in Chapter 2 and Guiding
Question 2 will be addressed in Chapter 3. The Research Questions developed from the
literature review and their associated Hypotheses will then be used to develop the proposed
methodology. This process will be detailed in Chapter 4. Next, the Experiments used to
validate the Hypotheses and answer the Research Questions will be addressed in Chapter 5,
Chapter 6, and Chapter 7, resulting in the nal methodology. Lastly, a conclusion will be

presented in Chapter 8.

Figure 1.6: The preliminary thesis hierarchy structure.
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CHAPTER 2
UNCERTAINTY IN SPACE CAMPAIGNS

This chapter will attempt to answer the rst guiding question:

Guiding Question 1

What are the types of uncertainties that occur in space ight campaigns?

There are many different types of uncertainty that can affect space ight campaigns.
A thorough decomposition and categorization of the different forms of uncertainty that
can affect space ight campaigns would allow planners and designers to ensure that these
sources are being captured in their planning and analysis. Much of this uncertainty comes
from the individual mission architectures comprising the campaign. Prior work on mis-
sion architecture uncertainty has identi ed four major categories of uncertainty that affect
space ight mission architectures: vehicle reliability, technology development risk, launch
uncertainty, and budgetary and schedule uncertainty [27, 32, 33, 34, 35]. These uncertain-
ties will be detailed in Section 2.1 in order to ensure that the relevant uncertainty sources
are being captured. In addition to these sources of mission architecture uncertainty, cam-
paign uncertainty arises from the interfaces between mission architectures. Other elds
have examined uncertainty in problems similar to those found in space campaigns, such as
this interface problem. Therefore, uncertainty categorizations from elds other than space
ight campaign planning will also be examined in Section 2.2 in order to ensure that all of

the relevant types of uncertainty are included in the nal decomposition.
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2.1 Mission Architecture Uncertainty

2.1.1 VehicleReliability

The reliability of the vehicle, one of the two components of the mission architecture, is
critical to the success of the program. Vehicle designers must be able to ensure that their
vehicle will perform its required tasks and objectives throughout the duration of the cam-
paign, without posing undue safety concerns. In order to do so, vehicles must undergo
extensive certi cation. Certi cation requirements are often set by government agencies
in order to ensure that vehicles are safe. For instance, NASAs Commercial Crew Trans-
portation System Certi cation Requirements for NASA Low Earth Orbit Missions [36]
document details exact standards that must be met in order to carry crew in Low Earth
Orbit, such as to and from the ISS, as well as requirements for verifying and validating the
vehicle's adherence to those standards. In order to meet these certi cation requirements
and be allowed to operate, the vehicle must show that it can perform its necessary tasks
with a low rate or risk of failure.

In literature, vehicle reliability is enumerated into three major parts, all of which need

to be considered in planning [32]:
1. Mission Reliability: accounts for the probability that the vehicle will ful Il its mis-
sion
2. Design Reliability:accounts for vehicle failure based on mistakes in vehicle design

3. Process Reliabilityaccounts for vehicle failure due to mistakes made in the creation

of the vehicle, such as manufacturing or assembly mistakes

Vehicle reliability often focuses on the launch vehicle. This is because the risk of
mission failure throughout the mission, even when the mission lasts for years, is dominated
by the risk during launch [37]. In literature, vehicle reliability is often calculated assuming

the vehicle is free of design and production errors or based on historical estimates, leading

16



to signi cant differences between estimates and actual reliabilities. In the plots shown
in Figure 2.1, which are taken from Guarro (2013) [32], it can be seen that the majority
of launch vehicle failures are due to design, process, and workmanship errors, across all
sizes of launch vehicles. As these errors are known to lead to failures, it is necessary to
incorporate better calculations of these uncertainties in the design and planning phase in
order to help reduce the frequency and impact of these failures.

One of the main ways to improve these reliability calculations is to use actual testing
data rather than historical estimates. For example, calculations done by Owens et al. (2017)
[38] and Stromgren et al. (2016) [31] showed that analyses that neglected uncertainties
severely underestimated the amount of mass (in the form of spare parts) required to drive
the risk down to acceptable levels. Owens et al. examined the case of a Deep Space Habitat
Environmental Control and Life Support system for a notional Mars mission. They de ned
the probability that a suf cient number of spare parts are included for a given mission as
the Probability of Suf ciency (POS). The total POS for the system is therefore the product
of the POS for each item that comprises the system. The probability of the Loss of Crew

(LoC) could then be de ned as:

P(LoC) 1 POS (2.1)

In addition, the Con dence() is de ned as the probability that the actual POS is

greater than or equal to the estimated one:

C = P(POSxcual P OScstimated ) (2.2)

Using these de nitions, Owens et al. hoped to reaf rm the results of Stromgren et al.
by showing that current deterministic reliability estimation provides very low con dence
that the risk objectives are met and underestimates the amount of spare parts needed to

meet those objectives. Figure 2.2 shows some of their results. This plot shows the mass
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Figure 2.1: Bar graphs showing the root causes of failures and anomalies for different sizes
of launch vehicles - Small Launch Vehicles (SLVs), Medium Launch Vehicles (MLVs), and
Heavy Launch Vehicles (HLVS). Images from [32]
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requirements for speci ¢ Con dence values across a (logarithmic) range of POS values. A
baseline minimum POS df ﬁ can be seen in the vertical dashed line, which is based

on the commercial crew requirements of a less than 1 in 270 chance of loss of crew. It can
be seen that the deterministic method of reliability estimation line is below the line that
results in a Con dence of 0.1. This means that the deterministic method provides less than
a 1 in 10 chance that the risk is driven down to acceptable levels. To meet the minimum
POS requirement, a deterministic calculation would result in approximately 4,000 kg less
maintenance logistics mass than a calculation with a Con dence of 0.9 - and that mass
difference only increases as the POS increases. These results show that these deterministic
calculations severely underestimate the amount of logistics mass needed, which has reper-
cussions throughout the entirety of the campaign. Therefore, it is critical that campaign

planning incorporates better calculations of design and production errors in order to better

predict vehicle reliability and vehicle masses.

Figure 2.2: A plot showing the necessary maintenance logistics mass as a function of POS
and con dence requirements. Image from [38]

A comprehensive listing of campaign uncertainties must capture the different sources
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of uncertainty that can affect these reliabilities. For example, human errors in the manu-
facturing process could lead to uncertainty relating to vehicle failure. Guarro [32] showed
that across all sizes of launch vehicles, the majority of launch vehicle failures occurred due
to design, process, and workmanship errors. Other errors include analysis mistakes as well
as random chance failures. These different types of errors must be mapped to their relevant
uncertainties.The human error uncertainty brought up in the previous example could in-
clude errors in the manufacturing process that are documented as process or workmanship
causes of failure. It could even cover analysis mistakes resulting from inadequate testing
procedures. Design errors could result from design uncertainty while random chance er-
rors could be contributed to stochastic uncertainty. Each of these uncertainties must be

understood and incorporated in campaign planning.

2.1.2 TechnologyDevelopmenRisk

Mission architectures often use both heritage and new technologies in their planning and
design. This inclusion of new technologies means that timelines and budgets for research
and development must be included in the planning. In order to do so, planners must ac-
count for the amount of research and development a speci ¢ technology will need before
it becomes ight-ready. NASAs Technology Readiness Levels (TRLSs) are one of the most
common ways of doing so. The TRLs are a way of measuring the maturity level of tech-
nologies, meant to enable predictions of the amount of research effort and time required to
raise a technology to ight readiness [39]. The NASA TRL scale can be seen in Figure 2.3.
The scale ranges from 1 to 9, where a TRL of 9 is considered “ight proven” and a TRL
of 1 indicates that the basic principles of the technology have been reported. Extensive
documentation of NASAs TRL scale can be seen in NASAs Systems Engineering Hand-
book [40]. These TRLs have been used in everything from DRA 5.0 [1] to Department
of Defense programs [41, 42]. Designers often set a minimum TRL value, say between 5

and 7, for technologies under consideration for their program in order to ensure that their
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programs will be able to mature the technology in time.

Figure 2.3: NASAs Technology Readiness Level (TRL) scale as well as the development
required for each level. Image from [39]

However, there are multiple documented problems with TRLs. For instance, it has been
found that TRLs often underestimate the amount of research time and effort needed to
progress to ight readiness, especially for technologies with low TRLs. This phenomenon
was examined by the Government Accountability Of ce during a survey of 62 Department
of Defense projects. The purpose of this survey was to examine how projects that incor-
porated TRLs fared over the course of their development. They found that programs that
incorporated technologies with TRL 7 or higher nished on time and on budget. How-
ever, programs with technologies below TRL 7 nished over budget and with signi cant

schedule delays. In particular, they showed an average development cost growth of 32%,
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acquisition unit cost increase of 30%, and a schedule delay of 20 months [41, 42]. These
costs and schedule delays would be unacceptable in many programs, potentially leading to
their cancellation. Therefore, it is important for planners to understand the shortcomings

of the TRL system if they are going to incorporate it into planning and design.

In order to document the reasons for these types of errors with TRLs, Olechowski et
al. [41] described 15 challenges with TRLs, which can be seen in Table 2.1. These 15
challenges are broken into 3 categoriggstem Complexiti?lanning and RevieyandAs-
sessment ValiditySystem Complexityetails challenges that relate to the complexity of the
system being develope®lanning and Reviewletails challenges that relate to decisions
made during planning based on the TRL scélssessment Validiyetails challenges that
relate to the quality of the TRL values reached in a TRL assessment. As an ex@imgle,
lenge 12: Con dence to progreswhich is under thé’lanning and Reviewategory, deals
with the fact that TRLs do not actually determine if a technology is physically possible, or
how likely it is to be possible. This means a technology can be assigned a TRL without
any possibility of it ever moving up the TRL scale, or with an extremely low possibility of
doing so. Further de nitions and examples of the challenges can be seen in Olechowski
et al.'s paper [41]. They also provided methods and suggestions for reducing the impact
of these challenges in design and planning work. Suf ce to say, these challenges must be
understood and overcome by anyone using the TRL system in their program.

Even though the addition of new and unproven technologies increases the uncertainty
associated with the design, it is often necessary to include them as designers strive to close
designs for more complex scenarios. Space ight planning usually must account for the
development of new technologies using a measurement of technology readiness, such as
TRLs. However, it is important that the weaknesses associated with such measurements
are well documented and accounted for in order to ensure the program will be able to meet

its targets.
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Table 2.1: 15 challenges associated with the implementation of TRLs, as documented by
Olechowski et al. [41]

System Complexity
. Integration and connectivity
. Interface maturity
. Scope of the TRL assessment
. In uence of new components or environment
. Prioritization of technology development efforts
. System readiness
. Visualization

Planning and Review
8. Aligning TRLs with system development gates
9. Waivers
10. Back-up plans
11. Effort to progress
12. Con dence to progress
13. Product roadmapping

Assessment Validity

14. Subjectivity of the assessment
15. Imprecision of the scale

~NOoO o~ WDNPRE

2.1.3 LaunchUncertainty

Launch uncertainties, primarily launch delays, have one of the biggest impacts in space
ight planning. One way this is obvious is in planned Mars missions, such as those in DRA
5.0 [1]. Technically, a transfer to Mars could be planned at any time. However, normally
two “classes” of missions are discussed: opposition and conjunction. A comparison of the
two missions can be seen in Figure 2.4. Conjunction class missions are minimum-energy
transfers between Earth and Mars and are characterized by longer mission durations than
opposition class missions. They are often preferred over opposition class missions due to
more crew time on Mars as well as the lower delta-v requirement. However, minimum
energy transfers are only available for about 60 days every 26 months [1]. This means that
if a launch window is missed, there is a potential 26-month delay until the next available
transfer window, which could be devastating for a campaign.

Unfortunately, these launch delays occur fairly frequently. In 2014, Cates et al. [33]
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Figure 2.4: A comparison of Opposition (a) and conjunction (b) class Mars mission pro-
les. Image from [1]

used data from the website Space ightNow.com in order to examine the changes that oc-
curred in the launch dates for certain launch vehicles. A plot showing Cumulative Distri-
bution Functions (CDFs) of their results can be seen in Figure 2.5. This plot shows the
percentage of ights that had launched versus the number of days they were delayed rel-
ative to their planned launch date. The Soyuz launch vehicle has the best performance of
the launch vehicles examined using this metric, launching within one day of the planned
launch date 50% of the time. However, even 50% of the time can be an unacceptably low
rate for mission planners and designers, especially during a complex campaign. While it
is true that the launches examined in this study were not representative of those of a large
campaign (as they were mission launches), these launch delays will still likely occur in
campaigns.

In current campaign planning, these types of delays are most commonly dealt with
by including a time margin between the last launch and the opening of the Earth departure
window. Typically, multiple vehicles will launch over a period of time and then rendezvous
in space prior to departure. By adding a margin between the nal element launch and the
departure window, a launch could be delayed by as much as a couple of months and still

happen in time to depart Earth. For example, DRA 5.0 suggested a margin of 90-180 days
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Figure 2.5: Launch delays relative to when the launch date rst appeared on the Space-
ightNow.com schedule. Image from [33]

between launches and planned departure windows [1].

While larger margins provide more con dence, they also lead to increased time in space
for the vehicles. If one element is launched and then the next launch window is missed or
delayed, the rst element will have to wait additional time in space for a backup launch or
to be is removed from orbit. In another study, Cates et al. (2020) [43] examined (amongst
other things) the probability that HLS, part of NASAs Artemis program, would spend more
time in space than predicted. They broke the HLS into its three parts: the Transfer Element
(TE), Descent Element (DE), and Ascent Element (AE). Each of these elements requires
an SLS launch. The scenario they examined also included the Orion crew vehicle, bringing
the total number of launches to four. They then ran scenarios examining the results of
launch delays on the four launches and the planned total in-space time of the elements.

The planned total in-space time for the TE, DE, and AE are 190.5, 161, and 138 days,
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respectively. Some of their results, show in the plot in Figure 2.6, use CDFs to look at the
predicted number of days that the element will be in space. Cates et al. calculated that there
are high probabilities that these elements will be in space for longer than anticipated. For
instance, looking at the transfer element, there is almost a 90% chance that it spends more
than the anticipated 190.5 days in space [43]. This additional, unplanned time in space
leads to increased risks, such as a larger time for failures to occur, increased changes of
micrometeorite and orbital debris (MMOD) strikes, and increased risks to the crew (if they
are the ones waiting in space), particularly to their health [33]. Therefore, it is necessary to
be able to plan a campaign that can handle launch uncertainty without increasing margins

to undesirable lengths.

Figure 2.6: In-space time CDFs for HLS elements from launch to mission completion.
Image from [43]

2.1.4 BudgetaryandScheduldJncertainty

As mission planners ght for funding and other resources, they face pressure to minimize
their budget and timeline. Once the missions have begun, they can experience budget and
schedule overruns. In order to know how to avoid these overruns, rst, one must examine
how often they actually occur. Bitten et al. [35] attempted to do this by examining twenty

NASA space ight missions, selected to encompass a broad range of potential types of
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missions, for overruns, including schedule and cost overruns. The results of their work for
cost growth can be seen in Figure 2.7, and the results of their work for schedule growth can
be seen in Figure 2.8. Overall, they found an average cost increase of 56% and an average
schedule growth of 39% from the beginning of the mission to launch. This is a signi cant
amount of cost and schedule overrun, showing that the uncertainty surrounding the budget
and schedule were not adequately accounted for in the planning stage. In addition, Bitten
et al. examined the correlation between the schedule and cost overruns. Their resulting
plot can be seen in Figure 2.9. They found that there does exist a good correlation between
the two, implying that any mission planners must consider these two forms of uncertainty
together in order to account for them accurately.

It is important to examine the root causes of these overruns in order to ensure that ef-
forts are taken to mitigate them. Emmons et al. [44] examined the cause of schedule and
cost growth for forty NASA missions. They broke down the causes into two categories:
internal and external. Internal growth was growth for reasons that should have been un-
der the project's control, while external growth was growth due to factors outside of the
project's control. The reasons for growth over these forty missions were then broken down
into the pie chart shown in Figure 2.10. As can be seen in that plot, the vast majority of mis-
sions (87.5%) experienced growth, and the majority of those missions experienced internal
growth. This means that most of the growth could have been predicted and accounted for
by the project during the planning stage.

These internal and external reasons for growth have been further de ned by additional
work, including Bitten [45], whose examples can be seen in Table 2.2, as well as Majerow-
icz and Shinn [46], who examined the reasons for cost and schedule growth as well as their
correlation. All of these potential causes of growth add to the uncertainty surrounding the
budget and schedule, and they must all be accounted for in campaign planning in order
to minimize potential overruns. These overruns can lead to canceled programs, missed

launch windows, and down-scoping of missions, so it is important that planners are able to
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(a) Comparison of the cost growth (%) versus absolute cost growth for the examined missions

(b) Comparison of the cost growth (%) versus time for the examined missions

Figure 2.7: Plots showing the cost growth for twenty NASA missions. Images from [35]

28



(a) Comparison of the schedule growth (%) versus absolute schedule growth (in months) for the
examined missions

(b) Comparison of the schedule growth (%) versus time for the examined missions

Figure 2.8: Plots showing the schedule growth for twenty NASA missions. Images from
[35]
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Figure 2.9: A plot showing the correlation between schedule and development cost growth
for twenty NASA missions. Image from [35]

Figure 2.10: A pie chart showing what percentages of the examined NASA missions expe-
riences external, internal, or no growth. Image from [44]

accurately capture the necessary budget and schedule for their program.

2.1.5 MissionArchitectureUncertaintyConclusion

By breaking down mission architecture uncertainty into four categories, mission planners
are better able to understand the different types of uncertainty they face and develop mit-
igation strategies to deal with them. Current mitigation strategies often try to account for

these major components of uncertainty. By doing this, however, other forms of uncertainty

are often left unrepresented. For example, TRLs were developed as a way to mitigate
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Table 2.2: A table listing examples of internal and external schedule growth. Information
from from [45]

Internal (Within Project's Control)

External (Outside Project's Control)

Technical
Spacecraft development dif culties
Instrument development dif culties
Test failures
Optimistic heritage assumptions
Programmatic

Launch vehicle delay
Project redesign
Requirements growth
Budget constraint
Labor strike

Natural Disaster

Contractor management issues
Inability to properly staff an activity

uncertainty surrounding the development time and cost of new technologies. However,
TRLs themselves have uncertainty that often goes unaccounted for. These shortcomings
of current mitigation and planning techniques lead to problems that have to be dealt with
by current and future planners. This observation leads to the rst gap identi ed by this

literature review:

Gap 1. Strategies to account for and mitigate mission architecture uncertainty often ig-

nore uncertainties that can have large effects on the outcome of the mission.

The breakdown of mission architecture uncertainty into these four categories has aided
mission planners in assuring that uncertainty is understood and accounted for by mission
planners. However, there has not been a systematic examination of these types of uncer-

tainties, the effects they have, and mitigation strategies.

2.2 Campaign Uncertainty

Even with the identi ed gaps, current design and planning methodologies for mission ar-
chitectures capture many of the uncertainties previously mentioned. Therefore, it would
appear that each of the mission architectures that combine to form a campaign could just
be optimized individually in sequence and then put together to get an optimized campaign.

However, campaigns have additional uncertainties that do not get accounted for when con-
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sidered in this manner and are not well de ned in literature. Many of these uncertainties
come from the fact that each of the mission architectures in a campaign depends on the
other mission architectures. These mission architectures have probabilistic results that must
be accounted for when optimizing subsequent mission architectures. As each subsequent
architecture relies on the previous one, a failure or suboptimal result in one would com-
pound throughout the duration of the campaign. Instead, campaign planners want to build
a campaign that is exible to mission or vehicle changes or results. This may necessitate
that campaign planners include compromises between various missions and vehicles, rather
than optimizing each mission architecture itself in sequence [4].

An example of this phenomenon could be the use of an ISRU plant in a campaign. Say
a space campaign utilized an ISRU plant that is established in one mission architecture
and then used by a later architecture to produce propellant. If the ISRU plant does not
function as expected (by producing less propellant than predicted, for example), the mission
architectures that rely on it must be able to account for that. Ideally, the campaign would
have been designed to handle these potential variances in ISRU production. However, if
they had not been accounted for, this could require signi cant changes to the campaign
in order to ensure the campaign is still successful, such as the addition of another launch.
Small changes early in a campaign can lead to big changes later on, if uncertainty is not
properly accounted for.

In order to ensure that all of the uncertainty associated with the campaign is accounted
for, it would be useful to have a classi cation system that enumerated and de ned the types
of uncertainties a campaign could encounter. This is especially true because the broad
categories of mission architecture uncertainty mentioned before are too general to capture
all of the nuances of uncertainty. For example, budget uncertainty undoubtedly exists, but
could have many different causes; it could be due to an inaccurate prediction of how much
money it will take to develop a new technology or changing political support resulting in

a changing budget, both of which would be accounted for differently by planners. It is
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therefore important to capture all of the different potential sources of uncertainty in order
to accurately account for uncertainty and its impacts on campaign planning.

Many other elds have developed taxonomies of uncertainty, but there is no such tax-
onomy for a campaign in literature. Therefore, the following section, Section 2.2.1, will
examine some of the taxonomies from other elds in order to help develop a taxonomy

unique to campaigns. This campaign taxonomy will be detailed in Section 2.2.2.

2.2.1 UncertaintyTaxonomies

Space and Launch Vehicle Development Uncertainty

In his doctoral thesis, Robertson (2013) [27] developed a taxonomy to classify the uncer-
tainties that affect mass growth and performance in the development of space and launch
vehicles. While this taxonomy makes vehicle-level considerations and is thus insuf cient
for campaign-level planning, the design and planning of space campaigns can include the
design of space and launch vehicles, so this taxonomy contains useful information for the
campaign taxonomy. It is particularly instructive as it drew upon taxonomies and lessons
learned from various other disciplines, including ecology and conservation biology, civil
engineering, structural engineering, systems engineering, space architectures and systems,
and the design of complex systems. Examining other disciplines can help identify specic
types of uncertainty, such as the human error uncertainty de ned in the design of complex
systems taxonomy, which categorizes the human error mentioned previously as a poten-
tial cause of launch vehicle failure [47]. It can also indicate categories of uncertainty that
help aid in the breakdown process, such as the epistemic, aleatory, and error uncertainty
categories introduced in the taxonomy for modeling and simulation [48]. Robertson synthe-
sized these lessons from other elds with knowledge of the types of uncertainty commonly
faced by vehicle development programs to produce the nal taxonomy shown in Figure
Figure 2.11.

This taxonomy rst breaks uncertainty down irgpistemiandaleatoryuncertainty, as
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Figure 2.11: The taxonomy of uncertainty for the development of space and launch vehi-
cles. Information from from [27]

de ned in Section 1.2.2Epistemic uncertaintis uncertainty due to a lack of knowledge,
whereasaleatory uncertaintyis due to the inherent randomness of the system. Aleatory
uncertainty is not broken down further in the taxonomy, dqistemids broken down into
endogenousnd exogenous This breakdown okpistemicuncertainty is de ned in the
following paragraphs.

Endogenous Uncertainty:Endogenousincertainties fall under the control of the pro-
gram of ce. As these are epistemic uncertainties, a program of ce could reduce them by
increasing the relevant investment in order to obtain the necessary knowledge for miti-
gation. This taxonomy breaks this category down further into phenomenological, human
errors, and design uncertainties.

Phenomenological uncertainty, also known as unknown unknowns, is due to informa-
tion that cannot be known when design decisions are made. For example, the Explorer
| satellite deviated from its planned axis of rotation due to limited contemporary under-

standing of rigid body dynamics [49]. As the design progresses, these uncertainties often
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decrease as more detailed design and testing processes reveal these unknowns. To minimize
phenomenological uncertainty, designers and planners must carefully identify, analyze, and
test areas of the design where information is lacking. For example, modern day spacecraft
undergo signi cant analyses testing prior to launch, including techniques such as vacuum
and vibration testing [50]. These analyses and tests help minimize the potential for unex-
pected behaviors while in space and help ensure that phenomenological uncertainties have
been accounted for.

The next type, human errors, comprises uncertainty due to mistakes made by develop-
ers. For example, a failure in orbit caused by a aw in the attitude control system resulted
in the loss of the Lewis Satellite [51]. Humans cannot achieve perfection in every area of
design, manufacturing, testing, and operations, so this probability of human error must be
accounted for. In NASAs Mission Failure Investigation Board for the Lewis Satellite, it
was determined that the major cause of the failure was a lack of design peer review (lead-
ing to errors going unnoticed) as well as inconsistent monitoring [51]. In order to prevent
similar mistakes from going unnoticed, detailed design and testing procedures can be used
in order to weed out potential errors before they negatively impact the campaign.

Finally, design uncertainty arises from a lack of de nition in the design. This taxon-
omy breaks this category into three parts: model, volitional, and technological uncertainty.
Model uncertainty is due to the delity level and underlying assumptions of the program'’s
design tools. For instance, trajectory analyses based on a two-body problem, three-body
problem, or an N-body problem would yield trajectories of different delities. Volitional
uncertainty is uncertainty about decisions yet to be made. The project development lifecy-
cle involves many changing decisions whose outcomes cannot be known completely from
the project outset. For example, the Space Launch System (SLS) has been under devel-
opment since 2010 with the goal of being the heavy-lift launch vehicle NASA will use
to return humans to the moon [52]. At the beginning of this project, there were a huge

number of unknowns related to the eventual programs that would use the SLS and what
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the design speci cations should be, all of which had to be accounted for in the design.
Finally, technological uncertainty is due to the use of new and untested technologies in a
design program. For example, uncertainty surrounding a planned composite tank on the
X-33 proved insurmountable and required a shift to a conventional tank [53].

Exogenous Uncertainty: Exogenousincertainties originate outside the scope of the
program of ce. While these types of uncertainties will decrease as the program progresses,
the program of ce itself cannot take steps to reduce this uncertainty. This taxonomy further
discretizes this category into requirements, political, and integration uncertainty.

Requirements uncertainty is de ned as uncertainty in the underlying customer require-
ments for a system. This form of uncertainty has three components: scope, constraint, and
linguistic uncertainty. Scope uncertainty involves the required performance characteristics,
or scope, of the system under development. This includes uncertainty over scope creep, or
how that scope will change over the course of the project. Scope uncertainty is related to
uncertainty in the functional requirements of the system. Constraint uncertainty, however,
deals with non-functional requirement uncertainty regarding the constraints placed upon
the system in development. For example, during the development of the Shuttle program,
there was signi cant uncertainty over the required materials for the External Tank's insula-
tion. After the design had been completed, it was mandated that the foam insulation could
no longer contain freon, forcing a redesign and delay [54]. Finally, linguistic uncertainty
has to deal with uncertainty in the wording of the requirements, caused by either poor
wording or a lack of clarity. The ISS Lessons Learned report cites this type of uncertainty
as leading to scheduling delays and cost overruns [55].

Another type of exogenous uncertainty is political uncertainty, which deals with uncer-
tainty in the amount of political support given to a development program. For example, wa-
vering political support for the Space Shuttle program led to funding concerns. To mitigate
these concerns, the program took steps to lower development costs, including changing the

stack to use solid rocket motors instead of liquid boosters [56]. Changing administrations
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and political climates create new priorities, which can have large effects on the support for
space campaigns. It is crucial for campaign designers to secure the proper support for a
space campaign or develop potential alternate campaign plans (such as the ISS campaign
plan detailed in section 1.2) as a hedge against changes in the political climate.

The last type of exogenous uncertainty is integration uncertainty. This uncertainty has
to do with how a system under development integrates with other projects outside of the
system's program of ce. For example, the Saturn V S-IlI stage had to make design and
manufacturing process decisions to minimize weight because the S-IV B stage was already
in production and it was determined that changing the S-1l would be cheaper than changing
the S-1V B [57]. Better consideration of the integration of these stages prior to the produc-
tion process could have eliminated the need for these last-minute changes. As the different
systems in a campaign must work together to achieve campaign goals, each must therefore

account for the limitations and requirements of other campaign systems.

Supply Chain Uncertainty

Supply chain uncertainties are relevant to almost every program of ce. These are de ned
by Simangunsong et al. [58] as uncertainties and risks that may occur at any point within a
supply chain network. A trove of research has been conducted on supply chain uncertainty
and ways to plan for and mitigate it [58, 59, 60]. Two taxonomies in particular will be
examined here for use in this work. These two taxonomies broadly overlap but contain
nuances that do not overlap, and so it is important to consider both.

The rst, developed by Simangunsong et al. [58], breaks down uncertainty into fourteen
sources. These fourteen sources and their de nitions can be seen in Table 2.3. They can

also be divided into three groups:

1. Internal organization uncertaintyuncertainty from within the company, consisting

of sources 1-6

2. Internal supply-chain uncertaintyancertainty within the control of the company or
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its supply-chain partners, consisting of sources 7-12

3. External uncertainty:uncertainty from outside of the supply chain, consisting of

sources 13-14

This taxonomy has a useful identi cation of product and manufacturing uncertainties,
such as identifying supplier issues, organizational function issues, and time delay issues,
as well as external, environmental uncertainties, such as weather effects, that will aid in
creating a campaign taxonomy.

The second taxonomy of supply chain uncertainty, developed by Song et al. [60], breaks
down uncertainty into four groups, consisting of a total of twenty risk factors. The four
groups are operational, economic, environmental, and social. The twenty sources that fall
under those four categories as well as their de nitions can be seen in Table 2.4. This taxon-
omy includes economic, environmental, and social uncertainties was relevant to this work,
as campaign planners must be able to understand and account for the economic, environ-
mental, and social impacts of their campaign in order to ensure they maintain necessary

support throughout the duration of the campaign.
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Table 2.3: Taxonomy of supply chain uncertainty developed by Simangunsong et al. [58]
Group | Factors/Variables Description
1. Product characteristics| Product life cycle, packaging, perishability,
mix, or speci cation
2. Process/manufacturing Machine breakdowns, labor problems, pro-
S cess reliability, etc.
b= 3. Control/chaos/responsdJncertainty as a result of control systems|in
E uncertainty the supply chain
o 4. Decision complexity Uncertainty that arises because of multiple
o dimensions in decision-making process, e.g.
Tg multiple goals, constraints, long term plan,
o etc.
E 5. Organization structure E.g. organization culture
and human behavior
6. IT/IS complexity The realization of threats to IT use in the ap-
plication level, organizational level and inter-
organizational level, e.g. computer viruses,
technical failure, unauthorized physical ac-
cess, misuse, etc.
7. End customer demand| Irregular purchases or irregular orders from
nal recipient of product or service
8. Demand ampli cation | Ampli cation of demand due to the bullwhip
= effect
5 9. Supplier Supplier performance issues, such as quality
> problems, late delivery, etc.
) 10. Parallel interaction Parallel interaction refers to the situation
@ where there is interaction between different
Tg channels of the supply chain in the same tier
o 11. Order forecast horizonThe longer the horizon, the larger the forecast
E / lead-time gap errors and hence there is greater uncertainty
in the demand forecasts
12. Chain con guration, E.g. number of parties involved, facilities
infrastructure and facilities used or location, etc.
f_g 13. Environment E.g. political, government policy, macroecp-
o nomic and social issues, competitor behavior
0 14. Disruption/natural unt E.g. earthquake, tsunamis, non-deterministic
certainties chaos, etc.
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Table 2.4: Taxonomy of supply chain uncertainty developed by Song et al. [60]

Group

Risk Factors

Description

Operational

1. Demand and suppl

uncertainty

y Unanticipated or inaccurate demand forecasts;
certainty due to huge competition in the mark
Underutilization and overutilization of capacitie

or capacity in exibilities.

un-

et;

2. Failure to select the Failure to select the suppliers with better sustain-

right suppliers

ability performance on social, environmental, a

economic goals.

3. Lower responsive

ness performance

- Failure to respond to changes in demand (volu

mix, location) quickly and at reasonable cost.

4. In exibility of sup-

In exibility of supplier (e.g., in exible capacity)

nd

me,

ply source to adapt to environment changes (e.g., demand
changes) which may cause delays.

5. Poor quality or| Failure to identify, monitor and reduce supply

process yield at supply chain disruptions or errors in production or deliv-

store ery.

6. Coordination com; Extra coordination burden due to information djs-

plexity / effort tortion, different goals of SSC members, or dis-
putes between the partners.

7. IT and information| Lack of necessary IT infrastructure and mecha-

sharing risks

tion among chain members.

8. Lack of sustain-
able knowledge / tech

nology

Lack of sound knowledge and understand
- about sustainable technology, operations

method among partners.
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Table 2.4:

Continued from previous page

9. \olatility of price

Volatile price and cost (e.g., eco-friendly raw ma-

o and cost terial price, design cost, purchase cost, source
§ cost, and make cost), which cannot ensure timely
uLOj and reliable delivery and maintain quality.
10. Ination and cur-| In ation and variations in currency exchange rates
rency exchange rates| would affect the nancial concerns, and SSC ef-
fectiveness might be affected.
11. Market share re- Decrease in market share due to external or inter-
duction nal reasons (e.g., competition and poor quality).
12. Reputation loss or Reputation and credibility hurt of the rm, caus-
brand damage ing customers not to consider the rm as a possi-
ble source for meeting their needs.
= 13. Natural disasters | Rare but severe disruptions caused by natural dis-
é asters (hurricanes, ood, storms, earthquakes)
é 14. Inefcient use of| Inef cient resource (e.g., energy, recyclahle
L% resources wastes) use for the production and delivery|of
goods and services.
15. Environmental Air, water, soil or other contamination due to fa-
pollution cility operations or products.
16. Hazardous wasteUnusable or unwanted substance or material pro-
generation duced during, or as a result of a process, such as
manufacturing or transportation.
17. Unhealthy / dan; Working conditions under unhealthy operations in
gerous working envit untrusting workplace/use of hazardous materjals
T ronment that threaten health and safety of employee.
(&]
3
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Table 2.4: Continued from previous page

18. Violation of hu-| Behavior violating dignity of an individual or cre
man rights ating a degrading, e.g., hiring child and forced
labor, discrimination, excessive working time be-

yond legal requirements.

19. Failure to fulll | Failure to involve in local community, educatio

>

social commitment | culture and technological development, job cre-

ation, healthcare, societal investment.

20. Violation of busi-| Behavior violating business ethics, e.g., corrup-

ness ethics tion, unfair-trading, and privacy invasion, etc.

Disaster Relief Uncertainty

The International Federation of Red Cross and Red Crescent Societies (IFRC) de nes a
disaster as “a sudden, calamitous event that seriously disrupts the functioning of a com-
munity or society and causes human, material, and economic or environmental losses that
exceed the community's or society's ability to cope using its own resources” [61]. Disaster
relief operations deal with trying to get aid, in the form of manpower and supplies, to ar-
eas that have been impacted by disasters. A taxonomy for the uncertainty associated with
disaster relief operations was developed in a survey by Hoyos et al. [62]. As disaster relief
operations primarily deal with the logistical challenges of getting aid where it is needed,
this taxonomy has applications to space ight logistics as well.

In reviewing 101 papers, they developed seven categories of stochastic uncertainty, as
well as various components that contribute to each of those categories. The seven categories

are as follows:

1. Disaster Hazard and Occurrenceincertainty about what actually occured and the

situation in the affected area
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2. Demand:uncertainty about the needed supplies or manpower in the affected area
3. Demand Locationuncertainty about where supplies are needed

4. Human Behavior.uncertainty about decisions made by humans involved in the op-

erations
5. Supply:uncertainty about the availability and quality of aid products

6. Site or Infrastructure Damageaincertainty due to inaccurate predictions of the dam-

age after a disaster

7. Traf cability of Transportation Networkuncertainty about the network used to trans-

port aid to and within the affected area and communicate to others in the affected area

The full taxonomy developed by Hoyos et al., including the components that contribute
to these categories, can be seenin Table 2.5 [62]. Of particular interest in this taxonomy was
their treatment of uncertainty about potential disasters (failures) and what is needed where
in order to recover from these disasters, as well as uncertainties due to human actions in

these scenarios.

2.2.2 CampaigrncertaintyTaxonomy

The full space campaign taxonomy presented here incorporates elements of mission ar-
chitecture uncertainty, all of the examined taxonomies, and additional nuances unique to
space campaigns. The components of this taxonomy, shown in Figure 2.12, will be broken
down and de ned in this section. At the highest level, uncertainties fall under one of two
categoriesepistemicand aleatory, which will be discussed in the following subsections.
This taxonomy was also presented in ASCEND 2022 [63]. It is important to note that cate-
gorizations of epistemic and aleatory uncertainty depend on the point of view of the person
using the taxonomy. For example, someone developing a speci c system on a vehicle

would have different categorizations than the overall vehicle designer or campaign planner.
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Table 2.5: Taxonomy of disaster relief uncertainty developed by Hoyos et al. [62]

Parameter

Componment

Disaster hazard and
occurrence uncertainty

Earthquake and other disasters hazard, exposure
vulnerability

and

Occurrence and severity of droughts, oods, storms,

snow or other disasters

Probability of a disaster occurrence

Occurrence and severity of droughts

Demand uncertainty

Forecasting demand of commodities after a disaster

Demand uncertainty

Demand uncertainty and medical supply insuf ciency

Demand location

Demand uncertainty, number of possible sites for tem-

porary centers and resources available

Demand location

Uncertainty in the location of an entity and the proba-

bility of detection of the entity

Human behavior

Characteristics and possible decisions taken by
agent involved in an evacuation

Uncertainty in criteria weights

Supply

an

Supply (resource levels, vehicle availability) and de-

mand uncertainty

Site or infrastructure
damage

Probability of damage from an attack or disaster

Uncertainty due to possible inaccuracy in determin
the consequences (in terms of emergency respons
bridge collapse

Level of damage and probability of accuracy in infor-

mation on road conditions

Level of damage of infrastructure

Survival probability of an structure (bridges, hig
ways, etc.)

Damage level of a structure (bridges, highways, et¢.)

Traf cability of
transportation
network

Reliability of a route

Emergency calls and travelling times

Occurrence of traf c events that may cause delay
evacuation

ing
e) of

Probabilities of packet loss after the event and rout
probabilities

ing

Congestion and time delays on road links and block|
probabilities

age
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The taxonomy and categorizations presented here are meant speci cally to represent the

point of view of the campaign program of ce.

Epistemic Uncertainty

As mentioned previously, epistemic uncertainty is uncertainty due to a lack of knowledge,
which can be alleviated as the program matures. The epistemic branch of this taxonomy
splits intosystem-levedndcampaign-levegpistemic uncertainty. Each of these branches is
largely based on the taxonomy by Robertson [27], which is broken down in Section 2.2.1.
Therefore, just the differences from that original taxonomy are documented here; examples
and de nitions of the types of uncertainties can be found in Section 2.2.1.

System Level Uncertainty: Epistemic uncertainty for each of the systems that com-
prises the campaign is summed together to create the total system-level epistemic uncer-
tainty. The breakdown of system-level uncertainty is essentially the same as the epistemic
breakdown given in Section 2.2.1, except for a change in political uncertainty. Instead of
political uncertainty, this taxonomy considers institutional uncertainty, which breaks down
into political and economic uncertainty. Institutional uncertainty is uncertainty about the
institutional support for the development program. Such institutional support for a develop-
ment program can come from two different sources: political institutions and economic in-
stitutions. Political uncertainty in this context uses the same de nition as before. Economic
uncertainty deals with uncertainty in private sector funding, the market for the system, or
competition. An example of this economic uncertainty is found in the competition between
SpaceX, Amazon, OneWeb, and others to create a constellation of satellites to provide
internet access [64]. The economic viability of such constellations hinges on companies
keeping a suf ciently large user base to remain pro table. The drive to bring products to
market before competitors in order to properly secure that user base has large impacts on
on campaign design. In order to ensure a campaign's success and maintain economic via-

bility and support, designers push to reduce budgets, increase potential program bene ts,
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and make other relevant adaptations.

Campaign Level Uncertainty: Epistemic at the campaign level is, again, very similar
to that given in Section 2.2.1. However, there are three changes. The same system-level
change of replacing political uncertainty with institutional, political, and economic uncer-
tainty is made here at the campaign level. In addition, technological uncertainty, a subset
of design uncertainty, is removed. This is because the inclusion of new technologies is
considered at the system level, not at the campaign level. For example, a new propulsion
technology and its related uncertainty would be considered under the system-level uncer-
tainty of the vehicle containing the new technology, not at the campaign level. Finally,
integration uncertainty is moved from the exogenous side to the endogenous side. This is
because the integration of the different systems that comprise the campaign is under the
campaign of ce's control. Exogenous uncertainty has to do with uncertainties outside of
the program of ce's control, so this integration uncertainty would not be considered exoge-

nous at the campaign level.

Aleatory Uncertainty

As a reminder, aleatory uncertainty is uncertainty due to the inherent randomness of a sys-
tem. In this taxonomy, aleatory uncertainty breaks down into four categories: external
disruption, internal disruption, stochasticity, and operations. The campaign program of ce
must consider these uncertainties holistically in order to determine how they affect the en-
tire campaign, not just the single system that is being impacted by a disruption. Therefore,
this uncertainty is considered at the campaign level and does not break down into campaign
and system level uncertainties.
External disruption involves uncertainty due to unpredictable disruptions outside of

the campaign's control. For example, unexpected bad weather can lead to launch delays
[65]. In addition to this, weather events or natural disasters can cause delays in production

or transportation of campaign systems, particularly if facilities used for these tasks are
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damaged or destroyed. This type of uncertainty can also encompass unnatural disasters,
like an explosion at a manufacturing facility.

The second category, internal disruption, is uncertainty due to unpredictable disrup-
tions inside of the campaign's control. This could be a breakdown of a speci ¢ part of a
campaign, like a product error leading to a failure of that part. For example, the ABRIXAS
satellite failed after the launch battery charged and destroyed the main satellite battery three
days after launch, rendering it inoperable [66]. These disruptions could be theoretically
prevented if no mistakes were made in the campaign. However, this would be extremely
unlikely, and so these disruptions must be accounted for.

Stochasticity uncertainty is comes from the stochastic physical nature of the system.
For example, an engine will never burn at exactly the predicted speci ¢ impLyskefér
the duration of its life - the actudk, will vary slightly around the predictets,. These
uncertainties are often accounted for by designing systems with tolerances around expected
values. For example, a campaign designer knows that the engine will not burn at the exact
Isp and will plan the campaign ensuring that the campaign is still feasible if $hes
slightly off nominal. Campaign planners must identify those values which can vary over
the course of the campaign and their respective variances in order to accurate plan for
potential off-nominal behavior.

Finally, operations uncertainty is uncertainty due to variations in operation outside of
the nominal mission. For example, an operator may make a split-second decision during
a campaign to deviate from planned operations, such as waiting an additional orbit before
making a transfer maneuver. Campaign planners will often include safety reserves of com-
modities, such as propellant, in order to ensure that these operational deviations do not
affect the viability of the campaign. By examining the campaign operations in detail and
adequately preparing for potential operational deviations, these operations uncertainties

can be reduced.
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2.3 Impacts of Uncertainty

This developed campaign uncertainty taxonomy can be used in order to identify the poten-
tial impacts of uncertainty on the campaign and campaign planning. Many of the epistemic

uncertainties and their effects have been documented well in literature relating to mission

architecture planning and there exists ways of including these calculations and mitigation

techniques in planning decisions. These techniques were developed for mission architec-
ture planning but can be modi ed to allow for their inclusion in campaign planning.

However, aleatory uncertainties and their impacts have not been thoroughly examined.
Of the four types of aleatory uncertainties, operations and stochasticity have existing tech-
niques for mitigation. Operations uncertainties are often accounted for by including ight
reserves in design planning. By including a propellant margin, designers can help ensure
that the campaign contains suf cient propellant, even if operations deviate. To account for
stochasticity, designers often plan for a small range around expected values. For example,
a vehicle may need to provide 5 m/s of delta-v during a burn event, but the designers will
plan for 4.8 - 5.2 m/s, allowing for slight variation without compromising the rest of the
campaign.

The other two types of aleatory uncertainty, external and internal disruption, have not
been considered well in literature. These uncertainties have two main types of impacts
on the campaign: temporal delays and “system removal’ events. Temporal delays often
come in the form of delays and schedule overruns. For example, a weather event (external
disruption) could cause a launch delay, or a product manufactured outside of tolerance
(internal disruption) causes delays as the product error is xed. “System removal” events
come when a disruption causes an element used in the campaign to be removed from the
campaign permanently. As an example, a weather event (external disruption) could destroy
a planned launchpad, rendering it unusable for the campaign. In addition, a launch vehicle

failure (internal disruption) could lead to the grounding of that launch vehicle, meaning the
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campaign will have to nd an alternative launch vehicle to stay on schedule.

These types of uncertainties have been documented, but techniques to include them in
campaign planning have not been developed, despite the fact that including them is vital
to ensuring a campaign proceeds as planned. This observation leads to the second gap

identi ed in this work:

Gap 2 Aleatory uncertainties and their impacts on campaign planning have not been

considered in detail.
2.4 Conclusion

This section provides a summary of the gaps identi ed in the rst part of the literature
review. It also discusses the formulation research question and hypothesis proposed to |l
the gaps identi ed in this chapter.

This chapter began the literature review for this thesis, guided by Motivating Question

Guiding Question 1

What are the types of uncertainties that occur in space ight campaigns?

The literature review revealed two gaps:
Gap 1. Strategies to account for and mitigate mission architecture uncertainty often ig-
nore uncertainties that can have large effects on the outcome of the mission.
Gap 2. Aleatory uncertainties and their impacts on campaign planning have not been
considered in detail.

These gaps will be examined with other gaps found during the literature review in order
to develop a method of overcoming them.

The campaign uncertainty taxonomy in Figure 2.12 was developed by by drawing in-
sight from established breakdowns of mission architecture uncertainty as well as uncer-

tainty taxonomies from other elds. If methods of incorporating this taxonomy into current
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campaign planning techniques are developed, as is the goal of this thesis, planners will be
able to reduce the risks associated with high uncertainty, minimize overruns, and ensure
that campaigns ful Il their goals.

An updated version of the thesis hierarchy structure including what was developed in

this chapter can be seen in Figure 2.13.

Figure 2.13: The updated thesis hierarchy structure.
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CHAPTER 3
CAMPAIGN LOGISTICS MODELING

This chapter will attempt to answer the second motivating question:

Guiding Question 2

What is the state of current space ight campaign modeling?

A brief de nition of campaign logistics modeling was given in Section 1.2. The Ameri-
can Institute of Aeronautics and Astronautics (AIAA) de nes space logistics as the “theory
and practice of driving space system design for operability, and of managing the ow of
materiel, services, and information needed throughout a space system lifecycle. It includes
management of the logistics supply chain from Earth and on to destinations throughout
the solar system” [18]. As a note, campaign logistics planning in the context of this work
does not include vehicle or mission sizing. It involves using designed vehicles and mission
pro les in order to achieve overarching campaign goals. The goal of logistics planning is
to ef ciently manage and plan the logistics for an entire space campaign over its lifetime.

Space logistics include multiple challenges that make it more complex than terrestrial
logistics. These challenges include infrequent launch windows, long transport durations,
minimal cargo capacity, the transformation of resources during transportation, and long and
high-cost deployment phases [8, 67]. As mentioned previously, Mars missions can rely on
orbit transfers that only occur every 26 months, with transportation times taking between
650 and 918 days. These types of limited launch windows and long transfer times are
uncommon in terrestrial logistics planning. For instance, a military operation is unlikely
to only be able to send supplies every 26 months and have them take 918 days to arrive.
This means that logistics planning strategies in use for terrestrial planning are not directly

applicable to space logistics, so new techniques must be developed. The current work in
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space campaign logistics modeling will be detailed in the following sections.

3.1 Graph Theory Modeling

Space campaigns are often modeled using graph theory [68jraph is de ned as an
ordered pair of disjoint se{d/; E). V represents the “vertices” or “nodes,” whiterepre-

sents the “edges.” Botd andE are nite. An edgee = fX;yg joins the verticex andy

and is often referred to simply &y or (x;y). x andy are therefore called the endvertices

or endnodes. If the edges are not directed, then thexadgedentical to the edgex [69].
However, if the edges are directed, then the beginning and end nodes matsadjfferent

from yx. If a graph contains directed edges, sometimes called arcs, then the graph itself
is called directed. An example of a directed graph containing the nodes 1, 2, ... 6 and the

directed edges 12, 23, 34, 14, 15, 56, 64 can be seen in Figure 3.1.

Figure 3.1: An example of a directed graph containing the nodes 1, 2, ... 6 and the edges
12, 23, 34, 14, 15, 56, 64.

In order to represent campaigns using graph thewrhjts that a vehicle could occupy
are represented a®deswhile transitsthat the vehicle could take between orbits are repre-
sented aslirected edgesAn example of this can be seen in Figure 3.2a. This example has
three nodes, representing Earth, a Low Earth Orbit (LEO), and a Low Lunar Orbit (LLO),
with a set of edges between them.

SpaceNet [70] was one of the rst commonly-used graph theory approaches to cam-

paign planning. It was developed as part of the MIT Space Logistics Research Project in
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(b) An example of a time-expanded

(a) An example of a static graph theory graph theory network with three nodes
network with three nodes (Earth, LEO, (Earth, LEO, and LLO) as well as
and LLO) as well as the orbit transfers the orbit transfers between them across
between them. three time steps.

Figure 3.2: Examples of graph theory networks for space campaigns.

2005 in support of the Constellation program. It uses a Graphical User Interface (GUI) sup-
ported by a spreadsheet database for inputs on a MATLAB platform. It has been used for
a multitude of projects since its launch, including the ISS, lunar expeditions, and Martian
system exploration. More detail about these projects can be found on SpaceNet's website
[70] or in the paper by Grogan et al. [71]. SpaceNet has fallen out of use and has not been
updated since 2012. However, many of the basic principles it uses are still in use in modern
logistics planning.

SpaceNet works by using a time-expanded network. A typical graph can be thought of
as a static network; with the orbits as nodes and the transfers between the orbits represented
as edges, the amount of time it takes to complete those transfers is not accounted for. That
type of graph can be seen in Figure 3.2a. In order to account for time within the graph,

a time-expanded network is used. This is done by repeating the set of nodes at each time

step and creating directed edges that connect nodes across time steps. That way, the time it
takes to transfer between orbits can be accurately represented. In addition, directed edges
connect the same node across time steps to represent a commodity or element remaining at

the same node through multiple timesteps. An example of a time-expanded network can be
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seen in Figure 3.2b. This uses the same set of nodes as that in Figure 3.2a, but represented
across three time steps. This makes clear the difference between the Earth-LEO transfer
time (one time step) and the LEO-LLO transfer time (two time steps). It also shows, using
a dotted line, the “stationary” edges. The length of the time step used in the network can
be varied in order to allow for full or partial time expansion, allowing the user to balance
computational effort with the desired time resolution.

Multiple improvements to this time-expanded graph theory approach of SpaceNet have
been proposed. A heuristic optimization algorithm for solving these graph theory approach

problems as proposed by Taylor et al. (2006) [68] has three steps:
1. Select a commodity (oxygen, crew, food, etc) routing path
2. Assign commodities to non-propulsive vehicle elements
3. Assign propulsive vehicle elements to each arc of the path

A ow diagram of this procedure can be seen in Figure 3.3. The rst step consists of
nding the shortest path for a commodity through the network in order to ful Il demand.
Once each of the commodities have had their shortest paths determined, they are assigned
to transportation elements that will transport them along the paths. These elements are
selected based on a ranking procedure. Once all of the commodities have been assigned to
elements, the elements themselves are assigned to the burn arcs in order to actually perform
the mission. Finally, a total cost for this completed mission is calculated and compared to
previous solutions in order to nd the optimal solution. This procedure is then repeated
until a maximum number of iterations are reached. More detail about this procedure can
be found in Taylor et al.'s paper [68].

This procedure and the associated problem does have three major de ciencies that will
be discussed here: computational ef ciency, inclusion of resource generation, and uncer-
tainty considerations. First, the usage of a fully time-expanded network in this procedure

can be computationally prohibitive, so a balance between the desired delity or time res-
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Figure 3.3: A ow diagram of the heuristic graph theory algorithm proposed by Taylor et
al. [68]

olution and computational expense must be struck. In addition, a maximum number of
iterations is used to come to a nal solution, rather than ending the algorithm when a true
optimal solution is found. Second, this approach does not accurately consider resource
generation nodes like an ISRU plant. These types of elements, that have to be transported
to a location and then begin to produce a commodity over time, were not considered in this
original formulation but are likely to appear in missions that would be considered using
this method. Finally, no uncertainty calculations are implemented in the problem. These

de ciencies drove further development of these space ight logistics problems, leading to

new formulations that could account for these elements.

3.2 Flow Problem Modeling

An expansion of the graph theory approach is to usagroblemapproach [67]. Network

ow problems deal with the movement of commaodities through a graph theory network.
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Theminimal cost ow problenis the basic network ow problem. It involves solving for

the least cost shipment of a commodity through a network to satisfy demands at certain
nodes from supplies at other nodes. An example of this can be seen in Figure 3.4a. This
contains three nodesj; k , with directed edges between the themjask, andkj . There

is also a cost associated with each of the edgesci, andcy . The ow, x; , dictates the
commodityx that must ow from its beginning nodeto its endnodg¢. The problem then
involves nding the lowest-cost way to do so. In this problem, the ow could either travel
alongij or alongik andkj, depending on the cost variables.

A version of a ow problem is thegeneralized ow problem This adds “losses” or
“gains” to the edges in the network, allowing for the generation or consumption of a com-
modity by the edges. This is different from a cost, as it represents a change in the amount
of a commodity moving along the edge, whereas a cost may represent a price to transport
the commodity on that edge. An example of this is power loss through electric lines or the
transportation of perishable goods, both of which could be represented as consumption of a
commodity along an edge. This type of problem can be seen in Figure 3.4b. This contains
the same setup as in the minimal cost example in Figure 3.4a, with the addition of loss/gain
factors j, i, and jc corresponding to the three edggs,ik, andk] .

A second type of ow problem is anulti-commodity ow problem In this problem,
multiple commodities share the same network for transportation, but they are governed
by their own network ow constraints. For example, a factory may produce two different
products that use the same transportation network of airports and ight routes to get to their
destinations, but they may have different demand requirements at those destinations. This
problem can be seen in Figure 3.4c. This again contains the same setup as in the minimal
cost example in Figure 3.4a, with the addition of another nodas well as an edglem
and a cost associated with that eadgg. This allows for the additional commodity,, . In
this example, the cost associated with each edge is the same for each commodity, but this

may not be the case in a more realistic example.
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Space ight problems fall under both of the above categories of ow problem: com-
modities, such as propellant, are consumed during transport, and space campaigns carry
along multiple commodities with different origins and destinations. Therefore, in order to
solve these space ight problems, these ow problems must be combined iGenar-
alized Multi-Commodity Network Flow (GMCNIpyoblem. This model for space ight
logistics planning was developed by Ishimatsu [67] in his doctoral thesis and can be seenin
Figure 3.4d. It contains the same setup as in the multi-commodity example in Figure 3.4c,
with the addition of the loss/gain factors (from the generalized ow problegn) i, k.
and , corresponding to the four edgeg, ik, kj, andkm. This Generalized Multi-

Commodity Network Flow (GMCNF) problem will be detailed further in the following

section.
(a) Minimal Cost Flow Problem (b) Generalized Flow Problem
(d) Generalized Multi-Commodity Network
(c) Multi-Commodity Flow Problem Flow (GMCNF)

Figure 3.4: Examples of different types of ow problems.

3.3 Generalized Multi-Commaodity Network Flows (GMCNF)

3.3.1 PreliminaryGMCNF Formulation

Ishimatsu (2013) [67] developed a mathematical model to transform this GMCNF formu-

lation into an optimization problem. This rendered the problem easy to solve with com-
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mercially available software, reducing the necessary computational effort.

Figure 3.5: A representation of the notation used for Ishimatsu's GMCNF formulation [67].

The GMCNF model was formulated using notation similar to that shown in Figure 3.4d,
but not exactly the same. It can instead be seen in Figure 3.5. The ow is split into two
parts: ow into and out of a node. For example, in Figure 3.5, the ow out of note
x; and the ow into nodg isx; . Then,c; andc; represent the costs for the commodity
along the edge for the out ow and in ow, respectively. In addition, the set of nodes is
represented aN and the set of directed edges is representel.akinally, b is used to
represent the demand or supply at a nodendu;; is used to represented the capacity or
bound on the ow of a commodity along an edge Using this notation, the formulation

developed by Ishimatsu [67] is as follows:

Minimize
X +T+ T
== Cj Xj * Gy Xj (3.1)
(i )2A
subject to
X X
AL X Aix; b 8i 2N (3.2a)
j(iy)2A i:Gi)2A
Bixj =x;  8(;j)2A (3.2b)
Cixi 0 and Cyx; 0  8(ij)2A (3.2¢)
0 xj wuj and 0 x; uy  8(ij)2A (3.2d)
This formulation introduces three matrices; , Bj , andC; , called the requirement,

transformation, and concurrency matrices, respectively. Equation 3.2a and Equation 3.2b
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makeA ; x; required at nodéto send out owx; to edgeij . x;

j Is then transformed into

Bij xj = X; asin Equation 3.2b. Finall}y; x; is received at nodgwith in ow x; from

j
edgeij . The concurrency constraints in Equation 3.2c self-constrain the commodities on
each edge such that the dot product v@this less than or equal to zero. This allows for the
consideration of ow gain and loss due to interaction between commodities, transformation
between commodities, additional requirements at nodes, and concurrency on edges. In a
problem withk commodities and concurrency constraints, theéx;, andBj arek-by-k
matrices and@C; is anl-by-k matrix [67].

More detail and examples of this formulation can be found in Ishimatsu's thesis [67].
However, two different ways of solving these problems were developed: linear and mixed-
integer linear programming (MILP). MILP differs from linear programming by having in-
teger and non-integer variables in the problem. Ishimatsu's version of the linear program-
ming problem was used for space applications, while his mixed-integer linear programming
problem was used for terrestrial applications and will not be discussed in detail.

A Linear Programming (LP) problem contains a linear objective function, linear in-
equality and equality constraints, and nonnegativity restrictions on variables. This creates
a feasible region which is a set de ned as the intersection of a nite number of half spaces,
each of which is de ned by the inequality constraints. This creates a convex polyhedron
as the feasible space. A representation of this type of problem for a 2-dimensional space
(2 variables) can be seen in Figure 3.6. The LP algorithm solves these problems in N-
dimensional space by nding the corner point in the polyhedron where the objective func-
tion has the desired value, meaning, is the smallest, if that point exists.

In order to make the GMCNF formulation into an LP problem, the constraints detailed
in Equation 3.2 are turned into equality and inequality constraints in order to produce a
canonical LP. The details of this process can be found in Ishimatsu's thesis [67]. What
is important for this work are two few key points of this formulation: while it includes

resource generation nodes, it is static, with no time expansion; the size of the problem is
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Figure 3.6: An example of an LP with 2 variables and 5 inequality constraints.

determined by the number of nodes, edges, commaodities, and maximum number of con-
currency constraints. Finally, the outputted result is the optimal commodity ow: the way

to meet all the constraints at the lowest cost [8].

3.3.2 Time Expansion

The rst major improvement to the GMCNF formulation detailed above was to add in a
time expansion component. This was done by Ho et al. in 2014 [8]. Their method of time
expansion works essentially as that mentioned previously - the idea is to repeat the nodes
(orbits) at each time step and connect them across time steps. Instead of developing a fully-
expanded network, in order to maintain computational ef ciendyi-scale time expanded
network was developed.

This network makes the key assumption that nodes in the network calustered
so that transportation between clusters has a common time window and arc length while
transportation within the cluster does not have time windows and can happen anytime. It
also assumes that transit times, departure times, and demand time windows are rational

numbers. An algorithm to create these networks was developed and is as follows [8]:
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1. Divide nodes into clusters so that the transportation between the same pair of clusters
has a common time window and arc length whereas the transportation within the

cluster does not have time windows.

2. Draw a cluster-level time-expanded network that contains only cross-cluster arcs and

their origin and destination nodes.

3. Add nodes and arcs that correspond to the sub-time steps for each cluster after each
inward time window and before each outward window. If both windows open, assign

the sub-time steps both before and after them.

An example of this type of network can be seen in Figure 3.7. This represents the
network developed using the above algorithm by Ho et al. for their replication of the
DRA 5.0 mission [8]. It shows three clusters: Martian system, Earth/Cis-Lunar, and Earth
Surface. These clusters can contain multiple nodes, as seen by the Martian system cluster,
which contains nodes for the Martian surface and a Low Mars Orbit (LMO). Transportation
between nodes within the same cluster can happen at any time, whereas transportation
between clusters has limited windows. In this example, a vehicle could move from LEO
to the Lunar South Pole (LSP) at any time, while it could only move from LEO to LMO
if it was in one of those 26 month launch windows. More information about this speci c
application of the bi-scale time expanded network can be found in Ho et al. [8]. An
important note is that adding in the time expansion translated the problem from a simple
LP problem to a MILP problem, due to the addition of integer and non-integer variables.

However, Ho et al. did not actually use this MILP formulation in their work.

3.3.3 Inclusionof Higher-FidelityModels

While the bi-scale time expanded network seems to greatly improve on the original GM-
CNF formulation, there were still improvements to be made. Chen and Ho (2018) [72]

sought to improve this formulation by adding in higher- delity infrastructure models, in-
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Figure 3.7: An example of a bi-scale time expanded network for a space application. Image
from [8]

cluding a higher- delity ISRU model, a high- delity spacecraft model, and new constraints
for crew members. However, doing so created a Mixed-Integer Nonlinear Programming
(MINP) problem, which could not be solved with the LP formulation used by Ishimatsu
[67] and Ho et al. [8]. Instead, Chen and Ho developed two different approaches to solve
this problem: a MILP approach and a Simulated Annealing (SA) approach.

For both of these approaches, the nonlinear ISRU model was approximated as a linear
model using a piecewise function approximation method. The details of this approxima-
tion can be found in Chen and Ho [72], however, it meant that the new piecewise ISRU
model could be included in an MILP problem. The difference between the two models lay
in their treatment of the nonlinear spacecraft model. For the full MILP problem, the non-
linear spacecraft model was also approximated using the piecewise function approximation
method, resulting in the MILP formulation.

Before the details of the SA approach are discussed, SA will rst be brie y introduced.
SA is an optimization technique that was developed as an analogy to thermodynamics. The

basic idea is that if a metal (or potentially any liquid) is cooled at a precise, slow rate, the
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metal has suf cient time to nd its minimum energy crystal state, rather then just settling
into a random crystal state. This process of slowly cooling metals is called annealing. SA
takes a similar approach in order to attempt to nd the true optimum (analogous to the
minimum energy state) rather than a local optimum (analogous to the state of the metal if
it was cooled rapidly) [73]. However, SA cannot guarantee or certify its global optimality
[72].

For the SA problem, the spacecraft model was separated from the mission planning
aspect of the problem. Therefore, the mission planning part of the problem could be solved
using a MILP formulation, as the spacecraft design variables were outside of the formula-
tion and could remain non-linear. The owchart of this approach can be seen in Figure 3.8.
First, the spacecraft model is selected. The necessary parameters from that model are then
input into the MILP solver, which outputs a mission planning solution. If the computational
budget is exhausted, then this is the nal solution; otherwise, a new spacecratft is selected

and the process begins again.

Figure 3.8: A owchart of the simulated annealing approach developed by Chen and Ho.
Image from [72]

These two different approaches have positives and negatives. The main drawbacks
of the SA approach are that an optimal solution cannot be guaranteed and the results are
strongly dependant on the initial inputs. However, it can allow for the inclusion of a much
higher- delity spacecraft model then MILP. The bene ts of MILP are that it can guarantee

an optimum as well as being more computationally ef cient. Therefore, a decision must
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be made based on the desired level of delity and computational expense necessary for the

problem being solved.

3.3.4 Path-ArcFormulation

McBrayer et al. (2019) [74] sought to use this MILP formulation proposed by Ho et al. [8]

in order to examine potential architectures for the build-up and habitation of a lunar base.
However, they realized a few shortcomings of the formulation. One of the main issues
was that the HLS architecture required multiple vehicle components to aggregate at single
point and then travel, potentially together but also potentially individually. In addition,
the authors wished to examine reusable vehicles, which were not included in the original
framework. In order to account for these additional complexities, the authors chose to use
a path-arc formulation This formulation involves modeling vehicles and crew as paths
while modeling commodities as a ow network. This means that speci ¢ missions can be
pre-de ned as a path. For example, a path representing a baseline HLS concept can be seen
in Figure 3.9. Rather than forcing the optimizer to generate a mission through constraints,
the optimizer is instead allowed to select between pre-de ned paths (such as a reusable
path and a non-reusable path), helping reduce computational time.

For their lunar base example, the network used was developed by rst selecting all of
the missions or paths that they wanted to include in their network. As each path consisted
of its necessary arcs and nodes (orbits and transfers), the nal network of arcs and nodes
used for their study could be developed by combining all of the nodes and arcs from the
paths. Each path is then generated at every launch window. Vehicles in the network were
de ned by a set of properties including which arcs they were allowed to travel on, mass and
volume capacities, fuel and oxidizer types, and what launch vehicle they could launch on.
Resources were represented as commaodities in the ow network, with appropriate sources,
sinks, losses, and gains - for instance, breathable oxygen was assigned a loss rate per day

crew member. A mathematical representation of this network was then developed, using

65



Figure 3.9: A representation of a path for the HLS architecture. Image from McBrayer et
al. [74].

many of the same principles as found in Equation 3.1 and Equation 3.2. The notation used,
however, is slightly different, and can be seen in Figure 3.10. In ow and out ow of a
commodityc on arca is represented d%,.c.a andf out.c.a, respectively. Using this notation,

various constraints could be developed as detailed below.

Figure 3.10: A representation of the notation used to represent network ow by McBrayer
et al. [74].

Node ow conservation: conservation of commodities owing through a node. Com-
modities that remain at the node are sent on “holding” arcs that begin and end at the same

node. For all nodes and commodities:

xS X
fout;c;a = f in;c;a (3.3)

a=1 a=1
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whereS arcs end ah andT arcs begin ah. This can be modi ed for source and sink

nodes:
x X
fout;c;a + SquIYC,a = fin;c;a + demand:,a (34)

a=1 a=1
Arc capacity: mass and volume constraints along arcs based on the mass and volume

capacities of the vehicles. For every arthat does not stay on the Earth or Moon:

f out;c;a

Brm Vin (3.5)

c=1 ¢

wherek is the number of commodities on the arg,is the densityj is the number of
vehicles possible on that arg, is a binary variable to denote if the vehicle is on the arc,
andV,, is the volume capacity of the vehicle.

Similarly, the mass capacit{(,) can be represented as:

f out;c;a

bn Cim (3.6)

c=1 ¢

Again, similarly, the ow on launch arcs can be represented for every launch vehicle
LV as:
—
out;c;a V|_V (37)

c

c=1

fqute
out;c;a CLy (3.8)

c=1 ¢

Vehicle conservation:prevent vehicles from disappearing or jumping arcs by ensuring
that any vehicle that enters a node must exit that node. Vehicles that are disposed will be
sent to a discard node to ensure they are no longer in the problem. At everyriode

every vehicle instance
X X
b2 = bia (3.9)

a=1 a=1

whereS arcs end an, T arcs begin am, andb,., is a binary variable to denote if the vehicle
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Vv is on arca.
Arc ow conservation for commodities: ensuring that commodities are correctly con-
served across arcs. For non-consumable commaodities (such as modules), the ow of com-

moditiesc across arca are perfectly conserved:
fout;c;a = fin;c;a (3.10)

For human-consumable commoditiessuch as air, food, and water, the commodities

are consumed across a&s
fin;C;a = fOUt;C;a + NARC(te ts) (3'11)

whereN is the number of crew members on the aRg, is the amount of commodity
c consumed per crew member per day, apéndts are the end and start times af
respectively. These variables are also constrained to be greater than or equal to zero in
order to ensure the crew has enough of the commodity to reach the next resupply or end of
mission point.

The nal commodity type is fuel and oxidizer. The constraint used for fuel and oxidizer

is represented for a network kfcommoditiesp paths andh arcs in that path as:

X« X«
finca +(1 K)my =K foutcia (3.12)
c=1 c=1
wherem, is the vehicle mass and = e's%, having V as the velocity changés, as
the speci ¢ impulse of the vehicle, ang as 9.8 =5’.

The overall optimization function was selected to be a weighted, normalized sum of the

launch cost, total launch mass, and overall campaign time:
min k.cost+ k,mass+ k;time (3.13)
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8
k= o
i _ 1;000
Wlthg km ~  max _capacity (3'14)
- ke = finallo,?ime
where:
X
cost= launch_costenicle (3.15)
12L
X X
mass = finca (3.16)
a2A c2C
X
COSt=  Pryg (3.17)
p2P

whereL contains all arcs where a launch occuiscontains all arcs leaving Eartig
contains all commodities, arfél contains all the paths in use.

McBrayer et al. were able to use the commercial optimization software Gurobi [75]
in order to examine multiple potential lunar base campaigns, all with different require-
ments. Through their results, they were able to demonstrate the usefulness of this path-arc
formulation: it was able to represent complex mission elements and still produce results
with reasonable computational effort that would aid decision makers in the planning of
campaigns. More detail about the speci cs of these implementations and their results can
be seen in the paper by McBrayer et al. [74]. This formulation represents the most cur-
rent formulation of a reduced-computation-effort approach to this space logistics problem.

However, it does not include a consideration of uncertainty.

3.3.5 DecisionRule Approach

The primary problem still facing this GMCNF formulation is a lack of consideration of un-
certainty. Chen (2021) [76] was the rst to consider a way to add uncertainty. Speci cally,
Chen sought to add considerations of launch uncertainty into the MILP formulation. He

did so using a decision rule technique to map observations of uncertainty data to decisions.
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This method allows for the searching of the policy space without the use of gradients and
has been shown to provide an approximation of the optimal solution that would be found
by a real option analysis technique while reducing the computational time required [77].

Chen's formulation of the decision rule approach used the GMCNF MILP formulation
to solve the space logistics part, as well as an optimization problem with weighted sum
objectives to balance mission cost and mission performance. The decision rule formulation,
in Chen's example, was established by combining two types of decision rules, condition-
go and linear. More information on these types of decision rules can be found in Chen's
thesis [76]. However, the resulting rule was created in order to allow decision makers to
determine how much safety stock needed to be launched in the previous launch in order to
allow for the current launch to occur as planned with no loss of operating time, even if a
delay occurs. As a delay occurs, because the amount of safety stock launched previously is
known, decision makers know when they will run out of safety stock and how much time
will be lost due to a lack of stock. Then, decisions can be made in order to account for this.
Finally, a Pareto front is generated as the output of the framework in order to analyze the
tradeoff between mission cost and mission performance.

Chen found that this decision rule approach created results that could be bene cial to
decision makers. In particular, his results showed the potential impacts of stochastic mis-
sion operations, allowing decision makers to incorporate this knowledge into their plan-
ning. An example of the results can be seen in Figure 3.11, showing the expected Initial
Mass in Low Earth Orbit (IMLEO) versus operating time loss for missions containing dif-
ferent numbers of launches. This type of result allows decision makers to quickly analyze
how different numbers of launches and different IMLEO values can affect the operating
time loss, allowing them to balance the increased cost of more launches or a higher IM-
LEO value with the desired operating time. Providing this type of information early in
the design process can prove invaluable for campaign designers and decision makers in

reducing costs or delays as the campaign proceeds.
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Figure 3.11: An example of the results produced by the decision rule technique, showing
the expected initial mass in Low Earth Orbit (IMLEO) versus operating time loss for mis-
sions containing different numbers of launches. Image from [76].

However, this implementation of the decision rule approach only considers launch de-
lays. As discussed in Section 2.2, launch delays are not the only form of uncertainty that
can affect space campaigns. In addition, this formulation only considers mitigation as a re-
sult of increasing the redundant supply launched in previous missions. While this technique
could be expanded and new decision rules could be implemented, this type of expansion
has not yet been performed. Therefore, there are still multiple different sources and impacts
of uncertainty that need to be considered by campaign planners that are not captured by this
decision rule technique. This observation leads to the nal gap identi ed in this work:

Gap 3. Current space ight logistics planning techniques only consider some types of

uncertainty that affect campaign planning.

3.4 Conclusion: Thesis Hierarchy Update

This section provides a summary of the gaps identi ed in the second part of the literature

review. It also discusses the formulation research question and hypothesis proposed to |l
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the gaps identi ed in this chapter.

This chapter began the literature review for this thesis, guided by Guiding Question 2:

Guiding Question 2

What is the state of current space ight campaign modeling?

The literature review revealed a gap:

Gap 3 Current space ight logistics planning techniques only consider some types of
uncertainty that affect campaign planning.

This gap as well as Gaps 1 and 2 identi ed previously will be used to develop the
research questions and a proposed methodology and experimentation plan.

A visual representation of the breakdown of the Guiding Questions and identi ed gaps
can be seen in Figure 3.12. Potential techniques to examine these space ight logistics
problems under uncertainty will be discussed in the following chapter. This will culmi-
nate in a proposed methodology that will be used to address the Overarching Research

Objective.

Figure 3.12: A breakdown of the Guiding Questions and identi ed gaps.
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CHAPTER 4
METHODOLOGY FOR OPTIMIZATION UNDER UNCERTAINTY

This chapter will detail the proposed methodology for this work. The goal of this proposed
methodology is to overcome the identi ed gaps and address the Overarching Research Ob-
jective. In order to do so, Research Questions will be developed that will allow for exami-
nation of potential changes to current logistics planning as well as potential techniques to
solve these problems that could be incorporated in the proposed methodology. By combin-
ing the techniques identi ed by the Research Questions with techniques for space logistics
problems detailed previously, a new methodology for solving space logistics problems will

be developed and proposed.

4.1 Requirements of the Proposed Methodology

In order to determine what will comprise the methodology, it is important to determine
what its requirements are. The methodology developed for this work should be able to aid
decision makers in the process shown in Figure 1.2. Decision makers should be able to
present a user of this methodology with a set of architecture options that are under consid-
eration. The user of this methodology - an analyst - should be able to use those options
and this methodology in order to provide the decision makers with quantitative and qual-
itative data that would aid in their decision making. In particular, this data should show
the impacts of both these campaign options and various uncertainties on the optimal cam-
paign plan, allowing decision makers to make better informed decisions about architecture
options and resource allocations. This process may be repeated multiple times throughout
campaign design and development.

The methodology proposed for this work will be developed in order to address the three

gaps found during the literature review:

73



Gap 1. Strategies to account for and mitigate mission architecture uncertainty often ig-
nore uncertainties that can have large effects on the outcome of the mission.
Gap 2 Aleatory uncertainties and their impacts on campaign planning have not been

considered in detail.

Gap 3 Current space ight logistics planning techniques only consider some types of

uncertainty that affect campaign planning.

In order to address all three of these gaps, the proposed methodology will use the un-
certainty taxonomy in Figure 2.12 in order to ensure that all types of uncertainty and their
potential impacts are considered in the solutions. Primarily, this methodology would need
to provide a solution to the space ight logistics problem that accounts for both system
removal events and temporal delays, the main impacts of aleatory uncertainty that were
found in Chapter 2 and have been shown to be under-considered in existing techniques.

In addition, this methodology would need to be computationally ef cient enough to al-
low for analyses and results in a reasonable amount of time. The ideal solution will provide
users of the methodology and decision makers with information about how the solution to
the optimization problem changes with regards to uncertainty to allow for better-informed
decisions. This methodology is meant to be used by decision makers as a “ rst step” in the
campaign planning process. It will allow decision makers to better understand how differ-
ent uncertainty affects campaign outcomes early in the design process. With this knowl-
edge, decision makers will be able to better determine where research efforts need to be
concentrated in order to help ensure desired outcomes. For example, the proposed method-
ology should be able to identify critical factors (such as elements or speci ¢ launches) that
have the largest impact on campaign outcomes (such as total duration or total cost). By
identifying these factors early in the design process, more effort can be dedicated to reduc-
ing the uncertainty affecting those factors, helping ensure that the campaign will be able to
proceed as planned.

In order to determine how to account for both system removal events and temporal
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delays in the proposed methodology, two research questions are proposed:

Research Question 1

How can considerations of aleatory uncertainties that lead to temporal delays be added
into current space logistics campaign planning methods while still minimizing computa-

tional effort?

Research Question 2

How can considerations of aleatory uncertainties that lead to “system removal’ events

be added into current space logistics campaign planning methods while still minimizing

computational effort?

Each of these Research Questions will be considered in order to determine the methods
that will be used to create the proposed methodology.

Existing methods used to solve these space ight logistics problems were detailed in
Chapter 3. While these methods do have shortcomings, many of the techniques and steps
used in these methods are sound and will be useful for this methodology. For example, the
GMCNF formulation as well as the steps used to create the logistics network, the MILP
formulation of the logistics problem, and the path-arc formulation are all tools that will be
used in this methodology.

However, the methodology must still be able to include system removal events and
temporal delays. These types of uncertainties occur in various elds besides space ight
logistics. For example, temporal delays are common in scheduling problems. These elds
have developed probabilistic modeling techniques that help account for these uncertainties
in their modeling. These probabilistic techniques often rely on changes to the input vari-
ables to account for potential uncertainty. Different techniques will be examined here in
order to determine the best suited for the campaign logistics problem. The results of the
optimization should include the sensitivities of the optimized campaign to these different

uncertainties.
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4.2 Existing Techniques for Optimization Under Uncertainty

There exist multiple techniques used in other elds in order to include uncertainty con-
siderations in MILP problems. The major methods that were considered for this method-
ology were Stochastic Mixed-Integer Linear Programming (SMILP), robust optimization
methods, fuzzy programming methods, Parametric Mixed-Integer Linear Programming
(PMILP) and Multi-Parametric Mixed-Integer Linear Programming (mpMILP), sensitiv-
ity analysis, and uncertainty quanti cation. These different methods will be discussed in

this section.

4.2.1 StochastidMlethods

Stochastic methods are usually de ned by the two-stage stochastic programming paradigm
and have been applied to linear, non-linear, and integer programming problems. In this for-
mulation, the uncertain variables in the optimization problem are divided into two stages
or sets. The rst-stage variables are variables that have to be decided prior to the realiza-
tion of the uncertain parameters. Once these variables have been decided, this indicates
that a “random event” has occured. Then, the second-stage, or recourse, parameters can
be decided to represent design or policy improvements that can be made in reaction to that
random event. These second-stage variables usually have an associated cost that the opti-
mizer must balance. The objective of the optimizer is to choose the rst-stage variables in

a way such that the sum of the rst-stage costs and the expected value of the second-stage
costs is minimized [78, 79, 80, 81, 82, 83].

Sahinidis [78] provides a useful overview of stochastic programming and its appli-
cations to various problems. Stochastic two-stage methods are often applied to network
design and expansion problems, where “random events” have to be considered in the de-
sign of the network [84, 85, 86, 87, 88, 89]. For example, Guo et. al. used two-stage

stochastic programming to examine potential options for the expansion of a ood manage-
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ment system under different (uncertain) operating conditions and ooding events [90]. An
example of their system, containing three ood management regions with nominal capac-
ities, maximum capacities, and potential expansion capacities can be seen in Figure 4.1.
The results of their problem provided potential capacity-expansion schemes and alternative
ood diversion plans that minimized cost and maximized the safety of nearby humans and

infrastructure.

Figure 4.1: A representation of the ood diversion system examined using two-stage
stochastic programming by Guo et. al. [90].

In particular, it would seem that this two-stage problem would be of use in this work
as it often involves the usage of scenarios. In some problems, the rst-stage variables are
discretized. This discretization leads to a nite set of options for the selections of the rst-
stage variables, with each set of variables called a “scenario” [91, 92]. As an example,
in the previous ood management system example, a nite number of potential ooding
events could be de ned and examined through the rst-stage variables (although this is not
how Guo et. al. performed their optimization). However, this type of scenario is not the
same as the network scenarios described for this proposed methodology. This is because
these scenarios represent a speci ¢ set of input variables, not a speci ¢ network design.
Therefore, if this method is utilized, these network scenarios will still have to be included

in the optimization.
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4.2.2 RobustOptimizationMethods

The objective of robust optimization is to determine a solution that will remain close to
optimal for most uncertainty scenarios. This uses the same de nition of “scenario” used in
stochastic programming, where a scenario is a speci c realization of all of the uncertainty
parameters. Its focus is in feasibility of a problem throughout the uncertainty space. Robust
optimization can be useful when information about the uncertainty parameters and their
distributions are unknown, as it uses random variables to represent these parameters [93].
Robust optimization has been used in multiple elds, including process scheduling and
routing problems [94, 95, 96]. Good reviews of robust optimization's usage in process
scheduling can be found in two papers by Li and lerapetritou (2008, 2008) [97, 98], as well
as those by Lin et. al. (2004) and Janak et. al. (2007) [99, 100].

4.2.3 FuzzyProgrammingVethods

Unlike stochastic programming, where uncertain parameters are assigned probability dis-
tributions, fuzzy programming considers random parameters as fuzzy numbers and con-
straints as fuzzy sets. In fuzzy programming problems, constraint violation is allowed, and
a “membership function” is de ned for each constraint. This membership function will
represent the degree to which a solution satis es the constraints as well as the user's ex-
pectation of the objective level and the coef cient uncertainty range [78]. This process is
useful when ranges or distributions are unknown or unreliable, but does rely heavily on
subject matter expert opinion. This process has been used for various problems, such as
ood diversion planning [90] and supply chain network problems [101, 102, 103] in the

past.

4.2.4 Parametri@andMulti-ParametridViethods

The goal of parametric and multi-parametric programming is to characterize the effect of

uncertain parameters on the optimal solution of an optimization problem. In parametric
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programming, there is only one uncertain parameter, while multi-parametric programming
deals with multiple uncertain parameters. The goal of parametric programming is to nd
an optimal solution that consists of two parts: the optimal objective value as a function
of the uncertain parameters and the regions of the parametric design space (called critical
regions) where the solution remains optimal [104]. A major drawback of parametric pro-
gramming that has been noted is that it can be dif cult and computationally complex to
scale up to real-world problems due to the number of parameters and options [105, 106,
107, 108]. Some good reviews of parametric and multi-parametric programming can be
found in Charitopoulos et. al. (2018) [106] as well as Pistikopoulos et. al. (2012) [108].
There are two primary methods for solving mpMILP problems: the branch-and-bound
strategy and the decomposition-based strategy. The branch-and-bound strategy is designed
to examine potential combinations of the variables as a tree method. The optimization
problem “branches” down to correspond to different selections of the binary variables in
the problem. This process continues until all of the possible variable combinations have
been examined. If a node is found to be neither feasible nor optimal over the entire vari-
able space, it (and all branches below it) will be discarded. The decomposition strategy
begins with a solution of the MILP problem and uses that to identify a candidate com-
bination of the binary variables in the problem. This candidate is then used to create an
multi-parametric linear programming problem, solve it, and determine an upper bound for
the solution. An MILP problem is then used to search for a set of candidate binary vari-
ables that produces a better solution in the critical region. If no better solution exists, then
the current solution for the current critical region is the optimal solution [106, 107, 109,
110, 111]. These parametric and multi-parametric methods have been applied to various

problems such as waste management [112] and process systems engineering [105, 107].
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4.2.5 SensitivityAnalysis

The goal of sensitivity analysis is to examine the impact of changing input parameters on
output parameters. This general process can be applied to models as well as optimization
problems. It has been applied to many different types of optimization problems, including
MILP and LP problems[110, 111,114, 115,116, 117,118,119, 120, 113]. One of the main
ways to perform sensitivity analysis is through a probabilistic framework such as a Monte
Carlo. In using these types of techniques, an large number of arrays of input variables are
selected. Then, the optimization is completed at each of those arrays of input variables and
the results are analyzed (using tools such as linear regressions) in order to provide insight on
how the input parameters affect the objective value. These analysis techniques include the
Morris method, which is a screening method that can separate important and unimportant
parameters, or the Sobol method, which allows for ranking of the relative importance of
various input parameters [121, 122]. However, these probabilistic methods involve a large
number of runs which can make them too computationally expensive for an MILP problem
of a useful size [115].

Other methods of performing sensitivity analysis have been developed that can be
used on larger problems. For example, an interference-based method was developed by
Dawande and Hooker (2000) [117]. This method uses two parts: dual analysis and primal
analysis. In dual analysis, the amount that a problem can be perturbed while still keeping
the objective function in a certain range is determined. In primal analysis, an upper bound
on the change in the objective function based on a perturbation in the inputs is determined.
This dual solution can be used to determine the parameter changes under which the dual so-
lution still holds. More information on the formulation of the dual solution can be found in
Dawande and Hooker (2000) [117], and an application of it to short-term scheduling prob-
lems can be found in Jia and lerapetritou (2004) [116]. Jia and lerapetritou found that this
interference-based approach was suf cient to result in a determination of the importance

of different parameters and constraints on the objective function without adding substantial
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complexity to the problem [116].

4.2.6 UncertaintyQuanti cation

Uncertainty Quanti cation (UQ) is closely related to sensitivity analysis. Both of these
techniques aim to understand how varying inputs affects the responses. However, uncer-
tainty quanti cation aims to be more quantitative than sensitivity analysis by deliberately
specifying the probability distributions of the input variables [123]. Even so, both methods
will result in similar outputs: measures of the variation of the responses with respect to
variations in the inputs as well as the relative importance of different variables with regards
to the responses.

There are many different methods of uncertainty quanti cation. One example has al-
ready been discussed: a Monte Carlo simulation can be considered a form of uncertainty
guanti cation as well as a form of sensitivity analysis. Another common method of un-
certainty quanti cation is called the Advanced Mean Value (AMV) method. The goal of
the AMV method is to determine the CDF for the response function of interest. The AMV
method does this by combining a Mean Value method with Most Probable Point (MPP)
analysis.

MPP analysis uses a response func@othat depends on random variablés Each
pointin the design space (determined by the selection of the random variables) has a certain
probability of occurring, depending on the distribution function of the random variables,
and corresponds to a speci ¢ value of the response function. Therefore, each value of the
response function is exactly as probable as the design point that produces it.

The Mean Value method is based on a Taylor series expansion of the response function,

assuming it is smooth and the expansion exists at the mean, as seen in Equation 4.1.
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In this method, the derivatives are evaluated at the mean valu&ganX ) represents
the sum of rst order terms whilél (X)) represents higher order terms. This means that
with n random variables, th&'s can be evaluated with + 1 function evaluations.

The AMV method improves on the Mean Value method by combining it with MPP
analysis, using MPP analysis to correct the results of the Mean Value method. This means
that the CDF for the response function of interest can be determined with a signi cantly
fewer number of function calls than other similar methods. However, the AMV method
only produces the CDFs for response functions and does not provide any further insight

into the analysis code [124, 125].

4.3 Techniques Used for Proposed Methodology

4.3.1 ResearcluestionOne: TemporalDelays

Temporal delays occur in various elds besides space ight logistics. The probabilistic
techniques detailed previously are all methods that are commonly used to examine these
types of uncertainties. Stochastic, robust optimization, and fuzzy programming methods
all result in a single optimal solution that takes uncertainty into account. While this would
appear to be the type of result desired for this proposed methodology, these methods all
lack the crucial information of how the optimal solution changes with respect to the dif-
ferent uncertainties. In order for decision makers to understand the problem, they need

to understand not only the optimal solution but where that solution is optimal and how

82



sensitive that solution is to changing input parameters. Therefore, these three methods -
stochastic, robust optimization, and fuzzy programming methods - were discounted for this
methodology. This leaves parametric and multi-parametric methods, sensitivity analysis,
and uncertainty quanti cation as the viable options for this methodology. Due to the noted
computational dif culties associated with the scaling of parametric and multi-parametric
methods, sensitivity analysis and uncertainty quanti cation were chosen as the best candi-
dates for the proposed methodology.

Both of these techniques require running a series of cases with different inputs and then
examine how the results change with respect to the inputs. A key feature of the MILP
problem is that it is an optimization problem with discrete choices for the optimizer to
make. That means that depending on the inputs and constraints being examined using this
technique, there may exist “clustering” in the results space, where speci ¢ sets of inputs
(“partitions”) result in speci ¢ outputs. By determining which partitions of input values
result in which clusters in the responses, sensitivity analysis and uncertainty quanti cation
techniques can be better utilized in speci c areas, resulting in a better overall understand-
ing of the results space. In order to maximize the bene ts of using sensitivity analysis and
uncertainty quanti cation techniques, the problem must be characterized to determine if
this partitioning exists and, if so, how it can be identi ed. As it is believed that this cluster-
ing and partitioning exists, the rst hypothesis associated with this research question is as

follows:

Hypothesis 1
If the results of the optimization process are examined, clusters in the results space

will exist and can be identi ed based on partitions of input parameters.

Two methods of sensitivity analysis were presented, along with one method of un-
certainty quanti cation: the interference-based method, the probabilistic (Monte Carlo)

method, and the AMV method. Monte Carlo methods are the traditional way of incorpo-
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rating uncertainty into similar types of problems and so represents the baseline approach
that could be used in this methodology. Therefore, due to the long run times associated with
Monte Carlo analyses, as well as the previous hypothesis, the second hypothesis associated

with this research question is as follows:

Hypothesis 2

If the AMV method of uncertainty quanti cation on identi ed clusters and partitions

is used to account for temporal delays, these delays and their impacts on the pptimal

solution of the logistics problem can be quanti ed with minimal computational effort.

4.3.2 ResearclQuestionTwo: Network Scenarios

Techniques that rely on changes to input variables will not be suf cient to account for
system removal events, as these types of events lead to changes in the logistics network
itself rather than the input variables. For instance, in the path-arc formulation, vehicles
were modeled as paths which were part of the logistics network itself [74]. If a specic
launch vehicle were to be grounded, the paths used in the network would change, altering
the network itself. Therefore, assigning ranges to input parameters would not be suf cient
to account for these types of events. Instead, various network scenarios must be incorpo-
rated which contain the potential changes to the network. In the previous examination of
techniques for optimization under uncertainty, it can be noted that none of the described
methods included this type of network scenarios in their methodology. This means that
there will have to be a new method or technique incorporated in order to include these
network scenarios.

It was mentioned previously that the ideal solution provided by this methodology will
allow decision makers to obtain information about how the solution to the optimization
problem changes with regards to uncertainty. In order to ful Il that goal, rather than try to

obtain a single optimal campaign architecture that considers all of the potential different
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system removal events, it is desirable to determine the optimal campaign architecture for
each potential network scenario. That way, campaign designers and decision makers will
be able to examine how the optimal architecture changes when it is subject to different
network scenarios. Depending on the likelihood of different scenarios, designers can make
decisions that take into account the ideal architectures in these scenarios. This is repre-
sented pictorially in Figure 4.2. A design that is optimal for one case may not be useful
for all cases. In fact, it may be better to choose a sub-optimal design that is acceptable
in all cases rather than an optimal design for a single case that fails in other cases. For
example, say a campaign has two potential in-space vehicles, A and B. A and B can both
be launched by launch vehicle C, but launch vehicle D can only launch in-space vehicle B.
For the baseline scenario, launch vehicle C is selected to launch in-space vehicle A, as that
is the cheapest option. However, if launch vehicle C is grounded, then launch vehicle D
must launch in-space vehicle B. In this scenario, a campaign designer may select in-space
vehicle B instead of A, regardless of the increased expense, in order to ensure that the cam-
paign can progress even if there is a failure in launch vehicle C. This is a relatively simple
example, but it highlights the need for determining the optimal campaign in each scenario
in order to provide decision makers with as much information as possible.

A real campaign will contain many different potential system removal events and net-
work scenarios with further complications and inter-dependencies than this example. There-
fore, it is important that the proposed methodology allow campaign designers to de ne
multiple potential network scenarios in order to examine all of these potential campaign
options. Each network scenario can have a de ned probability associated with it that ac-
counts for the likeliness that it will occur or the amount of weight that a decision maker
wants to assign to it. These network scenarios and their associated probabilities must be
accounted for in the proposed methodology in order to account for system removal events.

This leads to the hypothesis associated with this research question:
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Figure 4.2: A diagram demonstrating robust design. Image from [126].

Hypothesis 3
If network scenarios are included in the methodology to account for “system removal”
events, these events and their impacts on the optimal solution of the logistics problem can

be quanti ed.

4.4 Proposed Methodology

A process ow diagram of the proposed methodology can be found in Figure 4.3. The
proposed methodology will rst utilize the GMCNF formulation in order to create the cam-
paign logistics network. This network creation will include the uncertainty de nition and
guanti cation, including parameter de nition and network scenario de nition. From this
logistics network, the MILP problem will be de ned and solved for each of the network
scenarios. In addition, sensitivity analysis or uncertainty quanti cation will be performed
on each network scenario's optimization. Finally, the results across scenarios will be com-

pared, allowing for understanding of how the logistics network optimal solution changes
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under uncertainties and which uncertainties have the largest effects on the outcomes. These

steps will be discussed further in this section.

Figure 4.3: A ow chart representing the proposed methodology of this work.

It is noted that another potential way to formulate this methodology would be that in-
stead of having multiple optimization problems to solve (one for each network scenario),
one large optimization problem could be solved with an objective function that weighted
each scenario according to its probability of occurrence. This option was not selected for
the proposed methodology for two main reasons. The rst is that an optimization prob-
lem of this size would be prohibitively expensive to solve. Breaking up the optimization
problem into multiple problems allows each to be solved in parallel, reducing the nec-
essary computational time. As this type of logistics planning is done in the early stages
of a campaign design process, there is a high probability that new models, technologies,
requirements, or other new information is provided that needs to be included in the exist-

ing framework. Therefore, it is desirable to break up this large optimization problem into
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multiple smaller ones, allowing for the optimization to be rerun as needed without taking a
long time to complete. The second reason is that this type of optimization would output one
optimal solution and its sensitivity to uncertainties. This limits the amount of information
that decision makers have, leaving them unable to compare the network scenarios and their
results and sensitivities individually. By providing this additional information, the decision
makers have a more complete understanding of the logistics problem and are able to make

a better-informed decision.

4.4.1 CampaigrLogisticsNetworkDe nition

Network De nition

This rst step of this methodology involves de ning the campaign logistics network using
the GMCNF formulation, as well as the path-arc formulation. This requires enumerating
all of the orbit options that will be used in the network, as well as transfer orbits and win-
dows. It also requires enumerating the vehicle options and parameters as well as additional
mission parameters and requirements. These parameters will need to include all of the
potential sources of uncertainty that will be examined through sensitivity analysis or un-
certainty quanti cation. In addition, the path-arc formulation detailed in Section 3.3.4 as
well as the bi-scale time expansion detailed in Section 3.3.2 will be used for this method-
ology. This means that a network de nition will include de nitions of the paths and arcs
used in this network. In addition, the orbits/nodes used in the network can be de ned using
the three-step process used for creating these networks explained in Section 3.3.2. These
two techniques are included in the methodology because they add useful information to the

network while balancing the computational effort needed to solve these problems.

Parameter De nition

More detail about the speci cs of the sensitivity analysis and uncertainty quanti cation

techniques can be found in Section 4.2.5 and Section 4.2.6. In those sections, it was found
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that sensitivity analysis and uncertainty quanti cation would be able to accurately capture
and examine temporal delays associated with these space ight logistics problems. There-
fore, this network de nition step will need to include the de nition of the uncertain input
parameters that will be examined using the selected technique in order to account for the

affects of uncertainty on the model.

Network Scenario De nition

As mentioned previously, the network scenarios used in this methodology are not the same
as the “scenarios” used in other processes for optimization under uncertainty. Instead,
these network scenarios are different potential forms that the logistics network could take if
different system removal events occur. This step of the methodology involves enumerating
all of the potential system removal events that could occur in the campaign and selecting
those which will be studied. This could comprise of all potential events or only a select
few that are expected to have the largest impact, based on the decision maker's wishes.
Then, network formulations for each must be de ned based on necessary modi cations of
the baseline scenario. In addition, probabilities for each scenario must be de ned. These
probabilities will be used later on in the methodology in order to compare the results across

scenarios.

4.4.2 Campaign_ogisticsOptimization

As detailed in Section 4.3, this proposed methodology will use sensitivity analysis with
the MILP problem in order to determine not only the optimal solution for each individual
network scenario but the sensitivity of that optimal solution to the input variables. The
formulation of the MILP problem will be based on the information presented in Chapter 3,
including the path-arc formulation in Section 3.3.4 as well as the bi-scale time expansion
detailed in Section 3.3.2. This process will also include the identi cation of clusters and

partitions in the results and input spaces, respectively. The formulation of the sensitivity
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analysis and uncertainty quanti cation process will be based on the information presented
in Section 4.2.5 and Section 4.2.6 as well as the results of experiments detailed in Chapter 6

and Chapter 7.

4.4.3 Comparisorof Network Scenarios

The results of the optimization will include the optimal campaign logistics plan of each
network scenario as well as the sensitivities of those optimal plans to the input parameters.
These results will be compared to nd relationships between the campaign plans including
the plan itself and the differences in objective function(s). In addition, the importance of
input parameters will be compared to determine which parameters have the largest impact
on the campaign as a whole as well as which parameters have large impacts on certain

scenarios.

4.5 Conclusion

In this chapter, a methodology was proposed in order to address the overall research ob-
jective of this work. This proposed methodology includes methods of incorporating op-
timization under uncertainty designed to provide decision makers with more information.
However, these hypotheses must be tested with experiments in order to determine that
the proposed methodology is ful lling its objective. The following chapter will detail the
experimental setup that will be used to examine the research questions, hypotheses, and
proposed methodology and demonstrate its usefulness in space ight logistics.

A visual representation of the breakdown of the thesis hierarchy, including what was

developed in this chapter, can be seen in Figure 4.4.
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Figure 4.4: A breakdown of the Guiding Questions, Literature Review, and Proposed
Methodology.
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CHAPTER 5
EXPERIMENTAL SETUP

In the proposed methodology detailed in Chapter 4 (in particular the ow chart found in
Figure 4.3), it is noted that there are areas of the methodology that have not been previ-
ously tested for space ight logistics problems. These are the two major areas that were

considered by the two research questions:

Research Question 1

How can considerations of aleatory uncertainties that lead to temporal delays be added
into current space logistics campaign planning methods while still minimizing computa-

tional effort?

Research Question 2

How can considerations of aleatory uncertainties that lead to “system removal” events
be added into current space logistics campaign planning methods while still minimizing

computational effort?

In particular, there are two major parts that need further examination: sensitivity analy-
sis and uncertainty quanti cation as well as the network scenario de nitions. The sensitiv-
ity analysis and uncertainty quanti cation were added to the methodology in order to ac-
count for temporal delays (Research Question One), while the network scenario de nitions
were included to account for “system removal” events (Research Question Two). Research
Question One will be addressed with two experiments to address the two hypotheses, while
Research Question Two will be addressed with one experiment for the single hypothesis.
These experiments are designed to use demonstrative efforts to prove that this methodol-
ogy is able to provide decision makers with useful information with a reasonable amount

of computational effort.
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In order to perform these experiments, a space ight logistics optimization methodol-
ogy developed as an internal research project in the Aerospace Systems Design Laboratory
at the Georgia Institute of Technology was used. This generic methodology was modi ed
to work within the rest of the proposed methodology. In particular, problem parameters
were selected represent the small-scale problem that would be used to examine the re-
search questions, as detailed in the the rest of this chapter. The usage of this small-scale

problem in the experiments is detailed in the next chapters, Chapter 6 and Chapter 7.

5.1 Generic Space Flight Logistics Tool

A MILP version of the space ight logistics problem is necessary in order to perform the
proposed methodology. In particular, a generic MILP logistics tool that could be speci ed
for use in these experiments was desired. To that end, a version of the logistics problem
developed by the Aerospace Systems Design Laboratory at Georgia Tech was used. This
logistics optimizer was developed to expand the path-arc formulation by allowing for the
incorporation of novel vehicle concepts. The problem is built in Python and optimized
using the Gurobi Commercial Solver for MIP problems.

In this logistics framework, vehicles are de ned individually and fall into three cat-
egories: Launch Vehicles, Space Vehicles, and Vehicle Stacks. Each of these types of
vehicles are de ned by a speci ¢ set of parameters which varies based on the vehicle cat-
egory. For example, a launch vehicle is de ned by parameters such as launch cost, throw
mass, or payload capacity, while a space vehicle has parameters such as gngoikeoff
rates, or diameter. Space vehicles can also carry consumable commodities for use in the
campaign. Vehicle stacks are de ned as sets of space vehicles that will aggregate, ensuring
the proper calculation of mass change during burns as well as proper representation of stag-
ing events. These stacks are assigned Concepts of Operation (ConOps) in order to ensure
that the vehicle stacks behave according to mission and campaign speci cations.

Payloads are another element of the space logistics problem captured by this frame-
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work. Payloads are divided up into four types in addition to being described as path-
de ned or non-path-de ned. The four types encompass the majority of payloads used in
space campaigns: ISRU payloads, commodity payloads (logistics payloads), xed mass
payloads, and crew payloads. These types as well as whether or not the payload is path-
de ned help dictate the way that the payload will traverse through the network. Additional
parameters are de ned for each payload based on its type and path-de ned status.

Finally, this logistics framework also represents various resources. These resources are
divided into fuels, oxidizers, and consumable commodities such as food or water. Vehicles
and speci c payloads (ISRU or logistics payloads) can contain stores of commodities to be
utilized throughout the space campaign as determined by the optimizer for burns or human
consumption. In addition, commodity “sinks” can be utilized in the framework in order
to enforce mission requirements on an amount of a commaodity that must be present at a
location at a speci c time.

This tool was detailed further in a presentation at SciTech 2023 [127]. As it was de-
signed to be able to represent any space ight logistics problem and represents a state-of-
the-art implementation of the work presented in Chapter 3, it will be useful for this thesis,

where it will be tailored for experimentation.

5.2 Sample Problem Selection

The sample campaign logistics problem used for the three experiments would have to be
simple enough that it could be run through the analysis multiple times (for example, to com-
pare the results of two different problem formulations) while still being complex enough
to resemble real-world problems. In addition, it would ideally be a campaign that has been
examined in literature to allow for the models built in this work to be veri ed against exist-
ing models and results. The selected campaign would also have to include factors that lead
to uncertainty like multiple launches or new technologies. Finally, the optimizer must be

allowed to make decisions that affect the campaign in noticeable ways. For example, the
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problem should include step functions or discrete options, such as number of launches or
selections of different vehicles or different options for vehicles (like propulsion systems),
so that campaign options can be distinct.

The campaign logistics problem selected for this sample problem is an Artemis lunar
mission involving the HLS. An example of a lunar campaign using the HLS was shown
previously in Figure 1.1. The HLS is designed to contribute to the Artemis program's
goal to land astronauts on the moon by 2024. NASA designed a three-element reference
architecture for HLS, although the nal architecture itself will be built by a contractor.
These three elements consist of a transfer element, which brings the crew to a LLO, a
descent element, which lands the crew on the lunar surface, and an ascent element, which
brings the crew off of the lunar surface and back to Orion. These elements are launched by
SLS in order to rendezvous and assemble in NRHO at the Deep Space Gateway, bring the
crew to the Moon for a 6.5 day stay, and then return the crew to the Earth [6].

This type of lunar exploration campaign and the required components have been ex-
amined heavily, including from a campaign logistics planning perspective [8, 68, 74, 128,
129, 130]. Most importantly for this work, the path-arc formulation was demonstrated on
an example HLS mission used to assemble a planned lunar surface base [74]. As this path-
arc formulation was central to the development of the logistics problem used in this work,

these results will be useful for these experiments.

5.3 Sample Problem Formulation

The speci ¢ HLS campaign used for this thesis experimentation was largely based off of
the government reference architecture detailed in Zhu et. al (2021) [131] and can be seen
in Figure 5.1.

This reference architecture contains three HLS vehicles in addition to Orion. As seenin
the bat chart, each of these vehicles launches individually in sequence and then aggregates

in NRHO. In NRHO, two crew members transfer from Orion to the ascent element, while
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two remain with Orion. Next, the transfer element performs a burn which transfers the
vehicle stack to LLO, after which it is discarded. Next, the descent element performs
a burn to reach the lunar surface. After a surface stay, the ascent element performs a
sequence of burns to transit to NRHO, leaving the descent element behind. After rejoining
with and returning the crew to Orion, the ascent element is discarded, Finally, Orion brings
all four crew members back to Earth by performing a lunar yby [132]. These missions

were represented as mandatory paths for each of the four in-space vehicles.

Figure 5.1: A nominal mission concept for a three-element HLS mission including the
descent element (E1, green), transfer element (E2, navy), and ascent element (E3, purple)
as well as Orion (Crew Service Module (CSM), light blue). Image from [131].

In addition to these vehicle pathsys and ts were needed to accurately represent the
campaign's missions. Two sets ofvs and ts were de ned to represent minimum energy
and minimum time transfers. These two sets can be seen in Table 5.1 (minimum energy)
and Table 5.2 (minimum time). If two potential orbits were not desired or not found, the
same numbers were used in both cases. The orbits/locations selected for examination are:
Earth's Surface (ES), LEO, Geostationary Earth Orbit (GEO), High Earth Orbit (HEO),
NRHO, LLO, and the Lunar Surface (LS).
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Table 5.1: A table detailing the vs and ts for minimum energy transfers. They are
represented as thevs and ts needed to transfer from the node on the left side (rst
column) to the node on the top row ( rst row). Data from [74, 67, 132, 133]. Data with an
asterisk was calculated by the authors.

ts (d)
ES | LEO GEO | HEO NRHO | LLO | LS
ES 0 1 1 1
LEO 1 0 0.21* | 541~
GEO 0.21* |0 6.12*
HEO 5.41* | 6.12* |0 100 100
NRHO 0 1
LLO 5 1 0 1
LS 1 0
vs (m/s)
ES | LEO GEO | HEO NRHO | LLO | LS
ES 0 0 0 0 0 0 0
LEO 950 0 4,508* | 3,089*
GEO 4,508* | 0 1,314*
HEO 3,089* | 1,314* | O 30 640
NRHO 0 750
LLO 180 750 0 1,870
LS 1,870| 0
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Table 5.2: A table detailing thevs and ts for minimum time transfers. They are repre-
sented as the vs and ts needed to transfer from the node on the left side ( rst column)
to the node on the top row ( rst row). Data from [74, 67, 132, 133]. Data with an asterisk
was calculated by the authors.

ts (d)

ES | LEO GEO | HEO NRHO | LLO | LS
ES 0 1 1 1
LEO 1 0 0.2* 5.41*
GEO 0.2* 0 6.12*
HEO 5.41* | 6.12* |0 5 3
NRHO 0 1
LLO 5 1 0 1
LS 1 0

vs (m/s)

ES | LEO GEO | HEO NRHO | LLO | LS
ES 0 0 0 0 0 0 0
LEO 950 0 5,581* | 3,089*
GEO 5,581*| 0 1,314*
HEO 3,089* | 1,314* | O 450 900
NRHO 0 750
LLO 180 750 0 1,870
LS 1,870| 0
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Table 5.3: Parameters used for the in-space vehicles used in the HLS sample case. Data

from [131, 134, 135, 136].

Vehicle | Transfer | Descent| Ascent| Orion
Dry Mass (kg) 4,974 5229 | 4,772 | 9,300
Diameter (m) 4 4 4 4
Height (m) 4 4 4 4
Fuel LH2 LH2 LCH4 | MMH
Oxidizer LOx LOx LOx MON
lsp (S) 449 449 341 319
OFR 6.0 6.0 1.74 2.27
Max Payload Diameter (m) 4 4 4 4
Max Payload Height (m) 6 6 6 6
Max Payload Mass (kg) 5,000 10,000 | 5,000 | 10,000
baratesye (kg/day) 6 10 0 0
barate,y (kg/day) 0 30 0 0
Maximum Fuel Mass (kg) | 10,000 | 10,000 | 10,000, 9,000
Maximum Oxidizer Mass (kg) 60,000 | 60,000 | 60,000 9,000
Max Water Mass (kg) 5,000 5,000 | 5,000 | 5,000
Max Oxygen Mass (kg) 5,000 5,000 | 5,000 | 5,000
Max Food Mass (kg) 5,000 5,000 | 5,000 | 5,000

Vehicles In addition to the four in-space vehicles detailed above, nine potential launch

vehicle options were also represented in the network. The vehicle parameters associated
with each of the in-space vehicles can be seen in Table 5.3, and the launch vehicle pa-
rameters can be seen in Table 5.4 (for crew launch vehicle data) and Table 5.5 (for cargo
launch vehicle data). When speci ¢ throw mass values could not be found for some launch

vehicles, they were extrapolated from the any available throw mass values.

Payloads In this network, two different crew payloads were used to represent the two
crew members who go to the lunar surface as well as the two that remain in NRHO with
Orion. Each crew payload was represented as a payload with a mass of 75 kg and a height
and diameter of 1.5 m [131]. Both payloads were assigned a path that they had to follow

corresponding with the vehicles they follow as they move through the network.
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Table 5.6: Commodity parameters used for the HLS sample case. Data from [74, 147, 136].

Commodity | Type | Density (kg/m?®) | rate cons (kg/person/day)

Water Consumable 1000 2.9
Oxygen | Consumable 1.4076 0.84
Food Consumable 500 2.45
LH2 Fuel 71
LCH4 Fuel 0.657
MMH Fuel 880
LOx Oxidizer 1140
MON Oxidizer 1370

Commodities Seven commodities were used in this network. These commodities were
water, breathable oxygen, and food, as well as three fuels (Liquid Hydrogen (LH2); Monomethyl-
hydrazine (MMH); Liquid Methane (LCH4)) and two oxidizers (Liquid Oxygen (LOX);

Mixed Oxides of Nitrogen (MON)). The commodity parameters can be seen in Table 5.6.

No commodity demands were used in this problem.

Constraints Finally, additional constraints were added on to the generic logistics formu-
lation in order to accurately represent the reference HLS scenario. For this problem, these
constraints included launch vehicle cadence constraints as well as constraints on the order
and timing for launching each of the HLS elements.

The launch vehicle cadence constraint was designed to limit each launch Jehicle
to launch with its own cadence as detailed in Table 5.4 and Table 5.5. This means that
two identical launch vehicles cannot launch within their caderackencg . Some of these
cadences may be relatively conservative given known launch rates for these vehicles. How-
ever, without subject matter expert input on the true launch rates, these conservative esti-
mates from literature were assumed. The set of all launch vehicleg jand the set of
all vehiclesv is V. In addition, the variablé,...unch indicates the time at which a vehicle
v launches. To fully assemble these constraints, several auxiliary binary variables were
introduced, summarized in Table 5.7.

The equation below constrains variahlg to be equal to the number of launch vehicles

102



Table 5.7: Summary of binary variables related to launch cadence constraints.

Variable | Description
by Launch vehiclelv, used for vehicler
Byt Launch vehiclelv, used at timé:
bt Vehicle,v, launched at time,
By-v:t Vehicle,v, launched at time,, on launch vehiclév

chosen for all vehicles, using varialtlg, . To indicate whether a vehicle is launched during

a given timesteph,; is constrained to be equal any vehicle used var for all launch arcs at
that timestep. Variabldy, .., indicating a speci c launch vehicle is used for vehicle,

at time,t, can only be true if that vehicle is launched at that time and the launch vehicle
is used for that vehicle. With these two constraints, if any of the variablgs, are used

at a speci c time,t, this indicates thab,. is also used at timé. A summary of these

constraints are shown below.

b X
byt = by 8Iv2LV (5.1)
t=0 v2V
bt = OR(bat; ) 8V 2 V; t2 [to;trina I; @2 Alaunch (5.2)
lqv;v;t = AND (b/;lv; l:l/;t) 8v2V; t2 [to; tina |; IV2 LV (5.3)

Bvit = OR(By vt s Buvit s 13) - for i =155 Nehicles; 8 V2 V; 12 [to; thinal |5 IV 2 LV
(5.4)
With these auxiliary variables and constraints, the varidhle can be used to construct
a cadence constraint for each launch vehicle being considered. For each timestep in the
domain and each launch vehicle at that time, a range is de ned based on the cadence of
each launch vehicle that indicates that speci ¢ launch vehicle can be used only once within

that range. The equation for determining the allowable time range is shown below:
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trangev = [Max((t cadenceg ); 0); min ((t+ cadencg); tina )] 8t 2 [to; tina |; IV 2 LV
(5.5)
Subsequently, the equation below shows the constraint to ensure that each launch vehi-
cle can only be used a maximum of once within that time range.

tran%;high

bt 1 8lv2LV (5.6)

t= trangeiow
The second set of constraints limits the frequency of launches from a ground system
perspective. Given a pair of two vehicles,v; , binary variabley,, ., represents the order in
which the two elements are launched. Therefore, Equation 5.7 and Equation 5.8 constrains
difference between each launch time to be greater than 30, if both vehicles are launched.
This is assuming a ground system can only handle one launch per 30 days. For each
timestep, the number of launch arcs used between that timestep and +30 days can be a

maximum of one.

of v~ 0 =) tiunchy, tiaunchiv (b, + h/j 1) ( 30) (5.7)
by, v~ 1 =) taunchy; tiaunchyv | (by, + b/j 1) (30) (5.8)
for i;j in combination (v2 V);i 6 | (5.9)

The nal set of constraints ensures that the four vehicles launch in order - Ascent ele-
ment, Descent element, Transfer element, and then Orion - and that Orion cannot launch
until the other three elements have reached NRHO. The launch times for each of the vehi-
cles, determined as the initial time on the launch arcs where the vehicle is usggnis -

The constraint is then written as:
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X
tvlaunch = m(h/:aim;p )8v2YV (5.10)

a2 Ajaunch

torion;Iaunch > ttransfer;launch >t descent;launch >t ascent;launch (5-11)

The second part of this constraint is that Orion cannot launch until the other three ele-
ments have reached NRHO. This is written in multiple parts. For eachttirhany of the
three elements does not have any time in NRHO, then Orion cannot have launched at or
before that timé¢. The set of arcs that spend time in NRHO (holdover arcs in NRHO) up
to time t are represented Asruot - The launch ag for Orion at a timeis represented

aslaunchgyion:t -

X
Branmiomnmos =0 =) launchoreny =0 8v 2 f Ascent; Descent; Transferg
a2 ANRHO;t
(5.12)
IaunChOnonyt = O :) tOrion;|aunch t 8t 2 T (513)

These additional constraints as well as the vehicle, payload, and commodity parameters
detailed above turn the generic logistics framework into a framework speci cally matched
to the HLS government reference three element architecture, as was partially done in [127].

This speci ¢ problem will then be used and adapted for the three experiments.

5.3.1 BaselineResultsandOutputs

The space logistics tool presented here reports out a standard data structure, though obvi-
ously the data itself changes depending on the case. A signi cant amount of data is reported
in this structure. Particularly, there are three output les that detail critical information. The

rst details the launch architecture - for each used in-space element, it details which type of
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launch vehicle launches it, the cost of that vehicle, and the type of launch (crew or cargo).
The second report contains a trace of the vehicles throughout the campaign. For each ve-
hicle, along each arc that the vehicle uses, it details the start location and time of the arc as
well as the vehicle's mass breakdown, including the dry mass, the mass of each commodity
it carries, and the total wet mass of the vehicle. The third report details the movement of
payloads throughout the campaign. For each payload, at each time step, it details the loca-
tion of the payload, the vehicle it is attached to, and the payload's mass. In addition to this
technical data, a series of Gurobi reports can be produced if desired to give more insight
into the optimization process.

A selection of plots can also be created to allow for a visual, clear understanding of that
data. The rst output plot consists of a mass history of the in-space vehicles, broken down
by commodity type. An example of the output produced for the baseline HLS scenario can
be seen Figure 5.2. The second output plot shows the movement of the various vehicles
throughout the network during the course of the campaign. An example of this plot can be
seen Figure 5.3. Finally, a similar path-tracing plot for the payloads used in the campaign is
produced. An example of this plot can be seen Figure 5.4. These plots are representative of
those that were created for all of the experimentation in this chapter, as this whole chapter
revolves around the baseline scenario.

For the purposes of this work, a selection of response functions was desired in order
to allow for comparison across all cases considered during these experiments. These re-
sponses are also meant to be representative of the types of information and key metrics
that analysts and decision makers would need in order to compare options and make an

informed decision. To that end, there were 10 identi ed responses that were examined:

» Cost: the total cost of the campaign, represented as the summation of the launch

costs for each launch in the campaign

 Duration: the total duration of the campaign, represented as the time from the rst

launch to when the crew is returned to Earth
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