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In order to help another effectively I must understand what he understands. If I do not
know that, my greater understanding will be of no help to him. .. Instruction begins when
you put yourself in his place so that you may understand what he understands in the way

he understands it.

—-Soren Kierkegaard



This thesis is dedicated to my friends and family because they have helped me to create a

“why” that is greater than myself.
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SUMMARY

The evolution of complex aerospace vehicles traced with the progression of novel mis-
sions and state of the art technology has forged a continuous need for adapted or new
vehicles. Launch vehicles introduce uncertainties to the design process that affect the time
and costs of producing new vehicles to meet demand. Novel technology and new missions
are associated with increasing uncertainties, leading to more reliance on conservative mar-
gin allocation and iterative redesign as a solution. Accessible and translatable historical
data is limited for the development of new vehicles, which is a signi cant complication
in bench-marking requirements and margin allocation. Industry margin standards and pro-
gram handbooks are the most common baselines, but the quantitative tradeoffs needed to
adapt the standards for the variation and uncertainty associated with the new vehicle are of-
ten not accessible until later phases. The prohibitively high dimensionality and complexity
of the system-level design problem drives a gap between the majority of quantitative and
parametric design tools, which are typically held on the disciplinary design level.

To build the bridge from conceptual quantitative methods into the requirements phase
of design, this research decomposes the problem into two components: constructing a rep-
resentative modeling analysis, and uncertainty informed probabilistic design for margin
allocation decision-making. To address the modeling and data needs within the systems
engineering discipline, this research develops a method to translate a requirements decom-
position and design mapping into a simpli ed multidisciplinary performance requirements
tradeoff environment for a Two-Stage-To-Orbit (TSTO) vehicle concept. The environment
provides the modeling foundation to enable uncertainty quanti cation and probabilistic
design for margin effectiveness and decision-making. The methodology formulated in
this research utilizes sensitivity analysis to support uncertainty driver identi cation and
probabilistic characterization. A hybrid surrogate modeling and approximation simulation

method is utilized to perform ef cient uncertainty propagation through the multi- delity

XXi



physics models, quantifying uncertainty in the performance requirements with a probabilis-
tic response distribution. The simulation environment provides the needed platform to trade
design characteristics and uncertainty parameters in order to meet a desired probability of
success for each of the estimated performance baselines. The margin allocation evaluation
process is demonstrated by quantifying the probability of success for the enveloped perfor-
mance variation within the margins, running trades, or augmenting the margin to effectively
protect the allocated do-not-exceed performance constraints.

The demonstration of this method re ects the systems engineering de ned requirements
decomposition that is used to allocate standard margins and estimate baseline performance
constraints. The simulations used in this research quantify the impact of design characteris-
tics and uncertainty parameters on high-level structural, propulsion, and aerodynamic tech-
nical measures associated with a TSTO vehicle concept. The user-based tradeoff process
harnesses the simulation platform to adjust the performance response distribution mean,
slope, and variance that meet probability of success thresholds. The tradeoff scenarios
explored in the demonstration of this platform were aimed at adjusting the con guration
and uncertainty space to meet a program requiremen@@probability of satisfying the
allocated do-not-exceed performance constraints, with a minim0%for greater vari-
ability recovered by margins. The results of the experiments demonstrated effective trades
to meet these requirements for all explored performance measures, along with substantiat-
ing arguments for reducing over-designed margins and identifying limitations in complex
modeling assumptions. With the demonstrated effectiveness of the tradeoff platform, this
methodology formulated in this research constructs the Probabilistic Uncertainty for Mar-
gin Allocation (PUMA) framework. The framework provides a systematic approach to
introduce quantitative probabilistic methods for the evaluation of a performance require-
ments decomposition and margin allocation to inform decisions prior to conceptual design
phase, reducing uncertainty and increasing communication of the associated uncertainty in

the decisions made.

XXii



CHAPTER 1
INTRODUCTION

1.1 Motivation and Background

Whether it's a passenger carrying commercial transport or a launch vehicle carrying a Tesla
into orbit, complex vehicle design is a dif cult engineering problem. The capability of such
advanced systems is both a selling point and a hurdle in the development process. Build-
ing complex and innovative vehicles is often driven by the industry through many avenues;
competition, innovation, exploration, as well as ef ciency and effectiveness. The devel-
opment of groundbreaking aerospace vehicles drives innovative design and advancement
of technology. Pushing the eld past limits once inconceivable, launch vehicles are still
often uniquely developed to meet a speci ¢ demand. With many historical launch vehicles
built for one mission, or contain expendable components, the iteration can be tough with
single-launch data points. Some vehicle developers have iterations through vehicle “fami-
lies”, but a majority of those are proprietary, or integrate multiple proprietary components,
which often limits the contribution to the wider eld of data or modeling methods.

In the eld, some vehicles are a collaborative effort, where others are solely developed
by one company. The expanding requests for more exploratory and increased capabilities
are driving technology development forward. Unfortunately, the time and cost of develop-
ing launch vehicles with new mission requirements and innovative technologies leads to a
limited return on investment and slow turnaround time. Iterating to improve capabilities is
not just for technology and missions, but also for management and internal decision-making
processes. A pattern of uncertainty is imposed on the design process with uniqueness, new-
ness, and innovation. In this research, these will be referred to as novelty.

There are novel components or full vehicle designs that have been developed under



great uncertainty, especially when the rst of its kind or concept demonstrations were oc-
curring in the 1960s. The missions and technologies that have been demonstrated over
decades of launches to the International Space Station (ISS), or satellite delivery, still re-
quire iterations to navigate the uncertainties instilled with novelty, not forgetting the effect
on decisions around time and budget. To expand vehicle capabilities from missions within
earth's orbit or uncrewed missions to mars, the industry has had to adapt its vehicle design
process to incorporate uncertainty. The type processes that increase data or projections to
in uence decision-making for better management of uncertainties under the new condi-
tions.

Itis uncommon to have a vehicle that is one-size- ts-all, which means the industry has a
distribution of vehicle capabilities to meet different demands change with the industry and
government needs. The U.S. market spent @4€9B dollars on space launch services
in 2022, with the highest number of launches to date hitfing®6 successful ights to
outer space [1, 2]. With a majority of space launches proportionately delivering satellites
to Lower Earth Orbit (LEO) and Geosynchronus Earth Orbit (GEO), by smaller launch
vehicles with the carrying capacity of 350,000 kilograms, the small satellite industry is
more saturated with dozens of vehicle developers. The capacity for vehicles to deliver
satellites, cargo, and crewed spacecraft to orbit is much more more sparse, let alone to
outer earth orbits such as mars or beyond.

The latter missions are those associated with greater uncertainty, and often more reg-
ulations with crewed missions due to safety. The problem de nition and requirements
development for larger and more novel vehicles includes many changes to the traditional
program. Vehicles that ful | those missions have an increasing complexity of the com-
ponents that build up a whole vehicle to meet its mission. There might be changes to the
expectations of the existing technology, or require innovation for new technologies, to meet
the mission objectives. With these two, development of a new vehicle often introduces un-

certainties without a historical vehicle demonstrating benchmark designs or operations to



guide decision-making for the requirements foundation, leaving uncertainties in the re-
quirements that guide the entire vehicle development program [3, 4].

The design process typically ows with the requirements de nition, conceptual design,
preliminary design, detailed design, and then manufacturing and delivery. The process
will be addressed in detail in Section 1.3, but the systems engineering discipline is typi-
cally tasked with governing the uncertainties existing during requirements de nition. The
systems engineering toolkit includes application of risk-based decisions, qualitative de-
sign tradeoffs, margin allocation, and consulting experts [3, 5, 4, 6]. While risk informed
decision-making and qualitative trades are common tools to inform critical decisions in
high-level vehicle requirements decomposition, margins are one of the few tools that get
allocated to account for uncertainty on the lower disciplinary levels of the design. Margins
are often de ned as reserves, factors of safety, or buffer. There are many types of margin,
but they are allocated for a variety of uncertainties. Examples include safety regulations or
failure modes, expected changes to requirements due to knowledge learned down the line,
or leaving degrees of freedom for design changes and growth [7].

Elicitation of experts to inform requirements decomposition llIs in gaps where histor-
ical data is not suf cient or accessible. Even with this consult, margins are highly depen-
dent on the vehicle and mission, but are necessary components of design. Carrying the
weight of uncertainty without the same data informed tools used by disciplinary designers,
performance requirements and margin allocation often experience iterations as the design
becomes more de ned [3, 8].

If design aws, inconsistencies, or performance losses that compromise the vehicle's
ability to meet requirements are found within conceptual and preliminary design phases the
process slows, but is not fatal to the program. After the requirements decomposition and
margin allocation, disciplinary designers can utilize the advancements in modeling tools
and simulation capabilities. These methods have established a paradigm of data-informed

decision-making, which has improved the conceptual and preliminary design phases ability



to adequately estimate necessary information before solidifying a design. The concept of
integrated Modeling and Simulation (M&S) has enabled the disciplinary Subject Matter
Expertss (SMESs) to perform more realistic design simulations within the expected operat-
ing environments for a broader set possible con gurations. Technical advancement on the
disciplinary design level has also demonstrated the ability to incorporate more complexities
and understanding of uncertainty into subsystem design, leading to more ef cient designs
at lower cost and within a reasonable time frame [9, 10, 11].

The iteration and de nition of the vehicle naturally burns down margin. Once the design
is solidi ed for the implementation and manufacturing, the costs of change are much higher
without much margin left to absorb growth or variation [12]. Consistent late term testing,
failing, and xing the problems is an expensive trend in the aerospace vehicle industry.
When failures to meet requirements or remain within operational safety standards are found
just prior to delivery and deployment, the redesign and retesting of a launch vehicle can cost
millions of dollars or threaten the program with possible cancellation [8, 13].

The life cycle of the Apollo program provides a relevant example of dif culties ex-
perienced with numerous redesigns, retesting, and compromise. The development of the
Saturn V, seen in Figure 1.1a, took nine years and almbS2 Billion to successfully
land humans on the moon in 1969 [14]. While many of the 10 prior missions of the
Apollo vehicles were technology demonstrations [15], the iterations of the Saturn V ve-
hicle taught immense lessons about robustness against uncertainties encountered in prior
experiences and unexpected phenomena. The Saturn V development demonstrated sig-
ni cant sensitivities of multidisciplinary designs, speci cally between aerodynamics and
structural dynamics, after nding that simpli ed structural bending predictions were dras-
tically under-representing elastic bending modes experienced with real wind gusts in ight.
The vibrations and de ection issues continued to be a constraining factor throughout early
operations. Multiple phases of de-risking operations were required, especially when pay-

load masses changed from ight to ight, and led to propulsion system excitation of un-



(b) AS-501/AS-502 First mode longitudinal dynamic char-
(a) Saturn V Rocket On Launch Padcteristics [16]

Figure 1.1: Saturn V Vehicle Operational Shifts

stable oscillations in a phenomenon called “Pogo” on the second launch of the Saturn V
(AS-501) [16]. The Pogo phenomena example can be seen in Figure 1.1b, where the 56%
differential in ight response from the rst ight to the second is linked to sensitivities in
weight changes from one ight to the next. Both issues cost the program more money, and
required physical and functional xes to mitigate risks and meet new operating constraints,
limiting the allowable ight conditions for future missions.

This problem persists in other aerospace vehicle design applications. The F-35 is an
example of a highly complex vehicle that has demonstrated the long and costly impact of
uncertainties embedded early within the requirements architecture. Driving this original
concept was a proposed integration of more complex systems and technology to a ghter
jet concept, striving to provide an improved capability and operate under even more ex-
treme environments. This vehicle, seen in Figure 1.2, has had numerous schedule and
budget slips over its 30-year development. In the decades of this multi-role ghter jet de-
velopment, many dif culties have been traced to integrating the numerous suite of sensors

or tactical hardware, as well as managing risks and mitigating issues to get the vehicle op-
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(a) Lockheed Martin F-35 Manufacturing Assembly (b) F-35 In Flight

Figure 1.2: F-35 Development [22]

erational and ight ready as seen in Figure 1.2b [17]. Since 2001, the F-35 development
contractors have requested numerous multi-year schedule offsets and budget increases to
x designs or technology that led to the vehicle being non-operational [18, 19]. Having
raised the projected life-cycle costs 4@ Billion between 2012 and 2016, this program

is expected to surpass ovet:$ Trillion, as of 2020 [20]. While the U.S. continued with
purchasing over 300 vehicles, it was done to acquire the next iteration of the originally
promised capabilities for the aircraft in 2022 [21]. The vehicle is in service across the
world while in continuous development and testing phases for future generations to deliver
on a thirty year promise, demonstrating the dif culty of planning a budget and schedule
around a novel suite of weapons and sensors for an updated vehicle design.

Both the F-35 and Saturn V development programs demonstrate dif culties from differ-
ent uncertainties that have been realized in the redesign and testing phases. The decisions
made in early design, speci cally during requirements decomposition and de nition, could
not be expected to anticipate or account for all of the uncertainties present. The outcome
became more about managing and mitigating uncertainties realized later on. The risks to
safety or successful operation are concerns that are themes present in vehicles being pro-
duced today. These two vehicles and missions can be seen as microcosms of the broader
complexities that occur when dealing with the vehicle design process and the uncertainties
and unknowns inherent in developing novel vehicles for extreme conditions.

Whether iterating and improving capabilities or operating in completely new environ-

ments, the aerospace vehicles in service continue to show how far the design process has
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come. By integrating more effective and ef cient design tools, or methods, the disciplinary
designers have increased data availability to navigate uncertainty. The most common in-
novative design methods focus on increasing data and simulation capabilities for better
decision-making, but these mostly occur in the middle phases of design, during the concep-
tual and preliminary design phases. The state of the art contributes many aspects including,
but not limited to, projected performance distributions, screening for feasibility, broader
design exploration, and optimization. These methods have injected data and understanding
at critical phases of subsystem design to replace estimation and extrapolation, and therefore
reduce uncertainty of decision-making while the vehicle is still narrowly de ned [23, 24].

While the capabilities of computational modeling have improved later phases of the de-
sign process, existing studies that have assessed the roots of accidents or failures observe a
direct causal relationship to the requirements speci cations phase. A study done by the Eu-
rocontrol Agency focused on incidents within various industries including aviation, trains
and railways, and nuclear operations. The incident data reported not only that a traceable
50% of problems are traced to the design process, but of those problems about 44% were
attributable just to speci cations (i.e., requirements de nition) and 15% to design and de-
velopment phases (i.e., conceptual exploration) [25]. Havskjold et al. present a study that
traces the cost impact of uncertainty, attributing roughly 73% of the development cost to
test-fail- x processes as form of risk mitigation throughout the design process [26]. Fer-
nandes et al. presented another study, examining why the slips occur in schedule and cost
in rocket vehicle engine and structural designs. Changes to requirements and speci cations
were represented by a function of modi cations, additions, and removals. In this study, the
modi cations of the initial requirements during the early phase of design has a large impact
on time and schedule slips [27].

The presented studies address a signi cant trend that a proportion of uncertainties em-
bedded during requirements and speci cations have long-term effects when they are mod-

i ed later or go unrealized until failures occur. This data supports the lessons learned and



relayed from the surveys done within the National Aeronautics and Space Administration
(NASA) programs and contractors who worked in the Aerospace industry up to the 2000's.
When looking to the requirements and constraint aspect of these lessons, the immense in-

uence they have on design is highlighted in one of the summarized bullets [8]:

“Poorly de ned and vacillating top-level requirements cost the program

dearly in terms of wasted design effort and compromised design.”

Requirements de nition is heavily studied within systems engineering. Given the large
focus on decision-making, there are resources for how to bgidad requirements how
to decompose the vehicle functions, and handbooks for the design process. But the question
remains, why is it still dif cult to make decisions under such great uncertainty? It is one
of the few aspects of design that is universally agreed upon across aerospace (i.e., aviation,
defense, and space industries), that there is rarely enough data or suf cient information to
predict everything about the design during the requirements speci cation phase [4, 6, 3, 5,
27].

Redesign, cost overruns, technical dif culties, or even failures traceable to requirements
decomposition and de nition can most often be related to the lack of quality information
available to inform decisions. To establish a quality blueprint, with an estimated reserve,
researchers and design handbooks have integrated different forms of probabilistic analysis
to account for the innumerable uncertainties in design [28, 5]. While model based design
methods have been well demonstrated in research and design programs within conceptual
and preliminary design phases, on the disciplinary level, the application to requirements
decomposition and decision-making is still relatively new.

The high-level systems engineering disciplinary analysis has had a harder time integrat-
ing quantitative methods in the requirements decomposition process because of the uidity
of the design, limited constraints, and breadth of unknowns. Some notable improvements
include more complex hierarchical mapping and tracing tools, testing and validation meth-

ods, and probabilistic risk assessments and risk-based decision methods [3, 5, 29]. Adap-
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tations to qualitative tools has occurred, but assumptions and estimates are still quite com-
mon to populate baselines that de ne the requirements owdown. The main differences in
the evolution between the systems engineering disciplinary and expert disciplinary design
levels is access to physics-based tools and simulation capabilities. During requirements de-
composition, the de nition of a numerical owdown is done in a critical time with the most
uncertainty and largest amount of unknown variables. The tools that are needed are typ-
ically owned by the disciplinarians and applied after requirements decomposition de nes
the requirements owdown.

The effects of this modeling and data divide drives systems engineering risk manage-
ment methods to focus more on margins using standards, or historical allowances, but ad-
just for risks associated with novelty. This process also increases the likelihood of more
conservative margin allocation or constantly trading margins, but has yet to evolve in the
same way as disciplinary design methods [3, 8, 5].

Integration of probabilistic methods into the margin allocation process is an alternative,
but without trusted data sources or understanding of the behavior then the probabilistic
characterizing of uncertainty remains subjective [28]. The application of such probabilistic
methods are rooted in assumptions about uncertain design characteristics, or the uncertainty
of a performance measures, which is not necessarily evidence of realistic outcomes and is
not always trusted due to the degree of belief [30]. Existing systems engineering tools and
design handbooks are extremely useful resources, but there are de ciencies in accounting
for the increasing complexities and uncertainties in a primarily subjective decision-making
process.

To address all uncertainties is nearly impossible, but uncertainty research often focuses
on identifying speci ¢ sources or forms that are identi able and can be addressed in some
fashion [31]. While there are quantitative methods in the disciplinary levels of the design
process, the tools and decision-making approaches to reduce uncertainty during the re-

guirements decomposition process is limited, in the de nition of a numerical requirements



owdown. With the existence of novelty in a program (e.g., mission, technology, con g-
uration, design), the lack of or limited data leads to a reliance on subjective estimates and
utilization of probabilities to assess risks up front and allocate margins more generically.
The assumptions and standards used to allocate margins contain uncertainty and can be
improved to limit the repercussions of burning down margins too quickly or forcing com-
promises. This conclusion leads to a few observations that will motivate further research

into the details of these methods.

Motivating Observations

* Novel and innovative designs and missions embed uncertainty in requiremgents

that forces margin allocations as preventative measure.

» Navigating novelty and new technology relies on expert knowledge and juflg-
ment when data is inaccessible during the requirements decomposition pro-
cess, forcing the systems engineering discipline to rethink existing strategies

for decision-making around uncertainty.

The motivating observations identify speci ¢ experiences that impact decision-making
for the development of innovative and groundbreaking vehicles. These observations drive a
need to understand how the decision-making methods vary for novel designs and selection
of margins, and what the root barriers are to integrating quantitative methods during this
early phase. With that, identifying the uncertainties impacting requirements decomposition
and allocation of margins will further clarify the scope of this research. These areas can
be broken down into the following guiding questions for identifying the primary methods

used in this early phase of design.
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Background Guiding Questions

* GQ 1: How does the requirements decomposition process account for urjcer-

tainty?

* GQ 2: How does novelty and uncertainty impact the decision-making for mar-

gin selection?

* GQ 3: What limitations are there in developing data-informed performarjce

requirements?

From these questions, the following contextual overview of uncertainty in Section 1.2
focuses on de ning the needed types of uncertainty and risk to support the reader in the
assessment of the requirements de nition phase, and uncertainty reduction across other
phases. The de nitions will help drive the research towards a smaller scope of specic

sources of uncertainty during requirements decomposition and decision-making.

1.2 Uncertainty De nitions and Design Uncertainty Context

The identi cation of unknowns and risks that could cause a vehicle to fail, especially for
vehicles that must operate under extreme conditions or volatile environments, is typical
for every foundational vehicle de nition. Where there is uncertainty there is risk, but the
primary difference is that uncertainty is de ned to be more about knowledge or what is not
known, and risk is often related to the outcome and consequences of the uncertainty when
it comes to an event [32]. The distinction between risk and uncertainty is useful to create a

separation in how this research will address uncertainties rather than risk.

1.2.1 De nitions of UncertaintyandRisk

To provide clarity on what is meant by the general term “uncertainty”, one of the broad

de nitions of uncertainty, as de ned by the Oxford English Dictionary, states uncertainty
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is “something not de nitely known or knowable; a doubtful point” [33]. The de nition

has been explored in research to be better de ned by a taxonomy of subcategories and
classi cations of uncertainty as it pertains to the assorted elds [32]. The basic de nition
highlights the in uence of what is not known and the chance or unpredictability related
to that unknown. A dissection of the uncertainty taxonomy will be introduced to identify
sources and types that relate to the problem explored, but rst the relationship between
uncertainty and risk will provide context for the scope of this research.

The de nition of “risk” provided by the systems engineering discipline states “risk is
de ned as a measure of the uncertainty of attaining a goal, objective, or requirement per-
taining to technical performance, cost, and schedule” [34]. In a higher-level de nition, the
risk-management de nition within aerospace states “risk is concerned with the likelihood
of occurrence of undesirable end states and the severity of resulting consequences’[26].
The context of the systems engineering disciplinary role, as a high-level governing disci-
pline within a design program, de nes risk as quantitative measure of how much is not
known. The risk-management and generic aerospace de nition characterizes risk as a rel-
ative measure of uncertainty that impacts the likelihood of an event, and then the reaction
to that event corresponding severity of the undesirable outcome. Together these parts are
associated to a measure of risk, from which decisions can be made based on it tting the
standard of acceptable or unacceptable risks.

Why go so deeply into the de nitions of risk? For the research to focus on quantitative
decision-making and informing early phases of design, the scope must be narrowed down
to a eld of objective or measurable factors. Uncertainty was de ned about unknowns, a
knowledge based or an indeterminate factor in design, where risk is a more complex cou-
pling of probability of occurrence and predicted outcome severity. Risk and risk mitigation
are very active areas of research, but to build quantitative cases for risk reduction and proac-
tive design risk mitigation, it has been shown to either depend on extensive modeling and

simulation against an ideal, or having trusted data to populate either likelihoods or out-
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comes. There is a general dif culty in measuring certain aspects of the likelihood of an
event or the severity of an event when the vehicle is still being de ned during requirements
owdown. The effect of minimal information forces a constant trade between predicted
risks and uncertainties, especially dif cult when dealing with novelty, leaving a handful
of decisions around risk to rely on expert judgement and subjectivity or assumptions and
estimates [5, 35].

Research in the eld of vehicle design, both aircraft and spacecraft, have demonstrated
the dif culties of predicting risks objectively or accessing reliable quantitative information
to substantiate risk reduction methods. These dif culties have led to trends of focusing on
addressing speci ¢ forms of uncertainty to reduce risks indirectly [36] or addressing well
de ned problems to quantify a narrowed down set of risks [37]. In order to direct this
research and focus on supporting reducing uncertainties in early requirements de nition
phase, the approach will be taken to not focus on risk, but instead direct energy towards

more quantitative and objective methods of addressing uncertainty.

1.2.2 High-level Taxonomyof Uncertainty

Under the umbrella of uncertainty, especially within the engineering and complex vehi-
cle design elds, there is a commonly agreed separation between categories of uncertainty
that are reducible versus those inherently irreducible [36, 31]. The classi cation of un-
certainty that is considered “reducible” is called epistemic uncertainty, broadly de ned as
encompassing sources that arise due to lack of knowledge of the design or system [38].
Conversely, uncertainties that are “irreducible” are aleatory uncertainties, considered in-
herently random or caused by stochastic environments [32]. These classi cations are seen
in the taxonomy shown in Figure 1.3, along with two other primary level de nitions of
ambiguity and interaction.

Aleatory uncertainty is important classi cation, but is often a standalone class of uncer-

tainty and is addressed in a speci c format. As introduced, aleatory uncertainty considered
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Figure 1.3: Taxonomy of Complex Design Uncertainty (adapted from [32, 23])

irreducible which means most approaches must focus on addressing this indirectly. Meth-
ods in research and decision-making focus on what is referred to as robust design [39], rst
documented in the eld of manufacturing and quality control, but has extensive research
in aircraft design focused on insensitivity to stochasticity as an approach to limiting the

impact of aleatory uncertainty events down the line [9, 40].

Ambiguity uncertainty refers to the vagueness and imprecision that comes as a result
from uncertainties where inexact numbers or communication might be used. Interaction
uncertainty refers to unanticipated events caused by interactions of different complexities,
or even considered disagreements between experts about a design or allocated performance
requirement. The outcome of interaction uncertainty is considered something that may
not have been anticipated even if it could have been foreseeable [32]. While these uncer-
tainties are important, and do have very real consequences, ambiguity uncertainty is often
addressed by strict practices for clarity and communication. Managing interaction uncer-
tainty focuses on integrating complexity to the decision-making process through model-

ing and simulation or mediating expert disagreements. The management and communica-
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tion roles of addressing ambiguity and interaction uncertainty are not within the scope of
this research, but through exploring other uncertainties the concerns about complexity and
knowledge integration are going to be a common thread throughout the entire taxonomy of
epistemic uncertainty as well.

The last high-level classi cation is epistemic uncertainty, which is extremely broad.
The three highest levels re ected in this taxonomy of epistemic uncertainty are model,
phenomenological, and behavioral. The different classi cations under epistemic uncer-
tainty impact how one approaches decisions or reducing the speci ¢ areas of concern. The
comprehensive surveys done by Thunnissen [32] and Robertson [41] provide an in depth
look at the classi cation of epistemic uncertainty under different elds, and also provide
assessments of which types are applicable to different aspects of design.

Within the different types of epistemic uncertainty, the standalone phenomenological
uncertainty re ects the unknown impacts of decisions. The phenomenological uncertainty
often refers to responses of the vehicle, or designs, caused by unexpected phenomena. The
nuance here is that unexpected phenomena can be caused by concepts that are not under-
stood, not predicted, unknown uncertainties and repercussions arising due to decisions, or
phenomena that impact the behavior of the vehicle [32, 41]. In some cases, phenomeno-
logical can also refer to the impacts of making assumptions about a design, with respect
to probabilistic distributions, and the impacts of propagating these assumed probabilistic
uncertainties through the design process.

Model uncertainty re ects the introduced uncertainties from the advancement of com-
putational methods and tools over time. Model uncertainty has components that are rooted
in the use of approximations or reduced forms of the physics, errors with numerical as-
sumptions or inputs, and the overall errors in implementation programming [32].

Behavioral uncertainty re ects the uncertainties in decisions or actions of organizations
and individuals [32]. Within behavioral uncertainty, the rst type recognized as a com-

ponent of individual or organizational behavior is design uncertainty. This type relates to
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when the design is unde ned, or components are unknown, and the decisions are left un-
made or made with the expectation of future iteration [32, 41]. Requirements uncertainty
is de ned more particularly as external speci cations or requirements set outside of the
organization. This de nition by Thunnissen is similarly interpreted by Robertson, whose
taxonomy for complex spacecraft design separates the external sources of in uence with
those internal to the design program [41]. Volitional uncertainty can overlap requirements
uncertainty, and it re ects future decisions or changes to requirements that impact the foun-
dation of the design. Typically those can be changes to requirements, either by external
sources who update regulations or contract needs, or internal sources that nd technical or
performance problems[32, 41]. The nal type of behavioral uncertainty is human error,
which re ects the nature of mistakes or accidents that occur with humans in the loop of
decision-making.

The uncertainty community has a wide scope. There is a large body of work dedicated
to isolating the model uncertainties introduced with different M&S. Other areas of uncer-
tainty research focus on quanti cation for risk and reliability, or scenario-based methods
to limit the impacts of volitional uncertainties from future changes to a design. Although
there are many sources that create the types of epistemic uncertainty, the methods to ad-
dress epistemic uncertainty are commonly done by introducing more knowledge (i.e., data)
into the system.

For many reasons, addressing all forms uncertainty is not a plausible goal. In uncer-
tainty quanti cation and reduction research applied to the design process, the trend is to
attack the problem through individual types of uncertainty. ldentifying the type of uncer-
tainty is the rst step of the broader state of the art uncertainty quanti cation process that
includes speci ¢ philosophies to overall reduce and mitigate.

For this thesis, the focus on quantitative methods and reducing uncertainty in decision-
making will be used to naturally scope down to a select type of uncertainty, and will connect

to the literature survey done in Section 1.4 to identify a more direct scope of uncertainties

16



that speci ¢ margins will cover, and in Section 3.4 to establish existing uncertainty quan-
ti cation methods.

The following section will introduce the requirements process and aim to further narrow
down where the absence of knowledge or lack of data forms uncertainty in requirements,
and what lower-level uncertainties are present. Conclusions from the rest of this chapter
will provide clarity on the state of how requirements owdown and margin allocation are
done today, and then will de ne the scope of this research by stating the overall research
objective. Finally, the end of this chapter will decompose the research objective into re-
search areas to guide the further research within the literature to formulate improvements

to the process.

1.3 Requirements Allocation in Vehicle Design

The observation presented in Section 1.1 re ects on the dif culties encountered when there
is little known about the design, speci cally during requirements decomposition, that em-
beds forms of epistemic uncertainty in critical choices made to constrain the design or
set performance expectations. The complexities of passing embedded uncertainty through
phases of design without being realized or resolved is what has the probability of caus-
ing redesign or nancial and schedule repercussions later on. To dissect the circumstances
of uncertainty in the rst phase of design under which critical decision-making occurs, a
brief explanation of the full vehicle design process will set up the landscape for different
methods and techniques used at different phases to address the presence of uncertainty.
To support the reader in linguistic uses throughout the systems engineering discipline
literature, a few important de nitions will be provided from the International Council on

Systems Engineering (INCOSE) Architecture Round Table [42]:

» System “A set of different elements so connected or related so as to perform a

unique function not performable by elements alone”
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» Architecture: “The fundamental organization of a system embodied in its compo-
nents, their relationships to each other, and to the environment and the principles

guiding its design and evolution”

* Framework: “A structured method/view for organizing information that de nes a

system or system of systems”

1.3.1 ComplexVehicle DesignProcess

Presence of uncertainty in early phases is of great interest when it comes to reducing acci-
dents and failures caused by requirements and speci cations. The details of what informa-
tion the systems engineers and chief engineers have for these early decisions is important,
as is the decomposition of requirements and de ning numerical baselines. Each subsequent
phase uses this information and through iteration the process naturally has more informa-
tion as it moves to the next phase.

This section will provide context to both the overarching vehicle design process, and
clari es why the requirements engineering must address uncertainties present to further
support the disciplinary designers. More detailed de nitions or understanding about the
language used in this section for system, subsystem, requirements, and disciplines can be
found in the Appendix Section B.2.

A brief overview of the overarching process highlight the progression of phases: Re-
quirements Flowdown De nition/Decomposition, Conceptual Design, Preliminary Design,
Detailed Design, Manufacturing and Production. This process is visualized in the Design
Freedom and Knowledge Growth diagram in Figure 1.4. The existing process is a frame-
work for decisions occurring in each phase. The diagram seen in Figure 1.4 was adapted
by Mavris et al. [9] from the design process outlined by Fabrycky and Blanchard in their
book about Life-Cycle Cost and Economic Analysis [43]. The design freedom and knowl-
edge diagram can be broken down into the two different line projections: existing paradigm

(Today) and ideal (Future).
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Figure 1.4: Design Freedom and Knowledge Growth in The Design Process [9]

For this research, the key takeaway from this diagram is the shifting of the knowledge
and cost lines of today (dashed black and red), to the future lines (solid black and red). The
disparity in these lines applies to the uncertainty embedded with unknowns about many as-
pects of the vehicle during the requirements decomposition phase. Often this comes from
unknowns about the vehicle's nal design, and how the design or integrated technologies
perform under normal or extreme environments, to name a few. For requirements decom-
position to be complete, all of the concerns and more must be considered to drastically
constrain the system's design freedom before moving to conceptual design. Extensive -
nancial investments are made up front, with the most uncertainty, and after the vehicle is
xed it costs more to redesign and test again. The impacts of cost and schedule overrun
are felt more severely if the uncertainties have led to design aws or problems late in the
process, as mentioned in the redesign problems from the Saturn V and F-35 in Chapter 1.
The notional effects of redesign can be imagined if the red dashed cost line shifted upwards
above 100% during Phase Il. In the eld research around vehicle design, there is agreement

in that the cost-committed up front becomes sensitive to change, and investments should be
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Figure 1.5: Design Process and Engineering Checkpoints (Created from [44, 3])

spent on early methods to make informed decisions and design more robustly, or, in other
words, more holistically over time [9, 37, 41].

The rst two steps, requirements de nition (i.e., decomposition) and conceptual design,
re ect the likelihood of xing the design so tightly that there is minimal exibility to ad-
dress residual uncertainties. The exchange of these curves from “Today” and “Future” show
the research's projection of a relative spectrum for a more effective design process, where
data and models are introduced early enough to inform decisions without constraining the
vehicle too quickly. What differs here is that a lot of the curve shifts are up front in the
rst two phases. A large body of research focuses on the modeling and concept exploration
enhancements during conceptual design, but there is a limited eld work that demonstrates
the jJumps in knowledge and reduction of costs up front to support requirements architect-
ing. The applications to increase knowledge and reduce certain forms of uncertainty must
be explored in further literature for this chapter, and the identi ed methods will be used to
set a baseline for what is currently available as well as to identify limitations.

Boiling down the design timeline diagram into phase check points, the fundamental
process goals can be seen in Figure 1.5. Across different vehicles there are more specic
metrics of success to each phase completion, but the fundamental phases often have similar
checkpoints to move from one to the next. The generalized checkpoints can be seen in Fig-
ure 1.5 [44, 4, 6, 26], which points to the key information passed from phase to phase. The
checkpoints determine what is known at that time about the vehicle, mission, technologies
being used, and any major data point or feature that supports designers in the process.

Between the rst two phases, the crucial information passed relates to critical technol-
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ogy or performance constraints. The latter three phases iterate around a xed con guration
and design characteristics, with more detailed estimates for performance, until manufac-
turing begins the integration and test process. Parallel to the entire process is the systems
engineering tracking of margin. As the design is xed, and realistic performance capabili-
ties become clear, there is a naturally expected burn down of the margins with growth and
variation of the design.

The next phase is the Conceptual Design Phase (CDP). Conceptual design is the pri-
mary subsystem design and optimization phase. The use of compartmentalization of the
disciplines creates smaller partitions of the subsystem designs, each to be addressed by the
SME within that discipline. Although there are numerous subsystems within complex ve-
hicles, the subsystems of aerodynamics, structures, and propulsion are critical disciplines
of the design at this phase [36], due to the need to further de ne the vehicle for the rest
of the subsystems and the primary structural interfacing subsystems that de ne operations.
These subsystems are optimized early on to determine feasibility of proposed designs and
preliminary requirements [44, 8].

The state of the art technologies in computational ef ciency and modeling tools have
led to a paradigm of multidisciplinary design optimization processes [45, 46]. M&S has
revolutionized the design process as a whole through dimensionality reduction, approxi-
mations, and multidisciplinary analysis integration. The aerospace design industry and re-
search evolution integrating modeling and simulation methods have begun to demonstrate
how to close the gap on areas of uncertainty within the complex design process. Compu-
tational methods are primary enablers for subsystem design experts through quantitatively
informed decision-making [45, 46]. These methods will be further investigated to explore
the contribution to uncertainty reduction and risk mitigation in the following Section 1.4
and the literature survey in Chapter 3.

A key checkpoint between the CDP and Preliminary Design Phase (PDP) is the selec-

tion of a few feasible design concepts to package up for further iteration. This transition
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includes de nition of expected performance parameters from the primary disciplines, and
the nal vehicle concept that has been down-selected to meet the needed requirements. This
phase will provide new estimates for critical components, and drive performance require-
ments and margins to be updated [44, 8]. Within the PDP, more substantial analysis can be
run given the reduced nature of the design space and major design features being locked.
This phase is where the other dependent subsystems can begin iterating on the constrained
vehicle design, as seen in Figure 1.5 and Figure 1.4. The disciplines more dependent on
having a xed design begin optimization, such as trajectory or materials.

An aircraft design example for this phase would be that structural and materials engi-
neers can now begin designing smaller component design, such as landing gear or assessing
stresses and strains with more accuracy [44]. Given the de nition of this phase, higher -
delity analysis, such as detailed Computational Fluid Dynamics (CFD) and small scale
physical prototype testing, becomes accessible as well. This phase is a major benchmark
for measuring feasibility and vehicle success, as the phase where systems engineers have
the ability to say the presented designs are not acceptable or de ne the “Go-No-Go” [4].

The nal phases shown in Figure 1.4 are the Detailed Design Phase (DDP) and Manu-
facturing and Production phases. The two design phases are highly integrated, but separated
for purposes of understanding the multiple steps that occur. The feasible design presented
in the DDP becomes integrated, tested, and any issues regarding incompatibility of de-
signs or violation of performance requirements must be mitigated [44]. Risks are often
reassessed as well, ensuring the sequences of decisions up to this point have not changed
performance or integration compatibility, nor have the designs led to any unexpected un-
desirable outcomes [5]. Within this phase, wind tunnel testing can occur. Full sequence
testing of integrated prototypes also provide the last major stopping point before manu-
facturing and ight testing. These last phases are when most redesign and performance
compromises occur, given the historical trends and studies mentioned in Section 1.1 from

Havskjold and Eurocontrol [3, 25]
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Throughout these phases, margins associated with performance and safety are intensely
tracked. While often allocated to performance, economic, and quantitative operational
requirements, the other types of requirements (e.g., “ilities”) carry signi cance for design
reliability, manufacturability, and operability, to name a few. Throughout integration and
testing, performance requirements are veri ed. As the vehicle transitions into operational
and functional requirement validation, the nal checks are made to ensure the vehicle meets
the stakeholder objectives prior to delivery [3].

To best understand what decisions are made and how the requirements decomposition
is impacted by novelty in design, the following section will dive deeper into the systems en-
gineering principles and fundamentals, of requirements architecting, and decision-making
within the decomposition process. From there, the research will focus on how margins are
selected in the presence of uncertainty, and the synthesis from this chapter will identify

limitations in the existing margin allocation methods.

1.3.2 Requirement®ecompositiorandAllocation Process

The background of vehicle design and overview of the design process demonstrated the
importance of requirements decomposition throughout the design process. As the primary
blueprint for the system design and speci cations for subsystem development, the de ni-
tion of the vehicle's metrics for success and performance criteria is done under the most
uncertainty. This section will be reviewing the structural process to de ne requirements in
order to answer Guiding QuestionHow does the requirements decomposition process
account for uncertainty?

The crucial step of requirements decomposition is tasked to systems engineers, hierar-
chically under program managers, and with the support of technical experts the managing
of these speci cations and tracking development of each discipline is a big job. As this
section outlines systems engineering, different types of requirements and requirements ar-

chitectures will be de ned throughout the research. The de nitions provided prior to this,
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and those to come, can always be found in the systems engineering de nition section of the
Appendix, Section B.2. This rest of this section aims to identify the processes under which
internal requirements numerical allocation decisions are made, how values are selected,

and where uncertainties and novelty effect those decisions.

Systems Engineering Design Principles

Systems engineering handbooks [4, 6], vehicle design handbooks [44, 47], and documen-
tation by NASA over decades of launch vehicle design [3, 8, 26, 5] detail the requirements
decomposition process to begin with translating external requirements and architecting the
structure of the system. Requirements architecting includes de ning the different forms
of system speci cations; functional requirements, performance requirements, interface re-
guirements, operational requirements, and other measures of success that the vehicle will
be judged. These requirements relate to the de nition of how what the system must per-
form (functional requirements), how well (performance), what systems are integrated or
dependent (interaction, interface), and other specialty requirements for drivers of success
such as the operations and “ilities” (reliability, survivability, etc.) [4, 6, 3]. There are many
other important types of requirements, such as safety, and the specialty types which fall
into this other category of requirements for detailed standards; reliability, survivability, op-
erability, manufacturability, maintainability, producibility, and more. To expand on the im-
portance of the quantities and qualities which build up the entire requirements architecture,
the different disciplines that are included can range from the full launch vehicle system and
technical engineering disciplines to the manufacturing and product delivery disciplines, as
well as the higher level business and marketing on the program-level. The categories men-
tioned support the different disciplinary considerations on the program-level, which are
often separated within the internal organization to scope the design into smaller manage-
able problems. A subset of the disciplines that are managed by the internal program are

seen in Figure 1.6, including areas of the business and marketing to technical engineering
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and deployment.

Figure 1.6: Program Disciplinary Avenues

The systems engineering discipline dictates a large proportion of the requirements foun-
dation upon which the engineering and physics are developed, by producing an estimated
feasible design space with necessary benchmarks for design success [8]. With that, re-
guirements design phase also has components of risk management and operations, but are
different than the program levels. The systems engineering discipline is tasked with tak-
ing the driving components from each of these different disciplines to support a holistic
system design decomposition. While many different aspects uncertainty affect the differ-
ent program disciplines, it is with the engineering and technical side that the uncertainties
associated with design and performance requirements that margins are allocated on the
systems engineering-level. The “ilities” mentioned are often utilized to specify high-level

conditions for the rest of the program disciplines, with many that are managed on a dif-
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Figure 1.7: Systems Engineering Vee Model [48]

ferent track than the engineering growth. In this research, the exploration of the effects of
uncertainty on the engineering discipline will be of focus to best explore the design uncer-
tainties, but can be considered one of the avenues to address uncertainty impacts throughout
the program hierarchy.

A slightly more detailed depiction of the design process from the systems engineering
perspective, for the engineering discipline, is depicted in the diagram referred to as the
“Vee Model”, shown in Figure 1.7. The Vee model de nes the foundational architecting
process in the beginning (top left), and then following the arms of the “V” down and back
up the right side where this architecture acts as the basis for re-evaluation of success at the
end (top right) [48].

The design process overview presented at the beginning of this section explained how
the rst stage of requirements architecting focuses on translating the provided speci ca-
tions set by the stakeholders, those which de ne the mission and baseline expectations.
Requirements de ned by the operational objectives, speci ¢ mission goals, or needs of
the stakeholders are decomposed into individual Measurements of Effectiveness (MOE).

These are measures that can be qualitative or quantitative, but de ne capabilities and needs
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for a vehicle to successfully operate within the designated environment for the full life cy-
cle [13]. Examples of decomposing requirements into MOE taken from the PSM/INCOSE

Technical Measurement report for a ghter aircraft[13]:

Requirement Example “An aircraft must be able to deliver 4000Ibs of ordnance to targets
at a distance of up to 300 nautical miles from the point of takeoff and then return to the
point of takeoff without being refueled”

MOE 1/n: “Aircraft must be able to carry 4000lbs of ordnance to its target”

The MOE, as seen in this example, would be de ned by external stakeholders who are
often contract holders or funding sources. The speci cations and constraints can also be de-
ned from any Request for Proposal (RFP), governing body regulations, a source selection
plan, a Contract Data Requirements List, a Statement of Objective (SOO), or Statement of

Work (SOW) [6]. Externally set speci cations that de ne operational MOE will be com-
bined to create a full mission Concept of Operations (CONOPS). Any speci cations from
the external stakeholders that are not translated into high-level MOE might de ne needs or
constraints for functional, technical, interfacing, or safety speci cations. In the uncertainty
literature written by Thunnissen and Robertson, there is agreement around the uncertainties
associated with requirements set by external stakeholders. The concerns relate to the de ni-
tion of critical system metrics of success or performance without a formalized vehicle, and
the underlying uncertainty in full capability to meet those needs [32, 41]. In ideal design
practices, objectives would be established through joint communication and collaboration
between the program and the customer to reduce this uncertainty [13].

Uncertainty in external requirements has come to play in examples mentioned in this
research, especially in the F-35 example, where the requirements set forth in the contract
for delivery could not be met and requests for minimal acceptable delivery points were de-

livered to congress, along with requests for budget and schedule extensions. The concerns
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associated with uncertainties in external requirements will not be assumed an issue during
the exploratory phase of this research, and a similar assumption will be made for safety
regulations or speci cations, for the reasons mentioned that during requirements decompo-

sition these are considered de nitive until proven otherwise [8].

1.3.3 Allocating TechnicalMeasures

Picking up once the externally de ned needs and goals have been translated into MOES,
and other lower-level aspects of the requirements owdown, the entire requirements ar-
chitecture must be built to blueprint the complex hierarchy of technical measures. The
categories of functional, interface, operational, and performance requirements need to de-
ne technical measures that predict the speci c performance values or ranges needed to
successfully perform the objectives or remain within any constraints set by the MOEs [3].
From the MOEs, the technical measures that de ne the functional and physical charac-
teristics that constitute a whole vehicle system are referred to as Metrics of Performances
(MOPs). These are requirements that de ne attributes, performance needs, or functional
capabilities that will allow the system to meet the operating objectives.

A few speci c designations below the MOEs are the Key Performance Parameterss
(KPPs), which are de ned at the time of those operational objectives. KPPs relate to a sub-
set of parameters and characteristics that have critical performance thresholds, or values,
that if not met could lead to concept redesign or termination of the program. Supporting the
KPPs and MOEs in meeting the objectives are the MOPs described above, but underneath
those are Technical Performance Measuress (TPMs). TPMs are the necessary performance
measures of how well an element is expected to satisfy or is meeting technical require-
ments or goals. More detailed de nitions for these can also be found in the Section B.2,
and graphical representations seen in Chapter C, in Figure C.2.

The requirements architecture de nes the detailed components and relationships across

the vehicle design and disciplines, setting up the systems engineering discipline to esti-
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mate feasibility and explore high-level concept studies. The typically qualitative concept

tradeoffs de ne baseline solutions and enable preliminary operational validation planning.

Moving to the right and down the lefthand side, early stage feasibility studies and con-

cept trades are compared to set up support de ning the full CONOPS where the external
speci cations may not have everything de ned comprehensively.

The primary output from the requirements decomposition phase, after the system CONOPS
and functional owdown is de ned, architecting and de ning of “System Requirements”
down to “High-Level Design” focuses on the performance requirements owdown. The
owdown is where decomposition of the MOEs and KPPs break down into numerous
branches for each discipline providing a function, and the critical subsystems expected
to perform those functions.

The de nition of system performance requirements into the lower-level subsystems and
components necessitates numerous decisions about the expected design and performance
before the architecture and design-to speci cations can be passed onto the subsystem de-
signers [49]. One note here, for each of these stages, the requirements owdown de nition
is paralleled by answering the questions of how to validate the system operates as speci ed
and how to verify the requirements have been met [8, 48]. That is the fundamental thread
of Veri cation and Validation (V&V) mentioned in the introduction Chapter 1, where re-
guirements decomposition includes designing the veri cation and validation planning up
front, and is continuously checked and tested until the end.

Another useful representation of the Vee Model can be seen in the Appendix Chapter C,
in Figure C.1, with the understanding that this diagram focuses on the technical aspects of
the project life cycle rather then the high-level one in Figure 1.7.

To further scope the research focus down, within technical requirements decomposi-
tion there are many functional and interface MOEs and MOPs that are mostly qualitative.
De ning what functions the system subsystems perform, while interfacing relates both to

how the product connects with the different components and any constraints for interfaces
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within the various disciplines internally or externally [3, 48]. Some of both can impose
design characteristic constraints, such as interfacing dimensions for a speci ¢ technology,
and can be assumed to have their own levels of uncertainty, but the area of interest fo-
cuses on the quantitative aspects of performance requirements de nition that are affected
by uncertainties in the design.

Performance requirements branches within the architecture of KPPs, MOPs, all the way
down to the TPMs. The MOPs that de ne the attributes of the most critical subsystems
have lower-level TPMs that are necessary design baselines, which are some of the most
important numbers to have up front. De ning these numerical performance benchmarks are
what enable engineers to track and ensure their contributed design is meeting the metrics
of performance to ensure success. More importantly, performance and other quantitative
technical measures can be impacted by uncertainties that are traced to redesign or failure,
as mentioned within the de nition of KPPs and TPMs where if not met, have varying levels
of repercussions. The technical measures are continuous areas of concern because of the
possibility of variation caused by performance losses, integration problems, or weaknesses
in the design. The TPMs, and some system-level MOPs, are the measures to which a
majority of margins are allocated.

For the scope of this research moving forward, the areas within technical requirements
that fall under allocated performance speci cations will be investigated further. The limited
information during the requirements decomposition phase is prohibitive in setting de nitive
performance requirements in the terms of both the baseline performance desired as well
as a threshold for minimum acceptable needs to accomplish the mission objectives. The
gualitative speci cations must be translated into quanti ed performance expectations to
meet the needed functions, including de nition of how well or how good each level (i.e.,

system, subsystems) must be at their expected functions [3, 8].
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Figure 1.8: Performance Requirements Decomposition [3]

Performance Requirements De nition

The traditional method of de ning performance requirements is through historical bench-
marks or trade studies, methods that typically utilize estimates and known examples to
trade off expected performance from the given approximates and con gurations to trades
on cost effective expectations for a relaxation of performance expectations [3]. This would
be starting on the highest level of performance metrics, lling in the branches of the decom-
posed system into lower-level subsystems and more. A notional example of a performance
requirements decomposition can be seen in Figure 1.8. In parallel to the performance re-
quirements, sitting under system-wide requirements, there would also be separate branch
for functional, operational, interfacing, and ilities.

In an ideal world, or often in the iterative world of launch vehicle families, a breadth
of data for the subsystems total vehicles system performance in ight would inform the
next baseline. Among the private launch vehicle design contractors, an example of this
capability is seen in the United Launch Alliance (ULA) Delta [50] and SpaceX Falcon 9
[51] vehicle family evolution. With the successes these companies have produced, such

as instrumental satellite launch capabilities and the rst crewed ights from the United
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States in decades, it still took years to develop certain generations with data and internal
modeling methods. Some of the time and cost can be attributed to the nature of having
single-launch or minimal data from early vehicles, but sparse or one-time reference points
used for benchmarking performance of a novel vehicle requires adaptation. Augmentation
to performance must address operating under different environments, novel technologies,
or alternative missions.

Launch vehicles may be unique, but the trend of estimation or expert opinion-based
decision-making occurs a lot in novel vehicle development. In line with the nature of any
complex design task, the designer or owner of a requirement branch or sub-branch (e.qg.,
discipline, subsystem, component, part) brings their own experience and varied amounts of
bias to the process. With the vast list of unknowns about what each subsystem or compo-
nent will look like, how it will integrate, and what exact performance outputs are needed,
the systems engineers are tasked with deriving quantitative metrics from the information
available. Otherwise, allocation of values through systems engineering decision-making
methods. When looking at how the values are derived, its important to remember that per-
formance requirements specify both a baseline performance goal as well as a minimum
acceptable performance [3].

Whether there are historical vehicle examples or not, there is a present conundrum in
novel aerospace vehicle development of needing data to make decisions and needing to
make decisions about the design to get more data. One has to come before the other, and
this drives the use of estimations and simple qualitative trade offs in the early requirements
decomposition. Allocation in this type of data gap is often made using deterministic design
points to populate the important lower-level performance requirements, coupled with large
margins per recommendation of maturity or technical risks to of oad the responsibilities
onto the subsystem disciplinarians for more accurate estimates.

The traditional decomposition process follows a “top-down” approach, de ning all the

highest level system KPPs and MOPs before moving down to individual branches. For each
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branch following a subsystem, or discipline, to de ne the lower level TPMs which can be
three or four levels below depending on the complexity of the design [8, 13]. Established
programs or designers are not immune to the uncertainties during the early stages of design
and decision-making. Programs starting from scratch, or established programs building
a novel vehicle with some refurbished technologies, have completely different types of
information to approximate design characteristics or the vehicle's performance for the full
mission timeline.

When requirements are developed in a more top-down fashion, it is also often done in
collaboration with SME and chief engineers “from abstract design levels through to levels
of increasing detail” [52]. The approach varies with expertise and available resources such
as data or models to in uence decisions. There are trends on the use of a breadth- rst
approach to starting with high-level mission goals versus depth- rst approach to de ning
low-level sub-goals rst. The research does not necessarily conclude a correct way, but
observes that how requirements decomposition is approached depends on the knowledge
about the design and expertise. What also is identi able is the contributors to changes in
requirements throughout the design process.

The design process naturally compartmentalizes each discipline, and the low-level sub-
system design, which is how conceptual and preliminary design phases iterate and optimize
their own contributions. The noted periodic use of depth- rst approaches were acknowl-
edged to be a bene cial tool when there is a de cit of knowledge, that is to do an exploration
with experts for viable concepts to reduce the uncertainty for a speci ¢ branch. Applica-
tion of this approach depends on what is known, and what information is available, and
what critical scenarios or highly dependent subsystems drive the risks in the design [52].
Outside of the research study, systems engineering handbooks [4, 6, 3, 5] note that queries
into low-level requirements or subsystem performance can be done with making theoretical
assumptions or simpli cations about the design to x certain aspects.

To improve the systems engineering toolbox, adaptations to address uncertainty dur-
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ing requirements decomposition and decision-making is seen by integrating more quantita-
tive methods to traditionally qualitative tradeoffs tools (e.g., Quality Function Deployment,
Evaluation Matrices). The quantitative aspect is integrated by harnessing estimated numer-
ical values, or historical vehicles, to compare high-level vehicle con gurations and run
concept feasibility studies. The numerical trades and back of the envelope equations pro-
vide a simple alternative to set lower-level subsystem requirements, although these methods
do not necessarily replace expertise [8, 4, 6, 3]. Otherwise, tradeoffs would require inten-
sive back and forth with SME to de ne values, which is ultimately more effectively done

on the disciplinary level in the next phase of design. There are a few demonstrations of
guantitative tradeoff tools for high-level economic requirements (i.e., cost, time), but these
are demonstrated using conceptual design tools and cannot be assumed widely available
for this phase of design [53, 54, 55, 56].

Synthesizing the breadth of requirements decomposition and allocation methods, the
main structure of this phase is a top-down breadth- rst approach to specify necessary re-
guirements to meet the vehicle's mission and metrics of success. In uencing the external
requirements are not within this research, these fall under the type of requirements which
are external to the program, but customer speci cations set the baseline for internal require-
ments de nition. This scope is then decomposed and used to set the framework substanti-
ated by historical data, qualitative or estimated quantitative tradeoffs, and expert reference.
The details of this process makes up the vehicle's requirements, often times are semi- lled
and leaving the most unknown areas to the SME to de ne as more information or de ni-
tion is acquired. Leaving such details open, or estimated with large margins, is part of the
existing process that instills uncertainty where there is too much unknown to be realized
during later phases.

The discussed reduced scoping from all requirements to just those under performance
identi ed a process that has many hills to climb as engineers manage the lack of information

or de nition in this phase. From the background presented about how requirements are
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allocated, a few important observations can be made:

* 1.1: The large amount of uncertainties present during early phases of per-
formance requirements decomposition in uences the embedded uncertainties

within the benchmark TPMs set for disciplinary designers to meet.

* 1.2: Quantitative methods to address uncertainty are almost exclusiyely
demonstrated for conceptual and preliminary design phases, when modgling
and simulation is available to burn down epistemic uncertainties or inform yo-

bust decisions.

» 1.3: Experts and decision-makers navigating uncertainties in the design of

novel vehicle or subsystem designs, or implementing new technology, dufing
requirements decomposition without quantitative methods are being forced to

rethink existing strategies for decision-making.

This section answered the rst preliminary guiding question, why is this phase so un-
certain. When taking these observations with the motivating observation in Section 1.1,
that focused on the in uence requirements have on the test-fail- x phase due to unknowns,
the types of uncertainty of interest remain within the unknowns of how the vehicle will
perform as well as variation of the design that results in losses in the performance later in

the design process.

1.4 Margin Allocation and Preventative Decision-Making

The requirements decomposition phase is not just about allocation of quanti able and trace-
able metrics for a baseline vehicle. As mentioned in the intro Section 1.1, requirements
decomposition includes the important job of addressing uncertainties associated in meet-

ing the metrics of success, and that is done during a time when both the vehicle and the

35



metrics themselves are not certain. There are different approaches that aim at managing
different forms of uncertainty, especially prior to the introduction of M&S or any uncer-
tainty quanti cation methods. To better understand what is done within the requirements
de nition phase to manage uncertainty, or make decisions around uncertainty, this section
will aim to answer Guiding Questions Blow does novelty and uncertainty impact the
decision-making for margin selection?

This section will introduce margins and allocation methods directly, then explore the
alternative methods that address more stochastic uncertainties versus uncertainty along the
lines of design and decision-making. The uncertainty de nitions discussed in Section 1.2.2
provided a high-level explanation of epistemic and aleatory uncertainties, and these will be
built upon when discussing the different approaches to margin allocation and risk mitiga-

tion.

1.4.1 MarginAllocation

Margin allocation is a wide-ranging tool used across industries to maintain a level of reserve
or contingency to absorb certain changes [7, 41]. While margin is used in businesses as
pro t or losses, in engineering margins are most commonly used for safety and uncertainty
[7]. In engineering of complex vehicle designs, margin is a systems engineering tool used
to prevent certain types of risk and uncertainty. Safety margins are most often associated
with severe risks or program failure, whether that is loss of life or not meeting critical KPPs
and the program nancial stability is at stake. Other margins, such as design margins, are
meant to manage more well known risks due to less severe uncertainties [7]. Scenarios of
common occurrence are those where changes to a design, or system, needs to be absorbed.
Otherwise, preventative risk avoidance measures must be taken to limit the occurrence of
redesigns associated with not meeting TPMs [3]. As mentioned in the previous section,
there are forms of uncertainty that have been accounted for in the probabilistic analysis

side of risk prevention and management. Margins, safety factors, and constraints are the

36



tools used to build in tangible forms of uncertainty into the system more quantitatively.

Types of Margin

Taking the de nition of margin as a reserve, when applied to an engineering concept a mar-
gin is seen as an additional space between a predicted measure and the allowable variation
[57, 58, 12, 59]. The variation encompassed by the margin of a performance measure is
with respect to what was determined as “allowable” by the program or stakeholders. One
can consider this to a benchmark or value that is deemed acceptable, safe, or predeter-
mined, with an allocated margin to account for risks and sources of uncertainty, to reach
the estimated performance constraint. The different types of margin are used to address the
varieties of uncertainty.

Safety margins are within the broader umbrella, which includes the more strict assess-
ments to account for uncertainties and risks that may inhibit safe operations. Also referred
to as a factor of safety, safety margins for a vehicle often specify minimum performance or
conditions needed to withstand to remain safe of the extreme. Often a conservative limit for
conditions of operation, tolerance, or performance conditions are necessary for regulatory
certi cation and operation [32, 36]. Factors of safety are often led by conservative offsets
from failure modes and not informed by design behavior.

A common instance is seen in structural analysis allowable stress and ultimate load
relationships. An example of this is seen in the common allocation of a 1.5 factor onto the
yield or failure stress in the de nition of structural safety factors for pressure vessels [60].
Similar to the concept of external requirements, mentioned in Section 1.3.2, the safety
margins will not be addressed by this research because they typically are not meant to
encompass internal decision-making and instead will be assumed as a xed do not exceed
point.

The other branches of margin focuses on the existence of uncertainty along the critical

path of decision-making. In reference to the uncertainty de nitions reviewed in Section 1.2,
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the different classi cations of uncertainty under epistemic have their own considerations.
For example, modeling uncertainty encompasses issues such as numerical and approxi-
mation errors which can drive an approximate or estimation margin needed when using
interpretations of model data. Another, under the behavioral type of uncertainty, is the
requirements uncertainty category. Depending on the taxonomy being used, requirements
uncertainty is considered either due to future decisions to change requirements [61, 62,
63], or uncertainties in requirements provided by external stakeholder or governing bod-
ies [41]. Changes to requirements can walk between a speci ed requirements uncertainty
and volitional uncertainty, de ned by Thunnissen and Robertson, with the effect of major
design changes caused by either external stakeholders or augmentation to make a design
more feasible.

Among one of the wider elds of margin is design margin, associated with uncertainties
in the design while still in development. Design margin is caused by the nature of early
design processes, where the vehicle system and complex design is quite uid, but can also
be caused by decision-making. Design margins are applied to account for uncertainties in
the design or components yet to be de ned in the technical measures [41, 37, 57, 63, 58,
59].

To assess how margins are allocated during the phases of requirements decomposi-
tion, it will be important to down-select a type of margin associated with speci ¢ sources
of uncertainty. There is already a wide body of research aimed at quantifying modeling
uncertainty for different purposes. There is research exploring elds of model error and
validation [10, 64, 65, 66], model and data uncertainty and reliability [67, 68, 69, 70], to
model delity and surrogate tting [45, 71, 72]. While a majority of the research does not
focus on margins speci cally, the research presents numerous approaches to inform deci-
sions and reduce uncertainties associated with estimation and epistemic uncertainty. The
methods demonstrated by this research provides increasing capabilities of the computa-

tional methods for design with veri able and validated models.
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Another concept is the limitation to what information about future decisions and like-
lihood of signi cant design changes could occur two or three phases later. To address
volitional uncertainties during this phase would increase the need to rely on probabilities
of future scenarios, or risk, as well as add complexity to what has already been acknowl-
edged as a limitation to accessing more quantitative tools. There has been research aimed
at reducing volitional uncertainty through risk-informed methods [37, 61, 63], but the ap-
proaches are solving a different problem than margin allocation, as well as a very complex
form of uncertainty. The methods will be reviewed in later chapters to demonstrate how re-
searchers have adapted early decision-making to include quantitative tools, but the concept
of including volitional uncertainty will not be within the scope of this research.

The last form of margin will be the focus of this research, and that is design margin.
Design margin is most consistently referred to as contingency, allowance, or additional re-
serves to account for the inherent uncertainties in a design. Through a design cycle, as
the vehicle subsystems become de ned, they will naturally burn down margins by shifting
or changing away from the benchmark set during requirements allocation. Not all sys-
tems or subsystem designs change signi cantly, which drives systems engineers or margin
managers to of oad their unused margins to another aspect of the design [3, 41]. Design
margin is the most commonly documented form in industry standards [3, 7]. Where design
margin is a focus in vehicle design research, the research community is more spread out
by vehicle, system or subsystem, and type of problem being solved because of the breadth
of design uncertainty and uncertainties in the early requirements decomposition phase [41,
59, 73, 74, 57]. The following section explores how design margins are allocated and what

decision-making standards exist.

Allocating Design Margin

The allocation of general design margins, especially for performance metrics, is dependent

on the program, vehicle, and risks identi ed for the mission. Design margin allocation
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approaches assume there is a relative performance benchmark that de nes the expectations
the design must meet. Although de nitions of margin can be different from industry or
resource, margins are often represented in terms of percentage. The mathematical de ni-
tion quanti es the difference between the worst case estimate (WCE) and the current best

estimate (CBE) [59]:
(WCE CBE)
CBE

%margin = 100 (1.1)

For complex aerospace vehicles, margins are uniquely selected in different proportions
to support mass, propulsion, communications, structural integrity, and other aspects that
are associated with the vehicle's capability to perform its mission. The aerospace vehicle
design industry varies in approach to selecting margins. In the development of commercial
vehicles, or when iterating on a multi-generational vehicle family, there is historical data
to apply trends or standards from years of learning. In other cases, where there are new
vehicles or novel technologies as a part of the mission, the margin allocation approaches
vary [59]. Alternative proportionate methods include extrapolation or crude quantitative
estimates from historical data for a benchmark vehicle, or application of heuristics to de-
termine the needs that meet the new mission [37, 41].

There are a limited number of documented approaches to how margins are allocated,
characterized by four primary areas; expert judgement, predetermined proportional allo-
cation, simulation analysis, and regression methods [41]. While the latter two, simulation
analysis and regression methods, fall mostly under the conceptual and preliminary design
processes, the requirements de nition phase is very limited in the accessible tools and there
is limited demonstration of those methods. The expert judgement approach is both relative
to experience and application, but in some cases will be developed as a part of a risk-based
critical decision-making approach. The latter has been previously mentioned in systems en-
gineering processes. Proportional methods rely on industry standards or general program
standards to apply a relative allowance for growth for a given margin.

Where historical data and previous vehicle design blueprints are not as accessible, the
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Figure 1.9: AIAA Notional Mass Margin Versus Time [12]

industry standards provide a baseline of margin estimations for the different vehicle classes
(e.g., aircraft, spacecratft, helicopter). The governing bodies, such as the Association for the
Advancement of Cost Engineering International (AACE) and American Institute of Aero-
nautics and Astronautics (AIAA), have recommended practices referring to the program
documentation or substantiated analysis to support accuracy and compliance [75, 12].

Within the AIAA terminology for design margin, there is a complementary term for
design mass margin-Mass Growth Allowance (MGA). From their Mass Properties Control
for Space Systems documentation, Figure 1.9 provides an example of the allocation for
the design and mass margins during requirements phase of design. From top to bottom,
the chart demonstrates the limits where the mass is de ned, and should not exceed, as the
customer or expert derived TPM. Next line is the allowable mass and reserve set forth by
the program, where design margin and MGA together are the entirety of the total margin.
From the time perspective, this chart presents an ideal expected burn down of the margin
to meet the originally derived estimate (e.g., CBE).

Mass growth allowance is an example where the high-level percent margin in Equa-
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tion (1.1) is broken down in terms of vehicle performance metrics. In this example, MGA

is expressed as the difference between total allowable mass variation, best estimated nal
vehicle mass, and overall allocated margin [41, 12]. The expression which represents this
breakdown in Equation (1.2), demonstrates an example of how design margin is separated
to encompass the contributors to that metric [41]. Design margin is a proactive metric held
on the system-level, where portions of the design margin are designated to subsystems and

individual components [12, 41].

N :
(MGA + Margin) 100:AllowabIeMass CBE (1.2)

%margin + %M GA =
bmargin +%MG CBE CBE

The representation for mass growth is common in standards, MGA acts as an example
of how pre-proportioned allocation is represented, but standard proportionate allocations
depend on the type of vehicle system and the decomposed subsystems and smaller parts
that make up that subsystem. Mass is one technical parameter example, but design margins
are built for many aspects of the vehicle design program. Design margins can be selected
for operational needs of the design and performance measures [12]. TPMs are the most
common metrics associated with design margin, in some cases, the systems engineering
discipline must also withhold certain aspects of economic performance metrics that are
sensitive to performance measures such as mass or propulsion power [41, 3, 8]. Mass and
power are examples of critical components that have a direct relationship to the cost and
schedule of the design process. The impacts of their variation has been traced to redesign
costs, more signi cant design changes, losses in critical subsystem performance, and even
program failure [16, 41].

The estimates of mass margin allocation and burn down in Figure 1.9 are taken from
standards. There are many engineering bodies that provide standards for different types

of vehicles, subsystems, or metrics. Examples of these entities and types of standards
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are mass control recommendations for space and aircraft programs with theAiref-

can National Standard Mass Properties Control for Space Systethe Society of Allied
Weight Engineer$lass Properties Management and Control of Military Aircrafhe doc-
umentation for design margins rarely comprehensively include the full breadth of systems
and subsystems, but instead more commonly dedicated by discipline or critical technical
performance measures or other metrics of success.

The numbers and decision-making processes dictated by the industry margin allocation
documentation are widely used, but also are understood to be recommended practices, and
have very speci ¢ applications. Vehicle standards are typically developed from a set of
historical data, delivered by the sample of vehicles that were available at the time. For
aircraft design, commercial aircraft are a great example of typically proprietary designs, but
over time have become more generalizable with decades of demonstration for a variety of
missions and technologies. The continuous development has enabled the industry to collect
data over time from the development processes to standardize expected margin needs to
make it into service. In both spacecraft and aircraft design, where novelty of a design or
technology is being introduced, standards are not yet developed and require assumptions.
An example is in aircraft design, with the integration of composite materials, which is still
new to the industry operations and must be approached with different assumptions around
strength and failure points. Spacecraft and launch vehicles are more often single-use or
uniquely developed for each mission, meaning there may be less consistency in the design
process or service data. While there are launch vehicle programs with iterative vehicle
families, spacecraft or rovers built as iterations, and many generations of satellites, the
missions and technologies are continuously changing.

Standards for vehicle design margin are applied to the design process, not as often
tailored to mission or technology, and must be assessed for the assumptions that were
made as well as the unique aspects of the vehicles that were used as references for stan-

dards. The design of new vehicles, using novel or low maturity technologies, or both, must
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be assessed for risks and uncertainty differently to support decision-making of applicable
margins needed. De ning probabilities and estimating results while trying to limit the sub-
jectivity of the projected values is dif cult, which is why the recommended margins are
useful guides.

The actual application or details in determining the numbers are not well documented,
but having been built upon historical systems, the estimates and recommendations include
their own assumptions. To navigate assumptions, known or not, expertise and empiricism
is needed to inform decisions for the speci c vehicle design problem at hand. Design
programs, or systems engineers may use standards because it acts as a starting point, which
parallels the steps in the Risk Informed Decision Making (RIDM) and Continuous Risk
Management (CRM) processes presented in Section 1.4.2. These steps are more dif cult
to integrate uncertainties of the design more explicitly, shifting the problem solving and
reducing uncertainty due to novelty onto lower-level disciplinary designers.

While standardized margins and reference documents presented are helpful, they are
still only used as a reference manual. The same concerns mentioned previously about ap-
plicability and transferable nature with novel missions and technology remain of concern
here, coupled with reliance on expert judgement to interpret how novelty will impact the
design within the equation. The need for external substantiation is created by a relative
gap between the standards and the reality of a novel vehicle. Using assumptions and expert
judgement to make generic proportionate allocations is another alternative, under expert
elicitation, but depending on the experiences and novel components of the design this ap-
proach still relies on human behavioral decision-making. As has been acknowledged in the
uncertainty de nitions, this embeds uncertainty in the process without formally addressing
it.

One consistent observation is that the documentation in the literature is limited, both in
descriptions on decision-making as well as the methods used. It is clear that advancements

in technical capabilities and decision-making have been made across the design process,
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but the margin allocation method documentation is not comprehensive enough to make
conclusions about improvements or gaps. It is well understood by engineering profession-
als that margin allocation is unique- from program or program, and person to person-but
these methods are not re ected in the literature. The observation therefore directs this re-
search to question how is this being done in the eld, and how is the process impacted by

novelty.

Observations

* 1.4: The early design phase standardized approaches for margin allocation
were driven by historical vehicle and mission assumptions, and otherwise rely

on more subjective assessments of risk to inform margin decision-making

» 1.5: Design margin research methods demonstrate alternatives to decision-
making through more quantitative methods, but their applications are limited
to solving different uncertainty problems or making conceptual design degci-

sions.

» 1.6: The documentation in the eld of margin allocation represents an incom-
plete and minimally de ned process, motivating the need for more literature

to characterize impacts of uncertainty on allocation

1.4.2 RiskPreventiorandProbabilisticAnalysis

In lieu of substantive data, or benchmarks for the design, risks and scenario-based methods
are a critical systems engineering tool for requirements and margin allocation. The high-
level concept of risk has been touched upon in Section 1.2, risk having been associated
with a quantitative measure for likelihood of event outcome and severity. The uncertainties
embedded with predicting likelihoods and outcomes are caused by the unknowns about the
situation or concept behavior. The systems engineering discipline depends on risk manage-

ment planning to proactively map critical failure paths of the design to inform decisions,
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which includes margins for high-risk or uncertain components. The process of predicting
risks is often done by de ning what is known, known to be inherently random or stochas-
tic, and also what is known to be unknown. These are aspects of mapping uncertainties
from operations down to the lower-level disciplinary subsystem performance, de ning the
complex tree of critical events to map drivers of success and failure for speci ¢ KPPs that
govern program success.

While it has been acknowledged that risk is not in the primary focus of this research,
the tools used in decomposing risks into uncertainties present in the functional and physical
decomposition are useful to understand decision-making. Similarly, the demonstration of
probabilistic analysis during this phase to characterize critical successes and failures is
important to de ne a baseline for decisions without accessible probabilistic data. This
section will overview different approaches to provide context for how risks and uncertainty

in uence the launch vehicle system-design decisions.

Risk Based Decision-Making

Risk prevention and long term management planning is developed during the requirements
architecting phase and woven into the different levels of decomposition. As a framework,
risk management includes a complementary set of processes utilized to establish alterna-
tives that meet the desired objectives and risk, then continuously making sure different sets
of requirements (performance, safety) are met and risks have not increased [35]. The alter-
native decision-making aspect is a more quantitative process called risk informed decision
making, or RIDM, and the management of risks in the process of critical risk management,
or CRM [35, 5, 76]. Both of these processes support the goals of the systems engineering
discipline in making decisions, substantiating constraints, and mapping the hierarchical
systems to burn down risk over time [3].

The techniques that are used on the overarching management aspect focuses on scenario

identi cation and tracking throughout the design process. Scenarios relate to the critical
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path or sequence of events, and underlying subsystems and components, which de ne a
more subjective assessment for where there are likely uncertainties that impact the ability
to meet the success of the mission. Scenarios and qualitative constraint identi cation is
often done from the broader top-down subsystem-system performance and functional re-
quirements decomposition, focusing on where a failure or undesirable event could occur.
These qualitative characterizations provide preliminary assessments of the compatibility
and strength of meeting a proposed technical measure, initializing the baseline metrics to
be transferred downstream [77]. The systems engineering tools previously mentioned in-
clude qualitative and semi-numerical methods such as the Quality Function Deployment
(QFD), Value Functions, Pugh matrices, and the evaluation matrix of alternatives. The
tools enable trading the vehicle's needs through what is known, but are limited to estimates
or existing technologies.

The use of quantitative methods focuses on measuring risks, through assumed likeli-
hoods, which is demonstrated as a foundation of the RIDM process. By utilizing prob-
abilistic analysis to allocate a likelihood to known, or unknown, uncertainties associated
with early design, the enabled probabilistic scenarios for success inform decisions at a high
level. Populating these probabilities to build scenarios, or support likelihood prediction,
during requirements decomposition falls back to the issues identi ed in Section 1.3. The
lack of data and known constraints necessitates subjectivity and estimation until the de-
sign space is small enough to build quantitative models and simulations. By allocating
likelihoods of design process or operational scenarios, attached with a rank of the severity,
margins are allocated as buffer or preventative measures. Otherwise, hard constraints to
limit the occurrence of extreme events must be set [35]. There are many forms of prob-
abilistic analysis ranging from simple compound probabilities for a set of events to more
complex analysis methods. The use of probabilistic methods ful Il a role of projecting nu-
merical estimates and con dence for trade studies around likelihood of success, likelihood

of failure, or base compound event likelihood.
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Probabilistic Analysis

One of the more common approaches in requirements de nition is Probabilistic Risk Anal-
ysis (PRA). The documented dif culties with PRA are consistent across most methods, that
both the outcome probabilities and mapped risks are still determined by uncertain inputs
[28, 78]. To perform PRA, or any probabilistic analysis, there must be some set of scenarios
with a probability of occurrence or probability of failure depending on the scenario being
investigated. To populate the needed probabilities to inform the likelihood of some vehicle
concept failure or technology failure, the inputs are either substantiated by historical data
or have some subjectivity attached to them. The subjectivity can be supported by SME
judgement, but still is a form of uncertainty that is injected into the process. Building re-
liability analyses into the design requirements to de ne constraints, such as load factors or
operational limits, have been seen within early aircraft design when historical data is acces-
sible. Otherwise, the methods still rely on probabilistic projections to de ne critical paths
and risk for decisions. More detailed explanations on how probabilistic analysis works, and
fundamentals will be addressed in the methodology literature search in Chapter 3.

The cycle of needing probabilities to make a decision, but requiring subjective or uncer-
tain inputs, leads to a major distrust in the engineering world of probabilities alone without
any formalized models or data behind them. The fact of having minimal data along with
uncertainties leads to the previously mentioned process that reevaluates performance base-
lines and updates margins during conceptual design. The updates occur once a general
concept has been de ned, and estimates of the design have been simulated through desired
environments, providing estimates of capabilities from the individual discipline [8]. Un-
fortunately, due to compartmentalization, the communication of performance updates and
designs across disciplines is harder to enforce. The reallocation of margin is also done less
frequently, typically with each design phase [8].

The disconnect between subsystem and disciplinary designers creates an information

gap, both across the disciplinary line between designers and vertically to systems engineers.
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The result of this can lead to re nement and optimiztion around the baseline numbers
given to them from the system requirements at the beginning, rather than updating with
realistic designs or performance measures for dependent designs. The gap is a part of the
previously acknowledged problem, where late term losses or uncertainties are realized once
the con gurations are set and margins have been burned down [28, 79].

In the current requirements de nition process, there are few modeling tools or quantita-
tive methods that can build accurate projections of the design responses to the events under
guestion to effectively inform systems engineers of the lower level disciplinary uncertain-
ties and events. Alternative quantitative methods to probabilistic analysis focus on failure
or constraint prediction. Failure Modes and Effects Analysis (FEM), Failure Modes, Ef-
fects and Criticality Analysis (FEM), and Fault Tree Analysis (FTA) trace speci c causes
and effects to failures for the system through matrices or a fault tree [76]. The alternatives
are more often seen either in process ef ciencies or disciplinary failure analysis, but are
translated into the systems engineering discipline through work breakdown structures or
logic diagrams [3, 4].

The quality of these scenarios and probabilistic methods used in decision-making dur-
ing this rst phase has been explicitly stated by multiple systems engineering handbooks
[6, 4, 3] and risk based handbooks from launch vehicle developers [35, 5, 76], as being
dependent on what information is available about the vehicle, and necessarily reliant on
SME experiential logic in setting speci ¢ quantitative technical requirements.

The qualitative approaches have been used for decades, showing up across aircraft de-
sign, helicopter development, spacecraft, and launch vehicles. This commonality is seen as
a major hindrance, having limited information to construct numerical baselines and mar-
gins in complex aerospace vehicle development. With the probabilistic design approach,
the application varies by program and disciplinarian. Variation in approach is because of
the amount of information and the relative trust in the methods that in uence the appli-

cation. Without parametric probabilistic design methods, risk mapping and probabilistic
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analysis is often deterministic around an assumed design point. While this approach has
been used for a long time, the amount of uncertainty embedded and passed off into the mar-
gins leaves room for improvement. The process that is established drives the need to move
away from a deterministic approach and toward a more substantiated probabilistic design,
similar to the way M&S has transformed the conceptual design phases through parametric
design methods for probabilistic design. The conclusions in this section can be summarized

by the following observations:

» 1.7: Probabilistic analysis and design methods require likelihood estimatians,
but are limited to the available information for the given design, technology,

and environment

» 1.8: The trust in probabilistic methods varies because of the injected degrge of
belief, which drives the iteration of margins during conceptual design to when

parametric design approaches become available

The methods presented are integral in the design process, but without substantiation
are less capable of characterizing uncertainties around what the system is expected to do
during early phases of design. The requirements decomposition phase provides a scope and
feasibility assessment to reduce the design space, but continues to strive for more effective

methods to determine the allowable growth measures.

1.4.3 ConceptuaDesignMargin Allocation Methods

Margin allocation is traditionally done during the requirements decomposition phase. The
process selects a high-level system margin and allocates portions to the lower levels of
the system architecture. The existing standards and probabilistic methods demonstrated
the different approaches to selecting preliminary values or prioritizing high risk compo-

nents, but there was acknowledged iteration through the subsequent phases of design as the
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vehicle design becomes more de ned. Systems engineering handbooks also qualify this
statement, with conceptual design and preliminary design de nitions of new performance
measures to re-evaluate the existing margin.

There are state of the art research methods addressing the iteration of margin during
conceptual and preliminary design phases, demonstrating the capabilities of the tools ac-
cessible to disciplinarians for substantiated probabilistic analysis and informed decision-

making.

Hybrid Range Estimating EMA Margins

Research performed by Robertson demonstrated a margin estimation method approach
from the forecasting of the volitional uncertainties in conceptual spacecraft design changes
[41]. The developed hybrid method integrates Executable Morphological Analysis (EMA)
with range estimation methods to trade alternative concepts, utilizing a work breakdown
structure as the foundation for concept decomposition. The simulated distributions for
likelihood of a change were demonstrated on the spacecraft measures of vehicle mass, cal-

culating desired weight objectives and margin values to account for volitional uncertainties.

Economic Margin Allocation Tradeoffs

The uncertainties across the design and performance also drive uncertainties in allocat-
ing economic resources, with the performance. Thunnissen presents a conceptual design
method to estimate effective performance and economic margins once the design is more
de ned [59]. By utilizing system-level design simulations to estimate probabilistic distri-
butions for decision-making, Thunnissen demonstrates the tradeoff between design uncer-
tainties and change in design that affect the mass, to explore the likelihoods of meeting
system-level costs and schedule measures. By applying Monte Carlo Simulation meth-
ods to produce probabilistic distributions, the economic parameter con dence intervals in

this method re ect critical design uncertainties that in uence the decision-making. The re-
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search explores spacecraft design, and evaluates the design process by targeting uncertain-

ties that impact economic risks, a measure that is often xed prior to uncertainty analysis.

Margin Space Constraint Analysis

In a traditional aircraft design process, the use of constraint and mission analysis informs
the design limitations for combinations of con gurations within the design space. Guenov
et al. present an applied approach to margin management during conceptual design through
the interactive exploration of the margin constraint space [57]. The interactive tradeoffs
demonstrated in this research is done by integrating margins as deterministic probabilistic
constraints, and trading the design requirements to assess the available margins for the
varied uncertainties in the problem. Tradeoffs between margins on parameter variation,
model uncertainty, and design variables explored the effects on satisfying the constraints

for different levels of the design.

Margin Value Risk Mitigation

Addressing the concepts of over-design is a considerable issue with conservative margin al-
location, but designing margins to absorb change ef ciently without affecting performance

is a constant problem. Brahma and Wynn explore the Margin Value Method (MVM) to
address localised excess and potential design changes for improved effectiveness of the
allocation [73]. The research demonstrates a prioritization of design parameters on lower
design levels, of a mechanical conveyor belt, for more effective excess margin, to preserve
the performance of the mechanical motor and gearbox systems. The MVM presented ad-
dresses volitional uncertainties of future changes by utilizing matrix methods to propagate

deterioration of operational ef ciencies and performance capabilities through the model.
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Redesign Margin Allocation Optimization

Design margins are affected by the natural burn down, but the costs are more signi cant
in times where design changes or redesign occurs where margins have no more degrees of
freedom to change. Al Handawi et al. present an optimization method for design margin,
to reduce the over-design in additive re-manufacturing scenarios through reliability-based
simulations [74]. The use of probabilistic methods provide an uncertainty distribution to
the requirements, enabling the uncertainties to be simulated with Monte Carlo methods to
capture the variation of the product performance. By quantifying certain progressions as
excess, and simulating different requirements change arcs, the methodology optimizes the
design and decision-making paths to minimize excess and maintain reliability of the design
with changes to requirements.

In exploring these four different examples of conceptual design and vehicle design al-
ternatives to margin allocation, or margin redesign, the methods presented harness quanti-
tative tools and simulations to project variation or change due to uncertainty. While many
approaches directly used Monte Carlo Simulation, a consistent trend was seen with a fo-
cus on probabilistic design methods to navigate uncertainty by informing decisions with
con dence in meeting the objectives. Where conceptual design methods have begun to
demonstrate reallocation of margin or decision-making around uncertainty, it has been ac-

knowledged that the existing tools during requirements decomposition are limited.

1.5 Decision-making and Margin Allocation Limitations

The guiding questions which led the latter part of this chapter, in the end of Section 1.1,
aimed to address the observation of uncertainty embedded within the requirements archi-
tectures of launch vehicles, as well as identify how novelty impacts decision-making. The
literature surveyed provided a foundation for the complex vehicle design process and then

performed a deeper exploration of the systems engineering toolkit for navigating uncertain-
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ties. The literature makes it clear that the requirements architecting and decision-making
process is set up to operate under uncertainty, but so often there are unique circumstances
that force corrections later on within the conceptual design and preliminary design phases.
Focusing speci cally on the uncertainties that in uence selecting margins, a clear relation-
ship between uncertainty and late term redesign or schedule and budget issues are drivers
for needed improvements.

In scoping the research to explore epistemic design uncertainties, these uncertainties
re ect unknowns early on that have impacts on the variability of performance and can im-
pact the ability to meet the vehicle TPMs. Design margins are allocated to accommodate
this type of uncertainty, which was re ected by the sentiments in Observation 1.1, where
Observation 1.2 and 1.3 acknowledged the limited access to quantitative tools to address
design uncertainties during requirements and margin allocation. These observations lead to
the industry standards being set by more qualitative or subjectively informed set of proba-
bilistic alternatives.

Observations 1.4, 1.5, and 1.6 highlight the primary approaches to allocating design
margin. While there are standards from industry entities, or program handbooks, the con-
tinued iteration and efforts for disciplinary uncertainty reduction provide anecdotal evi-
dence that the standards are not suf ciently addressing the uncertainties present. With
more qualitative risk and probabilistic estimations there was little documentation to ex-
plore the application of these to augment the baseline standards for a new problem. Among
the distrust in subjective probabilistic methods, it can be concluded that the literature is
not comprehensively covering how the industry makes decisions to allocate margins for
new designs and novel technologies. In other words, it was unclear how the industry for-
mally navigates uncertainty in selecting margin values or allocations to different disciplines
outside of traditional standards.

To conclude how one should address the dif culties in margin allocation re ected by

the observations, more literature is required to support making claims about effectiveness
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or scoping down speci ¢ areas to address in the process. This conclusion drives the last

guiding question of the baseline method literature:

Guiding Question 4

How are decisions for design margins impacted by uncertainty during architecfing

of performance requirements?

Given the cause of this question is a lack of information in the literature, the inves-
tigation will require another approach to close out the background and baseline process
characterization. The researcher has chosen to do formal outreach into the eld and per-
form interviews with numerous experts on the margin allocation methods they utilize for
designing complex vehicles. With the gap in speci ¢ methods to allocate margin values,
and both the qualitative and quantitative methods presented in this section, it is important
to highlight the different approaches available and assumptions made to observe the limi-
tations. The interview process, questions, and overall gaps will be addressed in Chapter 2.

A connection between the existing standards and lack of margin decision-making in
literature does not imply that there are no standards for novel designs or processes in place.
What is assumed is that the processes are unique, variable, or proprietary. This assumption
leaves room to identify another approach, or set of practices, through the survey of expert
experiences. With the last guiding question presented here, the investigation into how
best to support decision-making during margin allocation and reduce uncertainties can be

summarized in the following Overarching Research Objective for this work:

Research Objective:

Develop a methodology to substantiate margin allocation through quantitative meth-
ods, reduce uncertainties embedded in decision-making, and communicate dgsign

uncertainty during early phases of launch vehicle design

The observations across the chapter make it clear that there is room for improvement,
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but the need is driven by substantiated decisions or relative estimates to support allocating
technical measures and margins. To identify speci c areas of improvement from both the
existing literature in this chapter and observations from the margin allocation interviews,
the synthesis of formal industry gaps and overarching research objective will be done at the

end of Chapter 2.
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CHAPTER 2
MARGIN ALLOCATION LITERATURE GAP

The identi ed need to understand margin allocation more thoroughly was driven by the
observation in Chapter 1 that the existing literature de ning a standard approach for mar-
gin allocation is limited to proportionate methods and risk-based probabilistic methods. As
was outlined in Section 1.4, margin allocation and the de nition of different types of mar-
gins is documented as primarily built from existing standards and probabilistic methods.
The standardized documents did not address how to navigate uncertainty and make deci-
sions for margin values where research approaches for design margins focused on different
uncertainties or vehicle problems. It was consistently acknowledged that margins are an
experience-driven process that is not well documented. The high-level methods presented
by the literature are minimally addressing the unique dif culties in decision-making to nav-
igate novelty or uncertainty, as well as approaches to augment numerical standards for new
problems. The inability to formally identify a baseline approach for complex vehicle de-
sign margin allocation limits the ability to assess speci ¢ needs for improvements to the
process.

Guiding Question 4 was motivated by the overall lack of comprehensive information in
the literature, coupled with the existing costs of redesign and repercussions of performance
losses to failures. Guiding Question 4 inquired how uncertainty in early requirements de-
composition impacts the allocation of margins to further explore where there is room for
improvement in the existing methods.

It is not an overstatement to say every program allocates margins, but given the unique
problems being solved, it is clear there are other approaches beyond what is documented
in the literature; therefore, an alternative investigation is required to gather the information

needed.
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The pursuit of an alternative form of literature survey will be covered in this chapter.
The information from this alternative survey will bring insight into the methods used by
complex aerospace vehicle designers to select numerical values or percentages, and bring
light to the details of decisions navigating uncertainties. A series of interviews were con-
ducted with experts in the aerospace industry to answer the guiding question of how are
margins allocated and how uncertainty impacts decision-making.

The goal of performing interviews is to gather anecdotes about experiences with how
the industry allocations margins and navigates uncertainty, thus collecting a experiential
form of literature. The observations made in this chapter will be on comparisons between
methods and trends of the represented experiences, but cannot necessarily claim a general-
ization that these are the only practices used, nor will this research claim to say these are
universal practices. The interviewees were curated to present a diverse set of perspectives

across the industry.

2.1 Margin Allocation Interview Overview

A Brief Disclaimer: This set of interviews is meant to gather literature in order to under-
stand how the methods in the eld work and not to generalize or characterize one approach
as the uni ed method. The information in this research contains no personal identifying
data or speci ¢ proprietary or secret methods within the individual companies the experts
have existing or past af liations. The anecdotes that will be shared are characterized as
experiences within the industry but not necessarily personal information about the intervie-
wee or their individual organizations.

A series of questions were crafted to perform the interviews in the traditional question
and answer style, with the goal of producing suf cient responses to make observations
about any consistencies or divergence in the methods documented. The questions covered
who makes decisions around margin allocation, how the values and allocation proportion

is determined, and what are the dif culties present. Among these three areas, questions
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around uncertainty management and lessons learned were asked to explore the needs of the
industry and making observations to support making conclusions about the pros and cons
of the processes identi ed. The questions are relayed here:

Interview Questions:

|

. Who typically owns the margin allocation and management?

2. How are the numbers or amounts chosen, are there standards or is this a case-by-case

basis?
3. How are the margins allocated to different groups, are they predetermined targets?

4. How have you seen margins managed across the design evolution and is there a

difference around uncertain components of the design?

5. What are the major areas of uncertainty and are there speci ¢ approaches used to

address this? Are there areas that cause the most problems?

2.1.1 InterviewSubjects

The subjects selected for this interview topic represent decades of experience, and their
willingness to volunteer time and energy to support this research must be acknowledged.
The selection was based on both willingness and expertise, as well as ensuring different per-
spectives could be included. The vast experience represented with these subjects includes a
range of aerospace companies or government entities, experience with various complex ve-
hicles (e.g., commercial aircraft, supersonic aircraft, spacecraft, and launch vehicles), and
breadth of positions (i.e., disciplinary designers, chief engineers, systems engineers). The
four interviewees represent a small sample space of designers, engineers, and management,
but their experiences provide extensive experience with how the industry operates and has
changed over time.

Interviewees:
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Nick Borer: Deputy Principal Investigator and Performance Team Lead of X-57;

Previously Systems Engineer, Draper

AJ Piplica: CEO and Chief Engineer, Hermeus

Larry SchneiderChief Engineer, Commercial Aircraft Division, Boeing Co.

Chris Singer: CEO/Consultant, LETC LLC, Retired Chief Engineer, NASA Mar-

shall, Spacecraft Design

The subjects represented in this group are across government entities, NASA, to large
private contractors and developers, Boeing Co. and Lockheed Martin. Another important
perspective is included, from the private start-up, Hermeus, to provide a unique insight
from both the novel complex vehicle design as well as start up or young developers outside
of the traditional defense or commercial contractor groups.

Due to the length and breadth of information discussed, only the information that is
most pertinent to the questions to support characterizing conclusions about margin alloca-
tion will be presented in this chapter.

The format which the interviews will be presented by introducing themes or trends
through quotes, and then assessing similarities or comparing them to make observations.
Each quote will be presented with their respective source's name, this is meant to provide
context for the perspectives or assumptions that come from the areas of the industry each
interviewee has experienced. Each question will have observations to summarize the trends
and conclusions, from which the end of this chapter will synthesize and select a baseline

approach, and nally identify gaps in the selected baseline.

2.2 Question 1: Margin Ownership

Design margin allocation is primarily written as a high-level risk management tool, typ-

ically within the systems engineering discipline and allocated to the subsystems across
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each discipline that impacts those margins. Margin allocation during early design phases
is widely documented as reliant on disciplinary designers or expert judgement, the role
of decision-maker is typically de ned as systems engineering but is more nuanced when
dealing with the contributions of available knowledge or information under to navigate
uncertainty.

This rst question aims to identify who plays a signi cant part in determining whether
allocation is set as a standard proportion from a reference book, allocated more speci cally
to account for identi ed uncertainties, or investigate how a program or designer might act
differently. The interview question around this topic is aské¢ho typically owns the
margin allocation and management?

Chosen to provide a better understanding of how different entities and programs hold
margin ownership, which will also highlight the tools at their disposal at that time. This
guestion also aimed to clarify the relationship between those who govern margins and the
documented reliance on SMEs for judgement calls. The answers to this question outline a
few structural setups that are de ned by the size of the program, type of vehicle or mission,
and how new or novel aspects of a vehicle design are bench-marked.

The most traditional structure, in line with a majority of aerospace systems engineering
documentation, followed Chris Singer and AJ Piplica's experiences. Singer presented a
perspective of working with the larger space programs at NASA Marshall Space Flight
Center, and Piplica presenting his experiences in developing a novel supersonic transport
aircraft with the startup Hermeus.

The structure represented re ects a systems-level discipline owning the margins, with
the responsibility of tracking and formally updating the allocations across the disciplines.
In their cases, the primary decision-makers are collaborative systems-level owners and dis-
ciplinary chief engineers, occasionally involving lower-level disciplinary SMEs. Singer
re ected upon his experiences and how their program in the NASA organization is a very

chief engineer-driven communityWith very strong engineering competency, the programs
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looked to engineering for guidance and recognizing there's more than a technical perfec-
tion needed.The reasoning behind the emphasis on collaboration was presented by Singer
as an approach to incorporate a more holistic solution, enabled through this process, one
that considers not just the technical side but the entire feasibility of the progrEmey “

want engineering to bring a solution that meets cost, schedule, technical, and all of those
requirements.

In a similar conclusion, but providing a different reasoning for the structure, Piplica
spoke on how the structure of the organization plays a rdlee‘more vertically integrated
organizations are, the more uid you can be in that allocation, easier it is to trade across
subsystems. So, for very multidisciplinary things, like supersonic aircraft, it's incredibly
important to own all of that at the at the top leveRiplica re ected on the importance to
hold ownership at the systems engineering level to track and control the wider margin that
is affected by lower-level disciplinesBeing really careful about kind of too much margin
being carried at lower levels, engineers want what they're doing to work, so they always
carry pocket margin in different waysSinger and Piplica's experiences highlight applied
examples of large and small programs, government entity and start up, with the programs
governing margins on the systems engineering discipline but actively collaborating with
chief engineers or disciplinary experts for logical assessments where needed.

Nick Borer shared experiences from both his time as a systems engineer within Draper
as well as a technical lead in the X-57 program at NASA Langley. One anecdote from
his position at Draper represents a very different example of margin development. In this
experience with this smaller program, Borer shared that the margin was solely developed
and owned on the systems engineering level. Borer re ects on the nature of his role having
a reliability analysis focus for the design, he was in charge of margins as Wweigs‘in a
systems engineering role, developing a fault-tolerant design and also tracking the vehicle
avionics requirements. Since | was responsible for the reliability analysis, the reliability

margins were held by nieWith Draper representing a much smaller organization, but still
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well established as a subcontractor in the aerospace industry, the systems engineering role
is similar to those as seen in Piplica's experience. Echoing the sentiments by Piplica, Borer
re ected on the importance of managing cross disciplinary boundaries on the system-level
which has more control to limit losses across the interconnected pieces.

Borer mentioned a more unique example of a program decision-making structure for
margin ownership on the X-57 aircraft program. He shared how the program is struc-
turally set up with disciplinary vehicle teams, typically governing their own margins and
constraints but with the exception for highly multidisciplinary performance metrics (e.g.,
mass). In this unique vehicle program, Borer shared how the vehicle mass and margins
are owned separately than the structural disciplinary design tebmgut structure, we
have integrated product teams (IPTs); | was part of the Performance and Sizing integrated
product team, and there were many others, such as the Vehicle IPT. The Vehicle team was
a catchall for the integration of all of the vehicle systems, so they tracked the vehicle mass.
They kept a master CAD model, and because of this, they could have mass properties asso-
ciated with all of the vehicle elements, and they had a mass manager to track Raér
clari ed the requirements values themselves were coming from chief engineer or vehicle
teams, but the ownership for this mass margin was maintained by the mass manager who
works with the integrated product teams to maintain compliance across all the teams.

Larry Schneider presented a different type of experience, working as a Chief Engineer
for numerous commercial aircraft design programs at Boeing. Schneider's experience re-
ects a different organizational structure, sharing how the programs he has worked on are
evolutionary and built upon data from vehicles that have been in service for decades. Ac-
cess to historical design methods, design blueprints, and benchmarks acts as a resource in
establishing the vehicle foundation. Schneider explained how commercial programs have
a series of design handbooks for each disciplinary organization within the vehicle develop-
ment program; It's the chief engineers job is to ensure that the criteria are being folldwed

In his experiences with this program, chief engineers take the foundation given from the
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historical vehicle and begin assessing the disciplinary assumptions to meet the new needs.
In his observations, the decades of development and design established a margin starting
point which was less often changed at this rst step.

Schneider re ected on a few examples of how chief engineers must assess the allocated
criteria from the handbooks. In his example, he shared how the structural subsystem has
the most lengthy design handbook, and a major component is regarding loading conditions.
Providing a more detailed example from this handbook on how the design loading criteria
for commercial airplanes is affected by the g-force on earBwor ‘airplanes, you have
limit load and ultimate load conditions. You knofg's 2:5 g's combined with certain
conditions, asking what's the center of gravity of the airplane? What's the fuel state, or are
the wings full of fuel or empty? Because on an airplane, when you're pulling g's, if there's
fuel in the wings, that has a load relief bene t, and the weight of the fuel down actually
unloads the aerodynamic lift on the wings, which is pushing the wings up. So, you have
a counteracting bene t when you start combining conditions, and that's where things get
really interesting:

The approach to starting with extensive historical data and design criteria changes the
sequence of events in the design process and the embedded uncertainties. In Schneider's
experience, the focus is on logically assessing the impacts of changes to the assumptions
rather than focus on selecting margins to account for uncertainties.

In the experiences shared by Schneider, margins were set by the program and applied
by the chief engineer with new designs or new technology, but the collaborative nature with
disciplinarians focused on meeting the criteria set forth with changes to the design, perfor-
mance, or technology. The use of handbooks and reference manuals is similar to the NASA
programs represented by Singer, but in his experiences it was clear that the NASA hand-
books are often more about safety standards or speci cations used as a primary reference
point because designs are rarely consistent from one to the next. The two interviews which

contained experiences with smaller and novel vehicles, from Piplica and Borer, margins
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are a decision-making process to account for uncertainties. In the latter cases, both shared
examples where the governance sits with the systems engineering discipline to remain in
control of complexities but the valuation had to come from somewhere else.

The sentiment of reliance on chief engineers and experts for guidance is consistent
across all the interviews, and con rms in more detail what is referenced the documenta-
tion. From the perspectives presented, the structure of the organization or program can
have an impact on when chief engineers and SMEs are integrated in the margin allocation
discussion. The different structures demonstrate scenarios where expertise is embedded at
the top of the allocation decision-making, brought in for speci c components, or provide
iterative updates to the allocations made by the systems engineering discipline. The un-
derstanding from these interviews is that the ownership is most often maintained on the
systems-level or with the chief engineer, but the values come from a variation of sources.
With these conclusions from question one, an observation can be made about the impact of

the ownership structure:

Observation 2.1

While each approach follows a similar holistic integration of expertise, margin deci-
sions are dependent on the available resources and uncertainties in the design. Avail-
able information and components of novelty impact how disciplinary experts pre

sourced, both in the de nition of performance criteria and in margin allocations

2.3 Questions 2 & 3: Value Selection and Allocation

In the process of requirements and margin allocation, the selection of the proportional
amount of reserve is determined to account for the acknowledged uncertainties. Experts re-
main highly agile in their ability to predict risks or problems in the design process to inform
decisions, but it has been repeatedly stated that the historical data and industry standards

require intervention to account for new components of the design or novel technologies.
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The disciplinarians, chief engineers, and systems engineers represented in these in-
terviews have different resources at their disposal and so means their experiences with
selecting and allocating margins varies as well. The questions that will be addressed in
this section were selected to gain insight into how decisions are made under uncertainty,
aimed at identifying any differences in disciplines or subsystem margins as well as choos-
ing numerical values. Questions two and three askeldw are the margins allocated to
different groups?” and “How are the numbers or amounts chosen, are there predeter-
mined targets or is this a case-by-case basis?

These two questions target slightly different aspects of the decision-making process, the
rst for navigating uncertainties across the multidisciplinary system and the second towards
uncertainties in valuation. The interviewees provide insight into whether they use internal
standards or industry standards, how they are applied to new designs or novel technologies,
and alternative methods to the standards themselves. The answers to these questions follow
a few different trends, categorized as the use of standards or handbooks and those which

use disciplinary expertise and engineering principles.

2.3.1 StandardsBaselinespr Handbooks

The most consistent approach starts from a baseline vehicle standard, using internal pro-
gram handbooks from historical vehicles, or utilizing generalized industry standards devel-
oped over time.

While all four interviewees presented use of standards for some or all of the design,
the main difference is between the larger and well established vehicle programs compared
to more novel designs. In the interviews with Chris Singer and Larry Schneider, their
programs and companies have immense historical experiences that have led to handbooks
which establish a baseline for most processes, and benchmark for decisions. Whether its a
design constraint, a load, or margin proportion, the starting point was the same but appli-

cability was dependent on the vehicle.
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Schneider re ects on an important, yet common, experience with designing around
standardized constraint values in more traditionally understood design conditions. His
experience involves hard constraints, which are allocated to disciplinarians, and how the
designs returned were failing to meet the applied margins. This demonstrates the logical
thought process that becomes a natural way of thinking with more experiehgauhg
engineer came to me and said, We have this critical load condition at 42,000 feet, which
was the maximum altitude of the airplane. And | said, OK, what are the load conditions
at 42,000 feet? It's at Max Takeoff Gross Weight and sitting at the forward CG limit of the
airplane with Max fuel load.

In this rst part of the excerpt, Schneider identi ed the problem quickly being that the
condition was failing because it was assessing cruising conditions for takeoff weight con-
guration and loads. Two important conditions, but in walking through the steps with the
disciplinary engineer of how to logically assess what might be causing issues, he inquired;
“So | would say, how did the airplane get to 42,000 feet? Did it use any fuel as it ew
from the ground to 42,000 feet? How muthid examining these assumptions, Schnei-
der points out the vehicle likely burned thousands of pounds of fuel to go from sea level to
42, 000feet, and this con guration likely returns the Center of Gravity aft to assess whether
it actually meets the constraint within the margin.

For seasoned designers, or conceptual aircraft design researchers, this anecdote could
seem more of a trivial concept. Instead, it is being interpreted as a valuable data point with
regards to how experience-driven logic, previously mentioned by Singer and Schneider
in Section 2.2, is applied. The experience highlights the importance of decision-making
around conditional constraints, even with given standards or handbooks. This is crucial
in the process of margin allocation because a lot of conditions have different risks, or
uncertainties, and not all constraints will be considered an extreme or limiting condition.
Instead, the ability to assess different conditions is important to the process.

The sentiment is similarly re ected in the interview with Singer, speaking from the use
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of design handbooks that act as strict lines for decision-makiit'g;really experiential-
based; we've got our documents and standards, military specs, and all that is like the Bible
to be delta'd off of. We will delta, for example, the composites because we're learning to
use them in different ways. But then, if people don't have con dence, it's going to get a
2.0-factor safety, that's all.

A very similar example was shared by Schneider, when considering how their program
designs to the ultimate design load3§;he assumption is that an airplane is going to y
2:5¢g's at some point in its life, but very few airplanes ever get to the ultimate load in their
lifetime. They just don't. But we still design the whole eet to 2.5 g's with a 1.5 safety
factor”

Within these experiences exists a theme of collaboration between system-level decision-
makers and chief engineers or disciplinarians, while maintaining compliance with provided
standards. The recognition of assumptions or historical bias applied to standards enables
decisions to be made to meet the new design criteria or conditions. While standards are
there from historical data, they also include previous failures in the industry, which embeds
conservatism in requirements and margins to prevent past failures from repeating. The
concerns related to conservatism and inherent risk aversion will be further addressed in the
nal questions, sharing insights into decision-making and navigating uncertainties around
the circumstances of that program.

Novel or innovative programs presented by Borer and Piplica reference working with a
different form of standards and baseline margins. From their experiences, both Piplica and
Borer shared how their novel vehicles were not well represented in standards, but given
their aviation and aircraft design structures, there was value in starting at some baseline
design. Borer and Piplica cite how they had to navigate any assumptions or limitations for
those references by implementing iteration throughout the program life cycle, while apply-
ing aircraft design standards presented by governing documents from American Institution

of Aeronautics and Astronautics (AlIAA), or preliminary sizing equations in Raymer [44].
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Borer spoke on building the baseline weight and mass distribution for the X-57 pro-
gram; ‘1 created the initial vehicle mass budget when we rst sized the vehicle from a
calibrated set of Raymer weight equations and some engineering estimates for the systems
that weren'tin the book.In this scenario, the weight equations act as preliminary estimates
where the mass budget ties into the margins. When talking about the baseline budget, Borer
explained a more iterative process throughout the life cycle of the X-57, which is re ective
of more traditional aircraft design process.

With the development of the Quarterhorse vehicle, Piplica's experience at Hermeus is
closer to that of the X-57 given the size and novelty of the program. Building onto Piplica's
sentiment about vertically integrated requirements allocation, he re ects on how specic
aspects of mass that drive decisions aprinkled in with some of your AIAA standards
for mass and power margins. You know, they don't write those for hypersonic aircraft,
they write for satellites and launch vehicles. But the margin is all about creating currency,
which is mostly mass, as the currency of the realm. Like how power becomes mass at some

point, cooling becomes power, which becomes mass.

Piplica acknowledges the unique challenge of working from standards for a novel ve-
hicle problem, including the cascading effects of mass, pointing out the problem of risks
caused by uncertainty, that must be solved differently based on the progvamhave
this currency, you now have a resource that you can use to solve problems, just as cost,
risk, and schedule are on the programmatic side. But if you give yourself too much, then
you won't be able to close the system at all. There are going to be places where you take
risks, sometimes technology risk, sometimes it's execution risk-being able to deliver on a
particular propulsion parameter that you know you can get to and test before you go v,
and you can burn that down in the aerodynamics or others. Compared to things that you
can't touch, you won't actually know until you go y. And those are the ones where it's

harder to give up margin.
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The two anecdotes from Borer and Piplica highlight the nature of novel development
and trading off risks differently than other programs, as well as being able to take on more
risk up front and rely on testing or implementation faster to set up data for operational
baselines. The rst set of anecdotes, by Singer and Schneider, re ect examples of setting up
a design from the formulaic handbooks and then trading the designs to meet new operations
or building up rationale for the novel technologies. Every approach has been different but
have the same aim, setting up the system to be able to y, or launch, by allocating large
enough margin to the disciplines up front and trading off mass or other performance metrics
as a mitigation technique down the line. While the use of standards are most effective
when the vehicle application is equivalent or similar, there are a few different approaches
explained by Borer and Piplica in approaches their programs have had to take to address

unique design characteristics or technology development.

Observation 2.2

The application of standards or use of design handbooks are dependent on access and
application, and in cases where translation for novel concept development is done,

there are associated logical intervention and iterative design techniques needed.

Historical design and expertise is what has led to decades of successful decisions, es-
pecially those from lessons learned. As missions and technologies continue to evolve, the
risk averse paradigm and ever increasing unknowns can drive the industry towards practices

where supporting data or objective substantiation is needed to adapt to innovative designs.

2.3.2 EngineeringPrinciplesandExpertJudgement

When it comes to more unique or modular approaches to margin allocation, there are a
few anecdotes that demonstrate more integration of experts and disciplinary methods early
on. A few of the approaches from a smaller program highlights how there is a different

accessibility to experts up front for logical decomposition or number estimations because
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of either the structure of the company or the makeup of the leadership. The larger programs
naturally require larger systems engineering and disciplinary engineering group hierarchies
to manage the breadth of the program, including periodic branch dives to gain insight about
highly uncertain areas from the SMEs.

An example of the iterative nature of how decisions were made in the early phases of

development at Hermeus demonstrates how standards used up front must be logically as-
sessed and can have room for augmentation. Piplica shétrisstdoted in rst principles.
If an engineer has a reason—Ilike a rst principles, physics reason—to say we actually
should be carrying this margin and | don't care what other subsystems are doing. Saying
this is what is necessary here, and this is why, there's a pretty good shot at winning that
argument. It's much harder to do that from a judgmental perspective. So, you really gotta
have the numbers to back it up, and again, it kind of goes back to knowing your System.

The process presented, where disciplinarians have the opportunity to defend a more
feasible position very early on, is not necessarily unique, but this timing in the design pro-
cess is observed less frequently in the documentation or with larger programs. The ability
to query experts or engage them in the process early can be seen as the middle ground be-
tween top-down and bottom-up methods, which was common with the experiences Schnei-
der shared during the conceptual design phase.

The inclusion of experts and traditional engineering principles up front is more gener-
ically referred to as SME judgement, but the experiences shared include much more back
and forth than point estimation. On the more traditional aerospace program side, Schnei-
der shared an explicit example demonstrating the concepts Piplica shared, but addressing
constraints. The experience relates to over-design of an aircraft wing to meet roll rate load-
ing constraints, Schneider explaind)é said, Does the airplane really need to roll that
fast? For the Boeing handling qualities criteria, the team came back and said, instead of
30 degrees per second, we think 25 degrees per second is a good enough roll rate. So, we

decided to change the control laws to limit the airplane’s roll with already to 25 instead of
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30. And we eliminated that critical fuel load condition on the upper wing panel because
now it's a condition where the airplane can't get to tHafThe outcome of this process

is the crucial aspect of trusting a disciplinary teams to provide substantiated assessments,
with which they logically argue the design-to values to a more effective design. Compar-
ing the two examples, Piplica's comment does not necessarily solely refer to the margin
assessment but re ects the coupled nature of performance constraints and margins. From

these experiences, an observation can be made:

Observation 2.3

The integration of engineering principles and expertise early in the constraint and
margin allocation phase is used as an iterative process where uncertainties driye di-
vergence from the standards. Utilizing a more open feed-back approach to build

upon the standardized allocations is considered a good design practice.

This observation highlights how the different programs weren't necessarily driving for
changes, but with trust in experience and reasoning, they integrated engineering principles
to adapt margins and constraints to meet the conditions more effectively. What can be
drawn from the presence of all the interviewees use of standards in some fashion is that
many programs build their margin allocation from a static allocation, whether handbook or
industry standard, but also require expert informed adjustments to properly apply them to

their unique design problem.

2.3.3 Risk-BasedAssessments

An alternative of direct engineering principle and design expertise integration, Borer's ex-
periences working on a novel concept demonstrate the use of experience and technical
understanding to make risk assessments for margins. Borer previously mentioned use of
standards, some which de ne preliminary targets which may include preliminary estimates

of a 5% empty weight margin, but the process for their team'’s entire vehicle margin allo-
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cation was more based on risk of the design or maturity of the componafketrifeated a
weight and balance spreadsheet and looked at the maturity levels of each of the compo-
nents. So the as-built things have a margin allocation of zero. If it's built, I've weighed it,
and it's on the airplane, and it grows in weight, we have problems, reduces in weight, we
also have problems. We basically assigned margin to the components based on their level
of maturity. Asking: Had it been through a CDR, and did we get a pretty con dent CAD
model of that part? Then it might get 5%. | think we had some systems that went up to a
20% margin in the weight and balance spreadskieet.

The use of continuous updates and tracking of the margin through risk or iterated de-
sign de nition is a similar method to that in the continuous risk management process. Borer
continues to explain how the phases of design are also helpful guides for this maturation;
“We used a risk factor as a multiplier on our weight estimates in our weight budget. The
risk factor is the relative margin plus one. Based on detailed design models and proto-
types, the risk factor is 1.05, the conceptual design estimate is 1.1, and the engineering
estimate is 1.2. In these examples, maturity or risks associated with technologies are
more quanti able through metrics such as demonstrated Technology Readiness Levels, but
a phase-based deliverable acts as con dence based check point.

The application of risk-based ranking or uncertainty assessments for unde ned designs
and immature phases of technology development demonstrates an alternative to those of
the AIAA standards. The approach re ects similar practices to those of risk informed
decision-making and critical risk management processes from Section 1.4.2. The selection
of incremental percentages of margin (5%, 10%, 20%) based on where the information
came also includes the assigned level of risk and uncertainty. The valuations demonstrate
how a novel program might navigate having limited resources, and instead tailor margins
from existing knowledge and the detailed technical information on hand. From these ex-
amples, the bene ts included a traceable process that can be updated and referenced as the

design comes together.
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Borer also provided a more explicit scenario of how this process was approached to
navigate speci c uncertainties present in early design of the X-57. He relays the allocation
of aerodynamic force margins, and how often there are standards for different types of drag
from which he provides an alternative approach. The terms referred to in this excerpt are

de ned as:CDy: zero lift drag, D: drag force, CD: drag coef cient, q: dynamic pressure.

* “One that | fought very hard for was drag margin. First, when estimating the drag
of the aircraft, | included the D/q margin, so nG®Do, but D/q. Especially when
you're doing early conceptual design, the wing area is changing. That's why I think
it's very dangerous to us€ Do margin because a xed margin on the drag coef cient
results in different dimensional drag values if the wing reference area changes, and

the reference area is changing in early design studies.

» “| added half a square foot of D/q margin because it's dimensional and a quantity
that can be understood in conceptual design. The drag coef cient of a at plate is
about one, so it's pretty easy to conceptualize the impact of sticking a half-square-

foot at plate into the ow”

Borer explained considering the selection of certain margins based on how different
types of drag in uenced the design-to reference points. The approach demonstrates pri-
oritizing the expected changing con guration, rather than a more standard xed value, to
inform decisions around aerodynamic uncertainties. With uncertain design components
(wing area), Borer explained the selection was driven to be a more tangible allocation, de-
signed to hedge out enough space for variability and informing designers of the assumed
uncertainty.

The presented alternatives to standardized allocation have different exercises to gather
information and inform decisions. Often these methods use engineering principles or exper-
tise to de ne a benchmark, while considering the critical conditions necessary to envelope

the design uncertainties. This concept is seen as important in most approaches, as brie y
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explained by Schneider in this procesks‘a probability of conditions. A combination of
conditions is the way | think about’itThis concept aligns with the trades for risks or un-
certainty, demonstrated with the examples presented by Schneider in addressing fuel mass
loads for takeoff versus cruise conditions, and with Borer's examples for risk weights and

selection of uncertainty drivers. The trends can be summarized by an observation:

Observation 2.4

Where standards and baselines are less translatable, approaches to margin allgcation
are demonstrated through assessments of risk or uncertainty and decomposing the
problem from the lens of conditional needs for each disciplinary design or design

scenario.

Whether in a design, technology maturity, or environment, the presented approaches
trade off what is not known and continuously assess the state of the design to track expected
burn down. The trends of starting with a handbook or industry standard for a baseline is
more common as a starting point, but it was acknowledged that iteration occurs where more
risk and uncertainty is present with new designs or novel technologies.

The margin allocation approaches reviewed in this section created a small window into
how the valuation occurs within the complex vehicle design process. The last aspect of this
survey is to identify how the industry navigates uncertainties, and with a few references to
navigating uncertainty and risk, many of the following experiences will be continuations as

they address the experiences with decision-making in the next section.

2.4 Questions 4 & 5: Management and Uncertainty

In the previous questions the various topics covered lay the foundation for a set of guide-
lines or different approaches to selecting margin values, allocating or trading off the amounts
based on the critical factors for that program. This nal question aims to understand how

the different designers and companies manage uncertainty, given the very real presence at
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the start of each vehicle program. The gquestions asked Wéid are the major areas
of uncertainty? andHow have you seen margins managed across the design evolution
and is there a transparency with the margins?

Given the different approaches between the programs and companies, quite a breadth
of topics were covered under the area of uncertainty and margin management. The primary
themes that will help identify areas for improvement will be around the decision-making
and management of uncertainty. The latter will presented under the most consistent issue
with management of uncertainty, rooted in navigating a risk averse industry and individual

conservatism.

2.4.1 NavigatingUncertainty

With the acknowledged uncertainties present in the design programs, they all experienced
uncertainty differently. Schneider presented the approach previously mentioned, with inte-
grating expertise and logical assessments to appropriately adjust the design criteria. Borer
re ected on the application of risk and maturity based ranking, to embed uncertainties in
the margins up front. Along with these two examples are a few more high-level experiences
shared that highlight how uncertainties must be navigated.

Piplicare ected on the development of their vehicle with wide amounts of new technol-
ogy and innovative design applications that aren't re ected in standards. In his assessment,
Piplca shares considerations for prioritizing decisions based on the uncertainty and risk
associated with the designThere are things you can't test that may drive you to margin
something more. There are also decisions that you have to make early in a program that
are very dif cult to go back from. Like, if you're using things that aren't custom designs,
you've selected a particular subsystem, engine, or whatever. For a rocket, you pick a rocket
engine design, so you now use these fuels; you can't change that. You've probably picked a
diameter, and that's very hard to change because there's a lot of downstream stuff, tooling,

and so forth. So, those are things that you set. And now, when you set that, there's a max-
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imum growth rate that this vehicle can have for air launches because there's a propulsion
constraint and a carry constrairit.

Piplica's example is somewhat similar to the risk- or maturity-valued process mentioned
by Borer. In a slightly different way, navigating uncertainties in this example re ect the
iteration and down-selection of technical aspects that their program has control over and can
X. Otherwise, the approach weigh the risks and design uncertainties against the existing
information. Many risks are absorbed early on to make progress towards the conceptual
design phase, where both Piplica and Borer explained testing comes as a needed component
in vehicle iteration to identify areas that were overlooked.

Borer re ected on this as an implemented lesson learned, with the consideration of
thermal margins. In their original plan, the different standards vary based on the reference
atmosphere and standard temperature speci cations, with additions of heuristics to adjust
for derated power of components. Borer sharalle“had a lot of electrical components
that did not close when we analyzed them for hot day conditions. We didn't initially design
with adequate thermal margins and designed to optimistic values of electrical ef ciency.
The thermal situation only got worse when the as-built system had lower ef ciency than
planned, generating more heaBorer explained that the identi ed issues with the thermal
environment required augmentations to their margin plan for the next iteration of the vehi-
cle. Borer explained how new standards to inform an adjusted approach helped set more
effective estimates that impact the performance of the vehicle.

Another anecdote shared by Singer re ects a similar lesson learned about operating
around standards. Singer shared how an important set of uncertainties with respect to inter-
facing of subsystems and components, which are commonly unrealized until integration of
the vehicles. Singer highlights the interfaces between the tank and the pump for the rocket;
“At that interface between them, a huge amount of margin can get lost if just those two
components live at that interface right there. They will both hold onto a bunch of margin,

and they won't make the right trades to think through what would actually be the best solu-
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tion.” Explaining how a common experience is to see designs with excess margin carried
because of the interface between two subsystems or components, inadvertently leading to
over design.
In his experience, Interface Control Documents (ICDs) are well de ned by designers,

but carrying out the design to expect a normal burn is more dif cult because the interface

is treated as a hard line rather than a cooperative dependency. The experience shared by
Singer is both about compartmentalized design and navigating uncertainty collectively, but
this example also re ects relative issues with conservatism in the design process. The
different uncertainties addressed in this section re ect decision-making methods, specic
lessons learned, or problem areas within the control of margins. From these anecdotes, an

observation can be made:

Observation 2.5

Where design of innovative vehicles forces the process to operate with minimal fata
to burn down uncertainty up front, programs must weigh design decisions and tech-
nical assumptions to enable de nition but can carry less margin and experience a

test-fail- x learning process.

While margin allocation aims to account for uncertainties across the system, it is also
clear that lower-level subsystem and component design is stillimpacted by cross-disciplinary
dependencies that are not necessarily managed by the allocation of margin but instead the
communication of margin. These experiences in navigating different aspects of uncertainty,
early on in as lessons learned, the nal concept that impacts a majority of programs is con-

servatism and risk aversion.

2.4.2 ManagemenandCulturalRisk Aversion

One of the key characteristics mentioned in multiple interviews relates to how different

programs have the ability to take on risks differently, which impacts the allocation margin
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or and design iteration. The themes presented are based on the culture, program fund-
ing, and internal conservative decision-making biases of the engineers there are some risks
programs can take where others cannot.

Singer re ects about how the cultural impacts of taking on past failures, such as the
Apollo 1 Fire, have changed the operations over time. Singer's experiences demonstrate
how risk aversion also impacts program cost and schedWat has happened over the
years is that we have tried to become perfect on the rst try. Which means we are going to
polish and test and do this; | mean, we will kick the can. By the PDR, it has to be perfect;
we'll delay it two months, then this stuff will drag out timelines. Our programs take two to
four times longer than they did 30 years ago. Even though we've created all of these new
tools. So learn how to fail fast, fail fast, learn fast, and get on with it.

Singer explained how the risk averse nature can slow the integration of innovative meth-
ods including composites and additive manufacturing. The experiences of widely public
accidents or failures are woven tightly into the documents, and necessitates a lot of sub-
stantiation to present variation. Singer re ected that internal and contractors with NASA
have to meet a high bar to lean into new technologies or desi@wttihg to breakthrough
the core discipline expertise is the hard part. They have to trust that you understand what
you're doing. So, getting them to let you change the margin, you can tell them all you want
- I've got the risk, I'll take the risk - but they won't allow you to take the risk unless they
trust you to understand what you're doing and the potential consequénces.

The cultural similarities between the Boeing and NASA program remain, and where
the differentiation occurs is the proximity to designers as a chief engineer, versus systems
engineering. Schneider shared a similar anecdote, about assessing the assumptions for stall
speeds between wind tunnel and the real world, where some level of conservatism is eshed
out and leaves excess margin for the chief engineer to allocate lateFlomchief engineer
might choose to keep some of that margin in their pocket rather than design the whole

airplane to it”
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An example of how cultural conservatism can become more deeply embedded in the
design process and affect valuation selection was shared by Borer, who re ected on the
experiences previously presented with respect to decision-making for aerodynamic drag
margins. In this anecdote, Borer explained, the selection of margin was not just about
navigating the known uncertainty of the design changes but to manage conservatism across
the speci c designers.

This relates to another experience shared by Borer, re ecting on the previously intro-
duced anecdote about the aerodynamic margin allocation. The outcome of his approach
to select certain drag components with speci ¢ models necessitated interventions to trim
down conservatism in the other aerodynamic margins, by using certain assumptions or de-
signing for less extreme conditions. The example presented had more detailed aerodynamic
analysis and terminology, and to limit need to explain more detailed aerodynamic analy-
sis for this reference, the themes of the experience will be presented. Borer explained the
tradeoff between reducing conservatism in the wing design due to the use of turbulent ow
assumptions (i.e., chaotic and irregular ow), rather than making laminar ow assumptions
(i.e., smooth and steady ow) or using transition ow models. Borer explained how the
preference or traditional approach is to use turbulent ow because its easier for the teams
to design with those extreme assumptions, and more trusted because it uses high- delity
CFD analysis. This assumption meant little could be done about embedded conservatism
because the models are already accounting for more extreme conditions than the actual
airfoil, de ned by a laminar ow airfoil. This example meant the team had to navigate
disciplinary designer preferences to employ a more low- delity approach with coef cients
and transition models.

Borer's experience demonstrates how conservatism affects valuation in a ripple effect.
In the experience where margins were kept at higher systems engineering discipline, mar-
gins were allocated to the disciplinary design components by accounting for the expected

variability ahead of time but also required the lower-level disciplines to adapt for less con-
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servatism in their assumptions. In this experience, Borer acknowledged the hesitancy to
trim away conservatism, but was able to see the integration of the transition assumptions
used eventually, and in their case, af rmed the performance trends by remaining within the
design envelope.

Piplica re ects on these exact dif culties between government contractors and large
private entities where the industry has moved into a highly risk averse state. Relating the
a similar observation made by Singer, comparing the lack of ability to fail early and fast,
then iterate, in fear of losing stakeholder investment or faithg‘difference is that now we
have all these computational tools that can help you iterate hardware faster. The trick is
not getting so tied up in the analysis that it keeps you from making decisions and building
things. There's always more analysis. There's always more uncertainty you could buy
down...It's like you will never understand your system better than when it's actually in the
real world And then operating. Accept that the rst few are probably not going to work the
way you expect.

The theme that risk aversion has an impact on the ability to investigate complexities
and dependencies to burn away uncertainty early in the process emerges through these
anecdotes. The conservatism and isolated design process drives a similar lesson learned
from the Space Transportation System (STS) program documentation by NASA [8, 16],
where the lack of communication and compartmentalized design were sources of risk that
could break down the process until integration.

Schneider re ected on the repercussions of a non-transparent process, from his early
career experiences re ecting chief engineering decisions to retain margin rather than com-
municate them. In moving through different roles throughout his career, Schneider ac-
knowledged the improvements he saw by remaining open about mavgimat‘will happen
if you don't tell them what the margins are is that they'll use their own margins or safety
factors, and that is unhealthy. You'll get conservatism built into the design that you don't

really want. So, a healthier approach | always found was to release the margins document
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and tell everybody how much margin you have in each of the areas that are structural sizing
conditions so that they have some con dence that you're not designing to a zero rhargin.

Schneider acknowledged the trend of pocket margin often comes from a widely felt
fear among engineers that the design and analysis would occur and then one would end
up with a result that had no margin left. Similar observations were made by Piplica and
Singer, in acknowledging a lack of communication has the possibility to contribute to the
risk averse culture. While Schneider had demonstrated a clear approach that worked for
his program, Singer re ected on the dif culties in implementing new processes on top of
communication to limit risk aversion, but was not necessarily a simple task.

Among the different interviews, the communication about margins or trades for base-
line requirements seems more consistent, but was recognized as new paradigm and not
the existing industry standard. As the different perspectives have shown very unique ap-
proaches to navigating uncertainty and risk, the trends are clear that the a culture which
causes conservatism can be embedded from high-level management and systems engineer-
ing down to the branches of disciplinarians. One of the nal observations in how else to
navigate decision-making paralysis or conservatism was through substantiated information.

Schneider provided an observation in addressing the issues he's experienced navigating
lower-level design uncertaintiestt’s about understanding the uncertainty, and then how
do | deal with it in my design process? Giving them the tools to deal with uncertainty is
really an enabling situation for them, because now they can enable themselves to maybe
take a little more risk because they have a better understanding of where their uncertainties
are and what are the likelihood of those being inaccurate.

Schneider's observation was also echoed by Singer, in the need to bring con dence to
decisions to reduce conservatism. From the use of open and transparent margins to creat-
ing exibility in failure or expectations, the management side of handling conservatism and
risk avoidance is harder to address in this research. The use of standards, lower-order meth-

ods, and tools to understand uncertainty are more quantitative approaches that can be built
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upon. The limitations that have been addressed support the conclusions made in Chapter 1,
the application of lower-order tools or quantitative uncertainty methods require access to
M&S, which has yet to become a standard in early requirements decomposition phases of
design. The use of standards is the most common approach, but have been acknowledged
to have assumptions, or apply to certain disciplines or vehicles, and through engineering
principles or disciplinary expert judgment are adapted for purpose. While these standards
and integration of tools have been shown for different cases after allocation, the quantita-
tive support remains a reach goal for early decision-making. A gap begins to form around
the access to trusted quantitative tools and information about uncertainty that are simple
enough for earlier phases of design, and applicable to novel vehicle design problems. The

conclusions made in this section drive the following observations:

» Obs 2.7: Historical experiences and high-volatility of political uncertainty has
led to a large portion of the aerospace vehicle design industry to operate within

a risk averse culture, with an inherently conservative mindset towards desjgn.

* Obs 2.8: Programs with the cultural and nancial exibility to burn down
uncertainties through the test-fail- x mentality earlier in the vehicle design
process have demonstrated a more iterative process to margins that increases

the rate of learning.

» Obs 2.9: Managing embedded conservatism due to uncertainties through more
open communication and transparency can enable designers to design|with

more con dence with respect to their proximity to the relative do-not-exceed

lines.

The experiences demonstrate different approaches for the process of margin allocation

and uncertainty management. Among the interviews, numerous aspirations were acknow!-
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edged in how the process could be more effective if there were ways to increase con dence
and reduce relative conservatism, using more quantitative methods in how margins are se-
lected early on, and taking early steps to investigate performance assumptions and reduce
lower-level disciplinarian pocket margins. From these existing approaches and goals, two

main observations can be drawn around the gaps in the existing process:

* Obs 2.10: There is limited understanding of uncertainty or quantitative ap-

proach to inform uncertainties existing in the margin allocation process

* Obs 2.11: Accessible quantitative or substantiated methods to inform deci-

sions are crucial tool for enabling decision-making, but remain isolated to later

phases of design or at lower-levels of the disciplinary hierarchy.

Detailing the different approaches to margin allocation and decision-making was the
predominant focus of this survey, but the insights into navigating uncertainty have high-
lighted a few important areas for improvement. The following section will summarize the
methods presented, and synthesize the observations made throughout this survey to support

assessment of industry gaps.

2.5 Interview Synthesis and Observations

Interviewing subject matter experts from this broad eld was not only informative but also
enjoyable. These interviews demonstrated many different view points, experiences, and
personal observations from being in a eld that has evolved so much over the last few
decades. Even when perspectives or experiences aligned, there was always a nuance to
how something was handled due to the uniqueness of the program or vehicle they worked
on.

The observations made highlight a few critical trends, and many more unique qualities.

Observation 2.2 re ects a consistent trend of applying margin allocation standards, which
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is in accordance with the literature. With that, Observation 2.3 and 2.4 acknowledged
the process of augmenting standards by integrating risk or engineering principles. The
presented experiences of re-evaluating uncertain components of the design demonstrated an
important intervention that is not well captured by the literature. In cases where handbooks
and internal program standards de ne the program risks up front, critical expert judgement
was still necessary and used to make adjustments from a baseline from a substantiated
and informed place. The different experiences with respect to navigating uncertainty is
heavily weighted by the cultural and political environment of building complex aerospace
vehicles. Observations 2.5 to 2.9 re ect the impacts of decision-making around uncertainty,
including the conservatism re ected in each level of a design program hierarchy. The
conservatism was acknowledged as a major outcome of uncertainty and risk aversion, with
managing pocket margin or lower-level disciplinary design conservatism being an industry-
wide experience. While addressing these issues is an ongoing process, Schneider's quote
on his experience with uncertainty summarizes one of the industry gaps succinctly, with
this quote repeated here:

“It's about understanding the uncertainty, and then how do | deal with it in my design
process? Giving them the tools to deal with uncertainty is really an enabling situation for
them, because now they can enable themselves to maybe take a little more risk because they
have a better understanding of where their uncertainties are and what are the likelihood of
those being inaccuraté.

Observations 2.10 and 2.11 summarize the limitations in accessible uncertainty quan-
ti cation and quantitative design methods during the margin allocation phases. The tools or
methods that would help remedy these two problems have been previously demonstrated as
an overarching design process limitation, with respect to accessible quantitative approaches
during requirements decomposition and margin allocation decision-making phases. This

conclusion can be summarized by the following industry gaps:

85



Industry Gaps

1. The existing design process does not have accessible modeling environments
for substantiated probabilistic analysis to inform and justify performance fe-

guirements and margin allocation decisions

2. The integration of uncertainty quanti cation methods to understand the likgli-

hood in meeting performance requirements and uncertainty in the design|is a

needed component for improved margin allocation decision-making

It can be acknowledged that communicating uncertainty in the margins, or likelihood
of meeting the allocated performance constraints, is dif cult with the existing process ex-
plored in Chapter 1. The intent to address uncertainties in design margin allocation ac-
knowledged in Section 1.4 was identi ed by the scope of uncertainty sources from the
unknowns in a design and decisions made under uncertainty. These sources include de-
sign characteristics, technical ef ciencies, and performance measures. The gaps identi ed
includes speci c regions within the eld where improvements can occur to address these
uncertainties: accessible modeling and simulation, integration of uncertainty quanti ca-
tion, and uncertainty-informed decision-making.

The few existing conceptual design margin allocation studies presented in Section 1.4.3
demonstrate the capabilities of margin allocation if the previously mentioned gaps are ad-
dressed, but for this phase of design the use of allocations from industry standards will be
assumed as the baseline from which to build an alternative approach. The process high-

lighted by the literature standards includes the following steps [12, 5, 3]:

1. From the requirements scope of the design, the maturity assessment for “new, mod-
i ed, existing” properties and methods which the data was derived de ne the basis

for margin determination

2. A growth allowance is de ned by the program for the vehicle and disciplinary sys-

86



tems

3. Industry standard percentages of growth allowance are allocated to the disciplines,

subsystems, and components

4. Risk assessments for each phase of design must be performed and maintained within

recommended growth allowance and margin

By utilizing the standard margins as a baseline, the formal assessment of margins and
uncertainty in decisions is considered as a precursor to conceptual design. That is, the
evaluation will assume the requirements decomposition has been set with the available in-
formation to roughly constrain the design space on a high level. From the decomposition,
this research will aim to build upon the standard margin allocation to support decision-
making prior to dissemination for disciplinary conceptual design. This research will need
to identify alternative methods to enable quantitative modeling and uncertainty quanti ca-
tion for the performance decomposition phase of design, which will be used to augment
the traditional method of margin allocation of determining a xed growth allowance and
applied standards. These goals support the Overarching Research Objective detailed in Sec-
tion 1.5. The need for quantitative methods and substantiated performance uncertainties to
accomplish the goals set forth by the research objective de nes the overarching research

guestion:

Overarching Research Question

How should the process of margin allocation be augmented to enable a quantitative,
uncertainty informed, method for decision-making during requirements decomppsi-

tion?

An alternative approach to decision-making for margin allocation during a uid phase
of design will be identi ed by doing a literature search into the areas identi ed within the

industry gaps. Chapter 3 will rst review existing modeling and simulation environments
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to explore the available alternatives. From this point, a literature search will be done for
the existing processes of uncertainty quanti cation and utilization of probabilistic analy-
sis to support the drive towards a probabilistic design approach to margin allocation. A

framework for the rest of this thesis document will be presented in Section 3.1.
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CHAPTER 3
METHODOLOGY LITERATURE REVIEW

The research objective drove research to establish a baseline method from literature and
interviews, in Chapter 1 and Chapter 2, resulting in an assessment of numerous qualitative
requirements allocation approaches, with minimal quanti ed approaches presented from
substantiated physics-based methods. The observations synthesized the numerous capabil-
ities existing today which are key stepping stones upon which the methodology literature
will be built, moving to further explore targeted and more detailed areas of the quantitative
design and uncertainty method literature.

The chapter will begin by introducing a general theoretical framework for the rest of this
literature and the methodology formulation, as well as the intended ow for the following
chapters as a guide for the reader throughout the entire document. Before jumping into the
exploration of methodology literature, Section 3.2 will introduce more foundational M&S
and probability and statistics material to support the reader with fundamental terms and

methods that will be referenced in the more detailed material to follow.

3.1 Thesis Theoretical Framework

The synthesis of the background and baseline method literature resulted in an acknowl-
edgement of the existing room for improvement upon what is normally a highly qualitative
or subjective phase of design. The overarching research question posed in Section 2.5
presents how to support decision making during this highly uncertain phase of design. To
address this question, the literature in this chapter will explore the literature to identify al-
ternative methods or tools to Il the capability gaps identi ed. Each section of this chapter
will be aimed at surveying a speci ¢ portion of the overarching research question, mak-

ing observations on how existing processes, and identifying alternatives or methodological
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gaps.

The chapter summary will present the observations for the alternative explored, iden-
tifying whether they are directly applicable or need to be augmented to improve upon the
existing process. The summary will present the generalized observations that were made
and formulate research questions to answer where the alternatives did not provide a clear
approach and create a capability gap. From these gaps, the summary will formulate how
the identi ed alternatives will support the closure of each gap in order to meet the research
objective.

Chapter 4 will deconstruct each formulating research question into a more detailed
guestion and answer, with the resulting hypothesis from the observations made in this chap-
ter. The overarching method steps will be de ned by the hypotheses, with which will be
presented as a full methodology for the proposed solution to the overarching research ques-
tion.

The closure of the capability gaps will be addressed in two steps, beginning with the
primary need for a quantitative model of the requirements decomposition design problem.
This component will be shown to enable uncertainty informed decision-making. These
two steps comprise the methodology formulation. Chapter 5 is dedicated to exploring the
decomposition of the launch vehicle requirements model, identifying the necessary map-
ping between design and performance exploration to produce a quantitative representa-
tion. Chapter 6 builds on the underlying modeling tools to explore the full scope of the
proposed methodology. Addressing the implementation and validation of the individual
hypotheses to create the full methodology, which re ects an overarching framework for
decision-making during the requirements decomposition phase of design. The proposed
framework will be introduced as the overarching solution, which will be implemented and
demonstrated as individual steps of a methodology in Chapter 5 and Chapter 6.

To formally demonstrate the capacity of the proposed framework, and conclude that the

methods do meet the objective of this research, Chapter 7 provides the nal experimentation
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and analysis of the full method from start to nish with an augmented case study. The nal

conclusions, implications, contributions, and future work are reviewed in Chapter 8.

3.2 Quantitative Methods Foundation

In efforts to move away from qualitative approaches, the integration of iterative design and
probabilistic design processes has been possible through the evolution of computational
methods. The industry standard conceptual design processes and research demonstrate how
utilizing the state of the art modeling and simulation, as well as uncertainty quanti cation
methods, demonstrate reducing uncertainties of lower-level disciplinary design decisions
through quantitative decision-making. To survey the literature associated with the three
different research areas of study, there is an assumption that modeling and simulation is
a fundamental application and the tools that are used to support that application are also
understood. Because complex conceptual design was not the focus of the background
literature in Chapter 1, a preliminary literature review is needed to provide the foundation
for how modeling and simulation is applied in context of complex vehicle design programs.
With this in mind, a brief review of speci ¢ enablers that are important to the application
will be presented. The enablers will be addressed in more detail during implementation, but
the review provides a background given that the terminology is used throughout the chapter
because of the common occurrence where models or simulations are not accessible and
must be augmented. If the foundation of Monte Carlo simulation, multidisciplinary design
analysis and optimization, surrogates and metamodeling, and design space exploration are

not needed as a foundation, then the rst survey begins in Section 3.3.

Modeling and Simulation is a high-level term for the concept of using experimentation
to simulate real environments with computational models. Modeling at its core is rooted
in identifying the variables, constraints, and overall objective for the vehicle or problem at

hand. The choice and construction of the model is a crucial step in ensuring that the model
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is representative and well-formulated [80]. Nocedal and Wright's book on Numerical Opti-
mization explains the tradeoff for simplicity versus dif culty by sayin§the model is too
simplistic, it will not give useful insights into the practical problem. If it is too complex, it
may be too dif cult to solvé.This section will introduce the different forms of models that
are applicable to the complex vehicle design problem and the limitations that exist, which
will need to be addressed to migrate them forward into the requirements decomposition
process.

The paradigm has been to create accessible numerical methods and physics-based mod-
els, building more reliable understanding of the design under speci ¢ operating conditions.
Within the many elds of science and engineering that utilize M&S, physics modeling and
statistical analysis are key players in the aerospace design process. To enable access to
physics-based modeling and more complex simulations, computational costs and the abil-
ity to build dependent models were a major need.

Among modeling is another key concept, simulations. Simulations are typically de-
signed to test the vehicle's response to different conditions, but more importantly doing so
as ef ciently as possible with respect to computational time. Simulations utilize the re-
duced models, but must address the dimensionality reduction aspect as well. This section
will introduce the complementary aspect of dimensionality reduction and model reduction,
with different approaches that support reducing the number of inputs needed to represent
the design space and the model replacements to limit the time to run the desired number of
cases. To scope the eld of applicable methods and enable access to quantitative methods,
substantiate data, and inform decision-making, this literature review will provide a brief
background on the key enablers that brought M&S up to the current paradigm.

In the eld of M&S, one of the most signi cant aspect of the data output is probabil-
ities. Probabilistic models, methods, and data act as an information tool for design to be
able to predict metrics of feasibility, reliability of the models or data, and even robustness

of the nal product [36]. The gap that M&S has lled is the problems of estimation bias,
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lack of data, or just the need for more suitable information to meet the novelty of missions
and vehicles. Probability estimation, among performance responses and environment sim-
ulation, has been a signi cant component of simulation output. These areas continue to
be researched to maintain effectiveness and ef ciency with the evolving aerospace vehicle
design industry, aiming to close the knowledge gap in decision-making across the design
process. The concepts of probabilistic analysis and design will be further discussed in the

sections regarding uncertainty quanti cation, in Section 3.4.

3.2.1 ModelingFidelity

To de ne delity, a term that has multiple interpretations, it relates to the concept of clarity
and quality of a represented system. When the engineering process integrates low- delity
tools into a conceptual design optimization, this refers to a modeling tool with lower quality
approximations or clarity around a representative environment [72]. Due to its resolution,
low- delity tools are often much faster than high- delity tools, but the representation of the
environment might have limitations. While it is commonly assumed to be much better than
basic assumptions or back of the envelope calculations, the approximation or equations are
typically much simpler than those of high- delity [23]. The concept of quality is hard to
track, given the approximations themselves come with uncertainty or error. High- delity
tools are typically those with more complex equations, as well as possibly enabling higher
resolution or larger space for the applicable region of the validated environment.

One important clari cation in the use of varied delity analysis tools, between low-
delity and high- delity, is that the validated region can be de ned by both complexity
and inclusiveness of the analysis. Both types of tools are often validated using high quality
data, but depending on the complexity of the physics some low- delity tools are still very
good approximates. Thus, more often than not, low- delity tools are crude approximates of
physics due to simplifying assumptions or limited validation regions of applicability [72].

For those who have access to low- or high- delity analysis, the improvements seen
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in the eld by integrating the principles of M&S better informed decision-making for the
prospect of reduced cost or schedule slips with the risk of redesign later on [23]. Not
without its own issues, the dif culties in verifying the delity level or addressing the “fun-
damentally stochastic” [23] nature of discipline analyses, the knowledge brought forward
still changes the design process. This concept is well represented in Figure 1.4 from Sec-
tion 1.3, depicting the design process iterated in Figure 1.5 in a different way. Where
the low knowledge decisions and high cost investment were traded over time to increase

knowledge acquisition during critical design points [81].

3.2.2 MonteCarloSimulations

Inthe eld of modeling and simulation experimentation, from elds of aerospace to nance,
Monte Carlo Simulation (MCS) is a common numerical estimation method. The process
uses simulations of random variables in a mathematical problem to estimate the behav-
ior through a numerical distribution [82]. Monte Carlo Simulations (MCS) is not only a
sampling method, it is also an analysis applied to characterize the response of an objective
function for the random variable inputs. MCS produces a probabilistic distribution in the
form of a density function, Probability Density Functions (PDFs), or a cumulative function,
Cumulative Density Functions (CDF), depending on the use of the analysis. The method is
commonly applied in the eld of uncertainty propagation and uncertainty quanti cation, in

a process seen by Figure 3.11 [81].

3.2.3 Multidisciplinary DesignMethods

To more holistically model a subsystem, system, or system of systems, the integration of
dependent disciplinary tools or models builds the platform for a multidisciplinary analysis
environment. This is one of the bigger technology capability jumps that has de ned the
state of the art in complex vehicle design, enabling integration of a set of complex nu-

merical or physics-based models together to support a speci ¢ disciplinary design problem
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[83, 84]. The concerns that consistently remain after architecting the requirements and al-
locating performance constraints are that the values were often estimated or subjectively
determined, rather than quantitatively predicted. The realistic performance values and de-
pendencies are typically too complex to be considered up front, necessitating simpli ed
processes or making assumptions. The missing pieces of the design have been shown to
be put together after the requirements have been fully de ned. The constant redesign and
lessons learned from isolated design methods led to the paradigm of Multidisciplinary De-
sign Analysis (MDA) and Multidisciplinary Design Optimization (MDO) within aerospace
vehicle design. These methods fall under the broader category of Multidisciplinary Design
Analysis and Optimization (MDAO), with a wide set of capabilities including integrating
dependent disciplinary tools or models, disciplinary optimizations, and environmental con-
dition simulations. The existing paradigm of MDAO is generally considered more holistic
because of the integrated components for a complex problem [85].

The research under MDAO guides the eld in application of more ef cient and effective
processes, speci cally those designed to recover aspects of dependency through hierarchi-
cal or parallel analysis. By building the dependencies directly into the models, the problem
of needing one set of design characteristics or performance measures to evaluate another
disciplinary model is xed through consistency or compatibility methods [85]. Although
these characteristics depend on the unde ned performance to ensure feasibility, the inte-
gration of data ow has been shown to be an industry enabler of more effective conceptual
design. An example of this would be the aerodynamic-structural dependency, needing a
structural design to evaluate aerodynamic loads if values are assumed and differ than re-
alistic environments the structure might not be strong enough, and therefore cannot be
presumed xed.

The MDAO methods are built from dependent design variables through disciplinary
models to obtain performance responses that can close the loop on a design by meeting

the imposed constraints. The bene t of having quantitative predictions of performance is
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a well demonstrated alternative to dependence on interpolating or extrapolating historical
data, making assumptions, or back of the envelope calculations. This has been shown to
be successful in reducing the uncertainty of the design, as well as in building more robust
designs [86, 87].

Given the complexity and often high- delity nature of disciplinary models that are in-
tegrated into a multidisciplinary environment, the use of MDA or MDO is often coupled
with the need for model reductions, approximations or metamodels. These different ap-
proaches are either replacements of complex physics or act as a simpler simulation method
for approximating responses through the relationships between inputs and outputs. Meta-
modeling and approximations will be addressed in more detail in Section 3.3. They are
built into an integrated environment through dependency variables or functions between
analyses to maintain compatibility and consistency. Not all models use these, but it is com-
mon for highly dependent disciplinary analysis tools to share common variables (e.g, a
geometry or loading constraint). For more complex designs, the parameters are traded in a
feed-back or feed-forward analysis. Otherwise, the hierarchical or cascading information
pathway enables the overall design objectives to be met by tracking the different subsystem
requirements present in the problem [36].

To visualize what is meant by cascading or optimization loops, Figure 3.1 provides a
simple layout of a Design Structure Matrix, or DSM, ow that is common within the eld
of aerospace vehicle design [83]. A more detailed exploration of multidisciplinary analysis
and optimization forms will be explored in Section 3.3, looking at the different architec-
tures to support a more complex or more ef cient type of solution. The DSM is common
in complex system visualization, highlighting the interconnections between disciplines, de-
tailing from high to low levels of the decomposed problem. Dependency ows also support
descriptions of solution strategies for MDO architectures, including feedback information
and any optimization loops included with directional ow.

The process explained in a DSM, or if using an extended DSM (XDSM) provides clarity
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Figure 3.1: Generic Multidisciplinary Design Optimization Structure [83]

for parametric design and optimization, outlines how the analysis works and communicates
the ow of information. There are different architectures of integrated analysis or optimiza-
tion, varied with factors of computational cost of running experimentation or high- delity

models to complexity of the dependencies [85].

3.2.4 Enablersof ModelingandSimulation

Methods directed at inherently addressing design uncertainties caused by the lack of knowl-
edge, the unde ned and uid nature of a complex vehicle design, focus on the quanti ca-
tion of key metrics of success. These measures, such as MOPs or TPMs, are often values
that are previously unknown or estimated that can be modeled effectively to inform how
well a concept will respond to different conditions. To be able to run simulations under

a complex environment, for varied environmental conditions, the designers must build a
representative model of the vehicle concept from what is known. Whether that is the use of
a speci c tool to build a single design model, or integrating multiple disciplinary models,
this is mostly done during conceptual design and preliminary design. Even during these

phases, the dimension of different design con gurations and variables is so high that in-
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tervention methods must be integrated to enable effective and accurate simulations while
reducing the number of experiments required. To predict responses and optimize a design
to meet a desired condition, this include the integration of sampling methods and model
reductions. The M&S processes used during these phases of design contribute to reducing
uncertainty by informing decisions. This technique plays a signi cant role in supporting
reliable data-informed design decisions, uncertainty quanti cation methods, and risk miti-
gation to reduce the likelihood of redesign.

The main computational advances that have become the existing state of the art can
be broken into the previously mentioned elds, dimensionality reduction and reduced cost
modeling. Dimensionality reduction includes utilizing methods such as sampling, design of
experiments, and scenario selection. Reducing the costs of models re ects reducing time to
run, which falls into different approaches. Based on how complex the physics models are,
there are approximate methods and reliability methods which aim to use data or objective
functions of the system to populate Taylor Series expansions for the response functions
with fewer cases.

The other alternatives, for when physics models are black boxes or highly complex, is
the eld focused on building metamodels or surrogate models that reduce the cost of the
physics [23]. This is done by building a lower cost version of the internal physics mapping
from the data input and output relationships [36, 9, 81].

Both of these modeling approaches, and many forms within them, have their own ben-
e ts or limitations. The comparisons will be discussed in the following sections of this
chapter to identify key methods that are either directly applicable or adaptable to the prob-
lem of requirements decomposition and margin decision-making. From this section, areas
of improvement or gaps in application will be identi ed to further the de nition in what is

needed to ful Il the objective.
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3.2.5 DesignSpaceExploration

Design space exploration is both a common approach to experimentation and a part of
dimensionality reducing sampling methods for M&S. Advancements in dimensionality re-
duction methods, enabled by reduced costs and time of running analysis, have permitted
the broader use of low- or high- delity tools to abstract a design and test the varied con g-
uration performance [88].

Experimental design and design space exploration methods are often demonstrated on
numerical or physics-based models during the primary design decision-making phases of
CDP and PDP. This is done once the design space has been scoped and constrained during
the requirements decomposition phase, reducing the region for experimentation to a more
reasonable dimension. The design space and combinations of con gurations can often still
be an inhibitor of building low-cost models and running analysis tools. This is a motivator
for the wide-spread development of sampling and approximation methods for the aerospace
vehicle design process.

Outside of truncating the design or constraining different design variables to a smaller
region (e.g, reduced maximum range or payload weight), sampling is used within a wide
design space to reduce the necessary con guration options needed to build a distribution of
the response. The distribution of data that are produced by the de ned experimentation is
a smaller subset from the whole space, where experimentation can be de ned to compare
combinations or con gurations of a design that give a representative data set for the needed
assessments. Performance of one design, or the entire distribution of designs, can be used
to down-select an optimal design or set of designs. This process is often done through
integrated simulations within a decision-making process. Sampling is the high-level ter-
minology for querying different cases to populate experiments, although the way a design
space is sampled varies. Sampling could be random, corner cases, well-distributed center
points, or many others, but most consistently is designed for organization and traceability

using a general Design of Experiments (Design of Experiments (DoE)) [89].
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Design of Experiments are a critical component of the existing design process, espe-
cially in the CDP, within design space exploration. Experiments are de ned to explore the
vast eld of possible designs, con gurations, and environments. Often used to identify a
few key concepts that meet the feasibility of the mission, or provide a subset of examples to
understand the behavior of the different combinations. A major aspect of designing an ef-
fective experiment to explore the design space is crafting the right DoE [89, 45]. This is the
choice of sampling distribution and size, as well as ordering. DoEs are a tool which maps
the selected sampling to the different experiments, supporting the mapping to the responses
for more effective analysis. Each run of a DoE is meant to play a speci c role in testing
the eld, producing response data that provides key links between the changes in a design
or environment to the responses returned from the physics models. Choice of sampling
and DoE is often coupled with building metamodels because of the mapping between the
input characteristics and response outputs to enable the application of full MCS with mini-
mal computational time. In other cases, DoEs often provide the needed traceability within
the simulation environment to draw conclusions or make decisions from the input-output
relationships, relating to methods such as sensitivity analysis and Pareto analysis [90, 91].
The types, purposes and selection of a DoE will be discussed in more detail as it be-
comes pertinent to this research, but the main point of clari cation is that each sample is
either one design, one condition, or some con guration of the vehicle. The design of ex-
periments and the experimental design process is used to reduce the dimension of the total
samples needed while also supporting the wider assessment of the relationships within de-
sign options and metrics of success. Each method has drawbacks, as some require modeling

methods to extrapolate or cannot produce estimates for unsampled areas.

3.3 Quantitative Performance Requirements Tradeoff Environment

The constant adjustment of approaches to navigate the uncertainties in design and make

decisions has driven paradigm shifts from the deterministic assessment, or back of the en-
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velope calculation method, to incorporate numerical methods and parametric design. The
wide body of research that complex vehicle design falls under includes conceptual demon-
strations from researchers at universities to the implementation by large aviation and space
institutions. The switch from using deterministic design points to include distributions is
just one component, the greater growth has been seen through incorporating multidisci-
plinary design methods and multilevel tradeoff environments.

For the problem being addressed in this research, the survey into these quantitative
methods and state of the art will act as an investigation into a quantitative approach to
support early design engineers and systems engineers in their requirements decomposition
phase, to allocate margins which incorporates quantitative methods in ways that later phases
of design have integrated as the new norm.

The need has existed throughout the evolution of design, and over time the paradigm
has shifted from predominantly preliminary design phases with accessible tools to concep-
tual design. As introduced in (Section 1.3, the existing requirements decomposition process
often needs to rely on more subjective probabilistic analysis due to the computational lim-
itations of a minimally de ned design. De ning estimated risks and allocating margins,
or de ning expected performance distributions, is an approach alternative to deterministic
design but is riddled with uncertainty. The design process was laid out as sequential steps,
relying on conceptual design and then preliminary design phases to utilize parametric stud-
ies that iteratively narrow down the design, reduce uncertainty, and over time burn down
margin. This begins with modeling and simulation in almost every phase of design except
the rst and most uncertain.

Where the rst key area identi ed in the research objective is to identify a quantitative
approach to inform decisions during requirements decomposition, this section will cover
the existing state of the art in modeling and simulation environments. The foundation of
a quantitative approach in design requires accessible data, underlying tools, physics-based

equations, or a design framework that produces the needed information. The integration
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of these tools and methods into a more applicable modeling and simulation platform for
experimentation creates a design environment and therefore will be the focus of this section.

The most important term to clarify is how the phrase “environment” is perceived by the
author. One of the clearest de nitions comes from Dekker [92]simulation environment
is de ned as a programming environment of a computer, that is dedicated to systems simu-
lation and that takes care for a exible and intelligent interfacing between a user (i.e., the
experimenter) and the system to be experimentally studied.

In the application of simulation environments to this research, the quantitative aspect is
related to the tools and experimental input mapping to data outputs of interest, and those
must be applied speci cally to the case or vehicle system. This research will explore how
the existing applications of different types of environments t the needs of the research
objective, along with making observations on any improvements or gaps that exist for the
speci ¢ problem of performance requirements and margin allocation.

The two main types of simulation environments this section will explore are those that
are commonly utilized in complex aerospace vehicle or subsystem design, disciplinary or
multidisciplinary M&S environments and systems or systems-of-systems tradeoff environ-
ments. Both are used to enable what-if investigations and inform decisions, but each has
its own unique applications and can produce some different outcomes.

The different types of environments are not mutually exclusive; often independent or
dependent multidisciplinary environments can be a part of the lower-level aspects of a
scenario-based environment. There are many tools, applications of different types or re-
ductions of modeling, and approaches to experimental design within each form of design
environment. In aerospace vehicle design research, the demonstrated problems that will be
explored often pull the necessary lower-level subsystem design or even component trades
up to a higher level for decision-making and optimization. The differences and limita-
tions will be explored with the focus on understanding the application and how simulation

environments can be directly applied or augmented to meet the needs of this research.
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3.3.1 DisciplinaryandMultidisciplinary AnalysisEnvironment

Disciplinary and multidisciplinary design is a critical step within the complex vehicle de-
sign process. These methods integrate physics-based tools or equations to simulate a com-
plex design for a set of environmental conditions or constraints. It has been mentioned in
Chapter 1 that lessons learned throughout historical vehicle design have driven the more
practiced use of multidisciplinary methods to bridge the gap created by compartmentalized
design processes.

Utilizing a single disciplinary analysis tool, or multidisciplinary analysis methods, to
trade input parameters and estimate the important gures of merit for a problem is the key
to what makes up this kind of environment. These are most common in the disciplinary
design level, during conceptual and preliminary design, which is enabled by the constrained
design space and simple vehicle concept de nitions from the requirements decomposition
phase of design.

Elevating the analysis to a simulation environment, as described in the introduction
of this section, has a few components. This is initiated with a exible interface to allow
for inputs to be explored, with exploration through forms such as integrating a DoE or
parametric sampling methods. Within the environment, the concept of exible interfacing
between user to study the eld includes the sampling and simulation experimentation, the
internal physics-based tools, and the data analysis or output for the user.

For these three things, the main difference between disciplinary and multidisciplinary
design environments would be the complexity of variables passed into the environment
and throughout the internal tools or analyses, as well as any constraints or optimality con-
ditions if an optimization is included. The complexity of a multidisciplinary simulation
environment is often because the inputs include design characteristics and any factors of
the integrated or interfacing analysis tools. Factors could be conditions for compatibility,
an overarching environmental condition, consistency conditions, and nally the separation

between system or subsystem optimality conditions [83, 84].
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The complexity of these environments increases quickly, which leads to a need to iden-
tify alternative modeling architectures that t the performance requirements decomposition
problem in this research. The eld of research for modeling architectures are separated by
the type of optimizations, how models are coupled, and the necessary simplifying partitions
to make the problem solvable. This falls under the umbrella of MDAO, as an extension of
the fundamentals introduced in Section 3.2. To explore the application of multidisciplinary
methods to a performance requirements environment, the architectures and limitations of
the different categories must be examined and compared against the needs of the problem
to ensure the integration is not prohibitively time consuming and complex.

Multidisciplinary design optimizations that must utilize more complex feed-forward
or feed-back data ows can have varied needs for optimization, whether that it must be
run through a single optimizer or multiple levels of optimization, the options fall under
monolithic and distributed architectures. Monolithic and distributed architectures describe
the framework for which the models are integrated and how the optimization is solved.
Monolithic architectures are single-level optimizations and distributed refers to partitioned
or multilevel optimizations. When only one level of optimization is needed, there can be
both hierarchical and non-hierarchic modeling ows. The two higher level categories un-
der monolithic and distributed MDO architectures are Individual Discipline Feasible (IDF)

Multidisciplinary Design Feasible (MDF). IDF methods are hierarchical.

Monolithic MDO Architectures

The most simple forms are monolithic architectures, where Figure 3.2 and Figure 3.3 depict
IDF and MDF in their simpler representations. The notional architectures can be compared
to demonstrate the difference between IDF and MDF. IDF is a hierarchical form that treats
each disciplinary analysis as its own entity to meet the governing equations. Where MDF
is non-hierarchic, utilizing a governing optimizer around an internal MDA that is indepen-

dently built.
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Figure 3.2: IDF (Hierarchical) Architecture [93]

Figure 3.3: MDF (Non-Hierarchic) Architecture [93]

IDF utilizes a feed-forward approach, holding each disciplinary design to compatibil-
ity constraints, running convergence externally and is not considered a solution until all
disciplines have met their optimum condition. When an IDF converges, the solution is
considered an MDF, but if no convergence occurs then the output can be solutions that are
inconsistent with the problem. With the layout of IDF, the bene ts of this architecture are
that it is easier to parallelize and separate each tool for independent runs or runs on dif-
ferent processors. IDF has more capability to track multiple solutions, but as the problem

complexity increases it becomes more taxing to track extra variables.
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The MDF operates by passing feed-forward and feed-back variables (design, compati-
bility, etc.) between the disciplines and is managed by a root nding method for the internal
MDA, such as Fast Probability Integration (FPI). The most similar of the methods within
MDF are Nested Analysis and Design (NAND), All-at-Once (AAO), or One-at-a-time [93].
Each MDF has an optimization that is external to the MDA, solving the system-wide gov-
erning equations by trading design variables with internal MDA for a consistent solution
across different coupled models. Each run of the MDA must assess whether the roots found
are compliant with the system-wide constraints before returning to the optimizer for a new
case [85, 93]. The limitations of MDF are that some solutions might be infeasible, or non-
compliant with the constraints, and so the solver might not be able to converge if there
are complex and strong couplings internal to the MDA. These methods are also harder to
parallelize, and so it can be inef cient or constrained by the limitations of the root nders
internal to the MDA. Examples of these limitations would be those of using FPI, which
is predominantly a linear function approximation that uses rst-order search methods for
root nding. The bene ts of MDF are most seen if the analyses are computationally inex-
pensive, or the problem has a single optimum, which provides iterations that can typically

converge quickly.

Distributed MDO Architectures

For completeness of the eld literature, both IDF and MDF can be expanded to become
distributed architectures. This means solving problems for a system where optimization is
needed at more than one level. When each discipline can be treated as individual islands
and optimized or analyzed without passing variables across, the multilevel distributed IDF
architecture alternatives often utilize methods seen before. That s, distributed IDF architec-
tures use a Collaborative Optimization (CO), Bilevel Integrated System Synthesis (BLISS),
or Quasiseparable Decomposition (QSD) [85]. CO is one of the more simple forms of mul-

tilevel distributed IDF architectures, a simple graphical form of CO can be seen in the ref-
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erence Appendix Chapter C, in Figure C.3. It is important to note that these approaches are
still more complex and require signi cantly more information about the system. To utilize
these architectures, the needed information includes design variables, constraints, optimal-
ity conditions, and any shared design variables built into compartmentalized disciplinary
analyses. Instead, where the models are not able to be compartmentalized and multidis-
ciplinary optimization is needed to converge or utilize penalties for each sub-optimization
to maintain consistency, there are the penalty distributed IDF architectures. The penalty
distributed architectures include Analytical Target Cascading (ATC), Inexact and Exact
Penality Decomposition (IPD and EPD), or Enhanced Collaborative Optimization (ECO)
[85, 94].

Similarly to the multilevel distributed architectures, the penalty architectures are more
complicated to implement and require more information and more expertise to be able to
develop each of the sub-problems internally. The simplest form of ATC can be seen in
the Appendix Chapter C, in Figure C.4, but it can be said that distributed architectures are
most commonly implemented after the requirements decomposition phase because of the
needed scope and expertise to fully de ne the problem. For reference, CO is more common
in the early phases of aerospace design, where ATC follows more closely with the elds of
automotive or industrial engineering [93].

The nal architecture type is the expanded MDF, distributed MDF methods. Similarly
to the distributed IDF, the distributed MDF methods include multilevel problems that can
replace the internal models with surrogates or linearizations. The different methods in this
group are Concurrent Subspace Optimization (CSSO), a different form of BLISS, MDO of
Independent Subspaces (MDOIS) and Asymmetric Subspace Optimization (ASO) [85].
The different distributed MDF architectures are variations to the internal MDA, where
model reductions are shown to run coupled high- delity models more ef ciently. Other
adaptations include a more discretization of lower-level optimizations for internal disci-

plinary models to close the discrepancies between the analyses [85].
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When comparing monolithic and distributed architectures, the main issue is that the
complexity increases signi cantly when jumping from monolithic to distributed architec-
tures. The complexity changes because the level of de nitions grow as the multiple levels
grow. Although distributed architectures are demonstrated across a wide body of research
in conceptual and preliminary aircraft or spacecraft design optimizations, the reality of
the original problem explored in this research is that there was not enough information
during requirements decomposition to simplify a system down for complex optimizations.
Therefore, a system would need to be hyper-simpli ed and well de ned to enable these
complex architectures. The distributed architectures require more than what can be de-
ned, or even assumed, to make their implementation contribute to reducing uncertainty
rather than accruing more uncertainty. Distributed architectures would require making es-
timations or introducing further model errors without validation to integrate optimization
with shared variables and consistency criteria. For requirements decomposition which is
minimally xed, the limitation of this architecture includes the optimization itself because
of the needed expertise to create and enforce uncertain constraints.

Now, for monolithic architectures, the IDF would have similar problems in developing
a complex set of consistency criteria. With the consistency criteria, the problem would also
need to de ne an system-wide objective function to track the consistency conditions, driv-
ing the independent modeling tools feed-forward and feed-back until the objective is met.
With this, the other concern of utilizing a monolithic IDF architecture is running the mod-
els independently. At this stage of design, independent models without consistencies could
be considered equivalent to compartmentalized assessments. This process would limit the
holistic ability of a multidisciplinary model by xing different design characteristics to run
each independent analysis, rather than the integrated MDA seen in MDF. When considering
the rstissue, the foundation of this research area was to de ne an environment capable of
trading simulations to estimate performance rather than optimize the design. An optimiza-

tion is not necessarily a part of this research problem and, therefore, IDF is not an ideal
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option because the modeling integration cannot be separated from the optimization. Where
MDF presents an architecture that has an independent MDA, internal to the optimizer, and
can be developed as feed-forward analysis if the integration is built to match the subsys-
tem coupling and decomposition of early performance requirements. How an MDA would
be built requires more de nition of the case study and selection of a speci ¢ performance
problem to be solved. From the conclusions made in this section, three observations can be

made:

» Without clear de nition of optimality criterium, detailed coupling relation:
ships, and extensive disciplinary experience, the distributed MDO architec-
tures are too complex and infeasible to be implemented during early require-

ments decomposition phases.

* The internal MDA structure from the MDF architectures are the simplest gx-
amples of an integrated multidisciplinary approach for modeling system-wjde

responses without optimizations included

* Requirements decomposition is a high-level design de nition phase, with lim-
ited constraints, which would need to be translated and simpli ed for a systgm-
to-subsystem mapping for populating the necessary models and data ow path

of a respective multidisciplinary analysis

These observations summarize the need for simulations from an underlying modeling
analysis that is more simple, provides clear representation of a requirements decomposi-
tion, and is appropriately developed for a multidisciplinary system-level design. A rep-
resentative MDA is going to be an enabler for building the quantitative environment, but
the observations re ect on the need for a translation from requirements decomposition to

populate the modeling architecture. The bene ts of constructing a baseline MDAs is that
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they have the capability to be expanded upon in the future for different problems, and is
recognized as an accessible enabler for this research if the problem were simpli ed enough.

As this section continues, other considerations that will be addressed will be how well a
simple MDA can represent characteristics of subsystem to system level dependencies, how
to address issues of high- delity tools that take a long time to run, and what kind of sam-
pling might be useful to support the different needs of decision-makers. The enablers from
Section 3.4.2 will be detailed more in depth to look at possible approaches to simplifying
the complexity of the model or reducing the number of experiments required. Some of the
concerns around high- delity tools and navigation of a large design space will be depen-
dent on the selection of a tool or the implementation. Where the representative nature of a
MDA will be important in the selection of both an environment and the case study criteria.

In efforts to address the representative nature of an environment for performance de-
composition needs, the second type of environment relating to the system-of-systems trade-
off space will be discussed in the following section. These environments are demonstrated
more often with multilevel decomposition of performance or operational or program cost
or schedule requirements, which will inform both the bene ts or applications of this type

of environment and any limitations with respect to the problem studied in this research.

3.3.2 System-wideandSystem-of-SysterfiradeoffEnvironments

In the previous section, the multidisciplinary simulation environments represented a solu-
tion for the problem of either optimizing a vehicle system or subsystem design, estimating
performance distributions, or making design speci c trades. The MDAO environments
were presented with integrated disciplinary models in different architectures. Where the
System-of-Systems (SoS) tradeoff space differs is the integration of models that operate
on the higher system or SoS level above the disciplinary models. SoS environments trade
requirements for the mission or performance metrics to meet different scenarios, or explore

the integration of multiple scenarios together. Examples such as exploration of multiple
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vehicles, or types of vehicle, are used to enable optimizations for program and mission
metrics of success to inform high-level decision-making.

The different architectures of this type of environment commonly explore vehicle ca-
pabilities, or high-level MOEs and MOPs, rather than speci c disciplinary performance
metrics (e.g, TPMs). The high-level simulations in a SoS environment will be shown for
different kinds of scenarios in the design of vehicles. One common scenario example
would be tracing the impacts of changing a vehicle's capabilities on the desired require-
ments (functional, operational, performance, economic), and quantifying metrics such as
feasibility or viability for a scenario. Another example is identifying optimum design cases
for a multidisciplinary vehicle design to assess probabilities of meeting programmatic or
economic requirements and constraints (cost, schedule, risk) [53, 54].

The system and SoS simulation environment type has also been referred as Uni ed
Tradeoff Environment (UTE) when applied to the latter example of tradeoffs. More specif-
ically, in cases where tradeoffs include the effects of the business case and the engineering
design or capabilities, the body of research for UTEs introduce customer requirements and
economic requirements into the loop to provide a different capability of informing decisions
from the systems engineering or programmatic point of view [95, 53]. Explicit examples of
a SoS environment or UTE would be from DelLaurentis [53], this research optimizes design
characteristics of a eet of Personal Air Vehicles (PAV) to meet pro tability in life cycle
operational cost, and from Biltgen [54], with research exploring high-level mission effec-
tiveness to identify thresholds on capability for different vehicle designs that meet combat
and cargo ghter jet con gurations.

The following sections will dive more deeply into the architectures of the SoS trade-
off environments. Similar to MDAO environments, they differ based on the goal of the
problem and available information to de ne the system or SoS, as well as conditions for
optimality or metrics of success. Visually, the architectures of requirements decomposition

and veri cation check points is a good example of how the SoS environment is structured.
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Figure 3.4: UTE Design Sensitivities Tradeoff [96]

These types of environments are typically built around a high-level mission or campaign
scenario(s) and hierarchical levels of system and subsystem analysis integrated for various

purposes.

System or Simpli ed SoS Tradeoff Environments

The most simple architecture would be a single level of vehicle analysis under the paramet-
ric scenarios. Using a simple representative set of performance equations for a given ve-
hicle (e.g, rocket equations, mission analysis equations) that are mapped to characteristics
of the design and lower-levels of disciplinary performance measures, the vehicle analysis
would break down a vehicle's capability in a speci ¢ scenario and produce the responses
for performance metrics of success or economic measures of interest. In many applications
of this research, for these more simple architectures, a set of disciplinary models or multi-
disciplinary design analysis might be included within the lower-levels of the environment
instead of equations. What is very common for the SoS research is an inclusion of an extra
input for trading the impacts of new technologies on the system, or impacts on the ability to
meet the scenarios for the SoS trades. This kind of study is often an outlook into needs for
technology investments, or capability jumps in the industry to meet the desired operations
or performance for the given SoS [53, 96, 97].

To make a formalized environment, the intentional integration of an experimental de-

sign and response analysis produces a parametric study of the achieved measures. Depend-
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Figure 3.5: Mapping of System Technology and Architecture Trade Space [97]

ing on the purpose of the environment, this simpler architecture has many outcomes. Some
applications of the UTE produce a sensitivity analysis and Pareto ranking of performance
impacts to determine conceptual design viability or feasibility. The typical example of how
this looks can be seen from the UTE for tradeoffs to produce sensitivity contributions from
the high level requirements, design and economic variables, and technologies. A visual
for this utilized by DelLaurentis and Mavris can be seen in Figure 3.4. For other cases,
looking at the simpler architecture that trades scenarios and uses the measures of interest
(economic, performance) to make decisions based on about ef ciency or pro t [53, 96, 98,
56, 97].

Because these architectures are very speci c to the problem, and eld studies differ
greatly, there isn't necessarily a single visual representation for these environments. One
representation presented by Trent [97] is depicted in Figure 3.5, where the high level tech-
nology inputs (left) are attributes that increase capacity or performance for a design, and
architecture trades are on the SoS level. Providing the ability to explore internal design
attributes that meet the missions, and produce a generalized distribution in the objective
space (right).

As was mentioned prior to this, the SoS environments are not necessarily unlike those

113



of the MDAO environments presented in Section 3.3.1. They are not necessarily mutually
exclusive, but often some simpli cations must be included due to the complexity of the sce-
narios being explored for a system, or SoS. Depending on the delity of the analysis and
number of cases being run, simpli cations will include metamodels or surrogates of the
disciplinary analysis to integrate seamlessly within the high-level trade space. This is es-
pecially useful when adding the extra factor of technology impacts. The applied surrogates
enables a faster simulation process for the variation of input variables, the surrogates more
easily provide access to sensitivity analysis or response distributions within a parametric

environment [96, 53, 56, 97].

Complex SoS Tradeoff Environments

In the same way multidisciplinary models were shown to integrate more complex struc-
tures, the same is done for representative increasing complexity of a simulation environ-
ment for more complex systems or SoS. The architectures that are more complicated look
at more than just performance and economic studies, supporting wide-spread multidisci-
plinary tradeoffs across multilevel problems. These are the style of UTE that take a high-
level mission or campaign (e.g, MOESs) and begin to explore system and subsystem sce-
narios to meet them. The decomposition of MOEs, MOPs, all the way down to subsystem
designs and TPMs are explored to meet a given scenario. The process is often developed
for game-like scenarios [54].

To be able to de ne how the more complex form of a SoS tradeoff environment is
set up, the layout of Biltgen et al. [54] provides a good example of the decomposition
for military SoS operations. This is an example of a scenario that often requires multiple
types of vehicles for multi-purpose missions. With the goal of building an environment
that includes not only the subsystem-level trades and technology impacts, the system-level
changes between different military platforms and missiles are included to explore satis-

faction of the overall mission (engagement-model) and campaign (war ghter view). To
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Figure 3.6: SoS Hierarchical Environment View [54]

explain the problem solving and inclusion of different levels and complexities worked into
Biltgen's environment, Figure 3.6 will be a reference working top-down.

Similar to the more simple version seen for a single scenario in Figure 3.4, the hierarchi-
cal layout is a scenario driven environment that trades different cases of the campaign and
mission level MOEs to select the necessary performance variables (MOPSs), all of which
gets passed onto the lower system and subsystem levels. The environment demonstrates
a feed-forward and feed-back style, where different missions de ne necessary metrics for
the coupled platforms and missiles to meet. Within the inner analysis on the lower half of
the diagram, each of those sub-levels is its own surrogate model of a physics-based tool to
speed up the design exploration and enable probabilistic analysis for a multivariate space.
In this example, each of the subsystem models contributes to trades for technology selec-
tion that meets the system (vehicle or platform) MOPs. The MOPs are optimized and fed
back up the line to evaluate that mission and campaign performance. Sensitivity and Pareto

analysis methods are represented as subset analysis for each of the lower levels. With sen-
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sitivity analysis and Pareto analysis demonstrating a critical decision-making process for
these experiments to compare drivers of change in the MOPs. The nal aspect of this envi-
ronment that will be useful for the applications in this research is how the SoS tradeoffs are
performed. As mentioned previously, this research is highly exible and for the demon-
stration in Biltgen et al. [54], the information produced is best summarized as analysis that
allows the user to identify thresholds for the capability metrics within the SoS level, and

further more make decisions on speci ¢ system-level solutions that are within those limits.

Observations

» The SoS tradeoff environment provides a unique trade space for evaluating the
impact of system, or system and subsystem, variations on the ability to npeet

high-level mission requirements.

» While the study around performance requirements creates a less de ned space
for multilevel tradeoffs, the capability based scenario methods utilized in bpth
simple and complex UTEs is translatable to the requirements decomposition

and decision-making process

The observations surrounding the SoS tradeoff environment, or UTE, highlight the ap-
plicability to the problems being studied in this research. Along with the bene ts the differ-
ent environments are also limitations, based on complexity and accessibility of modeling
tools. The nal note that can be acknowledged is that the MDAO environments are not mu-
tually exclusive to UTEs, but the implementation will depend on the problem formulation
to understand how these approaches support the development of an effective performance
requirements tradeoff environment.

With the overview of these two different forms of environment, it has been repeatedly
noted that there is a dependence on modeling tools available and sampling space for the ex-
perimentation within the environment. The main concerns with the modeling tools relates

to the delity and the complexity of their integration, where the concerns regarding the
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sampled space focus more on whether the space is representative of the needed behavior
without requiring too many cases. Exploration into the methods, experimentation styles,
and necessary considerations for theses concerns will be speci ¢ to each problem. To pro-
vide a deeper understanding of the tools and methods discussed in this section that were
considered enablers for accessibility or speed of the runs, a brief literature review will be
done in Section 3.3.3. The formal exploration into to those methods used in this research

will be a part of the implementation literature in Chapter 5 and Chapter 6.

3.3.3 Bridging the DataandAnalysisGap

From the previous literature, the utilization of different environments were presented with
the corresponding model and problem complexity, along with the desired trades or sim-
ulations being run. Whether an environment subsists of simple equations or a complex
integration of varied- delity modeling tools, there are multiple enablers that have been
spoken about brie y in the foundation Section 3.2 or in reference to speci c research in
this chapter. The methods discussed in Section 3.2 were acknowledged as a part of the
state of the art, and also were the original enablers of migrating modeling methods earlier
in the design process into the conceptual design phase.

The research presented in Section 3.3 so far has covered the resources and enablers uti-
lized by the different environments today. The simulation environments presented in Sec-
tion 3.3.1 and Section 3.3.2 covered needs for dimensionality reduction and sampling, mod-
eling reductions or metamodels, and quantitative decision-making. The tools and methods
presented in this section will focus on those three areas, speci cally aimed towards how to

manage the aforementioned limits of the requirements decomposition phase of design.

Dimensionality Reduction

One of the more common approaches used to address the dimensionality problem of con-

cept selection is presented by aircraft conceptual design and multidisciplinary design meth-
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ods, through sampling and design space exploration. Experiments meant to explore the
design space are needed to provide a link between the inputs (design variables) and outputs
(responses). The organized experimentation creates a line of traceability between perfor-
mance responses and variation of the design. Such links are important when using the rest
of the surrogate modeling and M&S methods because applications of a DoE are crucial to
traceability for input-output behavior, or understanding the underlying physics [89, 23].

Choosing a DoE or exploration sampling method can be dependent on two main areas.
First, the dimension reduction or distribution that is needed across the design options. The
distribution needed to competently represent the eld of view is important, and how much
it needs to be reduced are coupled. Some DoEs such as Uniform Distribution or Sphere
Packing Design are often used for broad assessments of the eld. These methods build an
understanding of how the different variations of the design change the response, using it to
narrow down the next set of variables to explore for more targeted experimentation [86].

The more large scale sampling methods begin with the Full Factorial option of DoE,
sampling every combination, but the dimension of this type becomes prohibitive very
quickly with increasing variables in the problem. The full factorial design is depicted in
Figure 3.7. There are many others that have more control over the sampling or provide
extremely reduced sampled spaces, such as the second degree or third degree Fractional
Factorial, or Latin Hyper Cube design. The selection of a DoE or experimental design is
an important area of research for design space exploration. Both the type of DoEs and how
well it represents the space its sampling are critical components of experimental design
[89]. Given its important contributions to simpli ed design spaces it can also be a source
of uncertainty in how well the design space is understood.

Doe and sampling choices can be varied for adaptability or customized controls. Clas-
sical experiments build from the full-factorial design in Figure 3.7, adapting to different
types of samples across the dimensionality of the design space. Full-factorial DoEs are

mostly an issue for high dimensionality problems. When the cost of running every case
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Figure 3.7: 3D Full Factorial Design DoE [89]

in the necessary design loop is similar to that of reduced methods, this is the best option
because it tests all variations and outputs. When concepts are being designed, the reduced
DoEs or different forms of sampling are often necessary when a simulation has the exi-
bility to adapt to the needs of the user. Each sampling type covers different regions of the
eld, and can provide simpler forms of testing to gather information from a design space
[9].

The primary differences between DoEs are those re ective of sampling the extremes
and center points, primarily to gather information about the behavior, including the Box-
Behken and Face-centered Central Composite Design (CCD). Other alternative sampling
focuses on gathering more extensive information about the input-output behavior, sampling
for interior space is more often ful lled by using the Latin Hyper Cube (LHC) design.

A broader comprehensive overview of the necessary considerations, as well as primary
examples, of the DoE and sampling options can be seen in the Appendix Chapter D.

There are methods that run speci ¢ sampling types to be compatible with the regres-
sions or build repetitive simulations for the desired space to better model correlations.
Methods such as the MCS and Monte Carlo sampling are some of the most common
methods that do this, providing more user control to build a variation of distributions as
a supported sampling method for surrogate models within the experiments [41, 81].

Dimensionality reduction is just one application of sampling and experimental design
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techniques. The application aims to limit arbitrary truncation of the design space, which is
achieved by methodically sampling the design space with speci c number of combinations,
or experiments, needed to evaluate to understand the response behaviors wanted. Another
application, that enables dimensionality reduction, is applying sampling methods to screen
the design space for main effects or interactions. This is used to gather information and
down-select drivers of of the desired responses. Sampling methods and experimental design
are often coupled with modeling techniques in early stages to enable sensitivity and Pareto
analyses [81, 23].

The other dimensionality reduction technique mentioned is Pareto analysis, a technique
built upon the Pareto Principle th&0% of the impacts are the result of onk0% of the
sources [99]. Used across many industries as a quality control and measuring tool, Pareto
analysis harnesses the relationships between the inputs and the outputs to rank the drivers of
the response with respect to their magnitude of impact on the response. In cases of design
space exploration, Pareto analysis or tornado plots are used with a preliminary screening
to down-select a smaller set for further exploration or explored on a larger scale to produce
the Pareto Front in a multidimensional study [62, 37, 81]. Types of sensitivity analysis will
be further explored in detail as a part of the uncertainty characterization and propagation

methods in Section 3.4.

Modeling Reduction and Simpli cations

MCS is one of the most common approaches to building a simulation. It is versatile, but
is often a prohibitive process due to the dimensionality and complexity of the problems
explored in vehicle design [100, 101]. MCS was brie y discussed in Section 3.2, but
as the number of variables increases the process becomes prohibitive quickly due to the
minimum number of required cases typically sits in the thousands to ten thousand. This
is rooted in the principle of MCS, which requires more samples to adequately characterize

the entire design space explored. To address the limitations of applying MCS outright,
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there are alternatives. These either address the complexity of the model to enable MCS to
be run with a simpler representative function, or replace the simulation with a low- delity
approximate and experimentation process.

The two primary approaches focus on coupling the right selection of experiments and
models to limit the extensive runs with costly analysis, as well as retain the needed behav-
ior. These alternatives are grouped under the categories of approximations and surrogate
models. The next two sections will overview the difference between these two approaches,

as useful enablers to access critical information as well as their limitations in application.

Approximation Methods

In the eld of M&S, the primary role of the model is to produce the physics based analysis
that maps inputs to the outputs. The simulation component is done through iterative or
repetitive sampling to collect the responses for a set of desired conditions or designs. It
has been acknowledged that physics based models can be costly, complex, and dif cult to
access until the design is either xed or highly constrained. The paradigm of approximate
methods has been used across many elds for decades, not just for aerospace or vehicle
design, having been widely applied to build approximations of the system physics or math-
ematics of interest to be used for statistical and probabilistic analysis [101, 102, 103]. For
complex vehicle design, especially aircraft and launch vehicles, approximation methods
are used to support the integration of probabilistic design for estimating performance re-
sponses.

Taylor series expansion functions are the most well known form of approximation func-
tion, using rst and second order states to estimate numerical coef cients that project linear
and quadratic models [91]. First and second order reliability methods are common applica-
tions in certain elds that require approximates of system failure, such as structural relia-
bility, while also applied to many problems. The random variable characterization between

the rst-order expansion relates to the mean, and the second-order expansion is the vari-
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ance of the problem. There are different approaches to approximate the mean and variance,
but First Order Reliability Method (FORM) and Second Order Reliability Method (SORM)
work speci cally as approximations of the limit state function or most probable point. The
use of limit states or Most Probable Point (MPP) in reliability methods is because these
two states can represent a speci c limit or failure criteria, or can indicate the margin be-
tween safety and desired state [104]. That is, to avoid collapse or fracture in the structural
reliability example. Used within optimizations or experiments for decision-making, rst
and second order reliability approximations estimate the desired system probability. An
example being to select those with low probability of failure, or constrain a design to a
region on the safe side of a high failure probability threshold. The approximations are
most applicable to rst or second order expansion of the problem, which means they can
be cost-prohibitive for complex models or poor representations nonlinear problems [103].
Another approximate method which acts similarly to the FORM and SORM approaches,
in predicting the MPP or target limit-state, is the Mean Value (MV) method and Advanced
Mean Value (AMV) method. Mean value and MPP approaches are common in the eld
of reliability based design. The two mean based approaches approximate the limit-state
function at the mean, whereas other approximates build a function around the distribution,
such as the Gaussian quadrature integration [105]. The MV methods typically approxi-
mate the limit-state surface through a linearized function, projecting the distribution from a
Taylor series expansion of the original limit-state function. There are numerous processes
and approximate methods that use either the MV or AMV methods, as the research opens
up to more complex problems the different reliability methods necessitate adaptations of
mean value methods to include non-linearity. The non-linear approaches to such complex
problems are most often expansions to the different reliability methods, such as expanding
upon FORM or AMV to include nonlinear functions. One example being AMV+ which in-
cludes a more adaptive approach through iterative function building, applied under the Fast

Probability Integration (FPI) approximation methods [102]. Approximation functions that
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are meant to account for non-linearity often necessitate iterative approach, using alternate
search and adaptive optimization. Otherwise, the application of reliability methods strug-
gle with complexities and non-linearities and require the jump to more complex surrogates
or simulations such as crude Monte Carlo, Latin Hypercube Sampling, Response Surface
Equations and others [106, 55, 105].

An important aspect of the Taylor series and mean value based approximate methods is
that they use integration or projection to enable distribution approximation of the response
in the probability space. The approximation methods numerically project the response
function for a given study, supporting probabilistic analysis with simple projections to re-
duce the needs for complex simulations using the underlying physics. Approximation and
mean value based methods have the ability to produce responses with fewer samples. Ap-
proximations have been demonstrated as most bene cial when numerous simulations can-
not be run or the problem does not have suf cient information to build effective surrogates.
In the case of rst and second order reliability approximates, they produce estimates for
the likelihood of event occurrence, which are not necessarily surrogates or regressions, but
produce probabilistic state predictors. The application differs from the use of surrogates,
which more often are a simpler version of a modeling tool or physics to reduce the cost of
running the analysis. The distributions for surrogates are produced from running simula-
tions, usually through MCS. Where surrogates are simulated through the design space, the
approximations and reliability methods produce probabilistic distribution functions. The
use of rst and second order reliability approximations are best applied for smooth sur-
faces, linear functions, or to test single design points rather than large distributions of a
complex eld. These methods can be built when more simple input-output mapping is
needed and the underlying physics is not too complex, acting as a quicker more effective
tool to get the necessary data for decision-making. The methods presented provide the

grounds for the following observation:
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The use of approximates and reliability methods to project probabilistic responses
from a limited sampling is an important tool for problems where the underlying

physics-models are available and only the output data is needed

The limitations of the approximation methods presented in this section and summa-
rized by the observation identi es a very speci ¢ application for which these methods can
be used. The use of different reliability and mean value methods have been researched
extensively, providing their unique support to different aircraft and spacecraft design prob-
lems based on the available information. What has been concluded is that approximation
approaches can be useful for the problem in this research, of large dimensionality and com-
plexity of the system, if the response approximate is needed and repetitive simulations are
not necessary. The limiting applications include nonlinear physics or more complex multi-
disciplinary inputs and output functions, which drives the majority of the alternative move
towards surrogate models. To better understand the alternatives to approximations, the
following section will overview the applications of surrogate models as the enabler by re-
placing more complex problems or black box functions with a simpler numerical equation

for repetitive simulations.

Surrogate Modeling

To reduce the computational effort and time of running complex modeling over repeated
simulations, surrogate models are tools commonly used in novel vehicle design research.
With the purpose to construct a function or projection of the underlying physics, surrogate
models can be broken into a few main categories, including but not limited to, reduced-
order models, hierarchical models, and data- t models [71]. Another that has been added
to the state of the art in recent years are the Arti cial Neural Networks (ANN) methods
which also fall under the metaheuristic or learning models [107, 103, 108].

As previously regarded, surrogates have been developed within the vehicle design in-
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dustry for many years because of the capability to reduce uncertainty by simplifying the
physics and enabling the capability to run design trades more effectively. Ping summarizes
these reasons wellSimulation models can help to predict the performance of systems to
facilitate exploration of the design space and search for an optimal d43@®]. The
integration of surrogates shown in Figure 3.11 for uncertainty propagation is exactly as
Ping summarizes, a key enabler in the design process that acts in support of both design
exploration and in the iterative process of subsystem design optimization.

Approximations such as Taylor Series expansions and FORM functions create a data
driven equation for the output responses. Alternatively, surrogates and the many forms
of metamodels provide a functional replacement of more complex physics-based models.
While input-output mapping is one of the major components of surrogates, data- t or re-
gressions, the different techniques such as Response Surface Equations (RSE), ANN, Ra-
dial Basis Functions (RBF), and kriging models or Gaussian Processes can approximate a
black box function or simplify complex physics-based models to apply to new problems
[109, 71]. Depending on the problem, these methods vary in the needed simulations to
build observed data for tting the model approximations with the desired accuracy.

Each approximation method has its own unique application, RSEs, polynomial approxi-
mations, and RBF methods simplify the analysis by building function approximates around
the given constraints and can re ect the given objective. The data- t aspect of RSEs is pri-
marily from the optimization application, where typically the Response Surface Model
(RSM) methodology explores the design space in an iterative process to approximate the
relationships between the input design variables and output performance characteristics
[110]. This methodology, like many others, typically is coupled with a sampling and re-
sponse convergence criteria to measure of the t against in the selection of an optimal. The
reliance on an optimality or baseline leads to a major component of data- tting, that the
methods repeatedly update the functions throughout the experimental process until it has

converged on a ideal design point [111]. The different forms increase capabilities from
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linear approximations to nonlinear and convex capabilities. Data- tting surrogates perform
an iterative process that not only identi es an ideal design for the given conditions, but also
tracks the estimated error from the real to the approximate function [109].

To best understand how the iterative process of surrogate modeling works, in a more
applied way, let this explanation of the RSE be an example of surrogate model building. In
Equation (3.1), the second order approximate of the model is de ned by the independent
variablesx, which are used to derive the coef cientghat produce the observed objec-
tive response value€R. Where the multidimensional variables are vectors or matrices, the

computational effort increases with generating the response surfaces [112].

Xk Xk X X
R(Xi) = b+ bx; + by xZ + b Xi X; (3.1)

i=1 i=1 i<j

Another other common form of surrogates are the Reduced Order Modeling (ROM)
category, which aim to project the model to a smaller subspace rather than approximate the
entirety, including Proper Orthogonal Decomposition (POD) and reduced basis methods.
POD speci cally relies on high-dimensional data to calculate a set of basis vectors that can
be projected onto a low-dimensionality linear space and then decomposed into the “modes”
of the model. Where reduced basis methods rely more on governing equations to project
the lower subspace “modes” [71, 113]. To run simulations of ROMs, the process typically
takes what it calls “snapshots” at different states, which are then used to propagate the
different modes forward. The simulation is dependent on the complexity, so many ROMs
may be combined with an interpolation process instead. The selection of the projection is
dependent on the linearity or complexity of the problem to be decomposed, and is limited
by the access to data or governing equations [71].

Hierarchical surrogates are a very speci c form that focuses more on making high-
delity modeling more accessible by simplifying assumptions about the physics of the
problem or using lower accuracy settings. Examples of lowering accuracy would be mak-

ing looser tolerances or the application of more coarse grids and larger spacial discretiza-

126



tions for the model. Simplifying assumptions or lower accuracy settings can impose more
statistical errors, but depending on the problem these approaches might be necessary to
reduce the cost of running the complex models and building a replaced Polynomial Chaos
representation or Bayesian formulation of the model. While these approaches can dras-
tically reduce the dimensionality or complexity, the problem is highly speci c and in the
research presented requires knowledge of the physics or underlying problem to be able to
solve the problem with acceptable levels of error [71].

When considering the use of surrogates and surrogate modeling, there are many ap-
proaches that remain inaccessible to the requirements phase. This relates to the need for a
highly de ned set of parameters, or mapping of designs and responses, and the complexity
of multidisciplinary design analysis to provide data for that mapping. The increasing com-
plexity of the models required to re ect a whole vehicle system, including the breadth of
subsystems, has been acknowledged by the rst industry gap. The individual approaches
themselves are important, and can be considered as a major resource in minimizing the time
and computational effort of running speci ¢ experiments for applicable models. Among
surrogate models are two main observations that surrogates are typically coupled with a
sampling approach or DoE to be able to map responses to the inputs. The second observa-
tion is the increase in needs for data to generate surrogates, which come from running the
necessary simulations to populate the response mapping needed for training and validation.
Surrogates enable various analysis methods that simple approximates do not. These include
MCS if needed, sensitivity and variability analysis, and a well established understanding of
prediction errors [89, 109, 103].

The last main type that this section will brie y discuss are the metaheuristic approaches.
Some of the most well known are Genetic Algorithms (GA) and Particle Swarm optimiza-
tion, otherwise some metaheuristic approaches can fall under the title of “machine learn-
ing”. The methods most commonly mimic theories in nature, and evolutionary principles

including Genetic Algorithms, bird swarming, and other representations that initialize a
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population response using preliminary data and then runs optimized searches based on
metaheuristic principles. The processes iteratively and adaptively build coef cients for the
response functions through different search algorithms re ective of natural processes. By
updating weights and biases with each performance estimate, the great exibility awarded
to these approaches enables tting equations for data, black box functions, or completely
unknown process through a more stochastic approach [85, 114, 61]. There are many advan-
tages to using methods such as the GA, demonstrated in some cases for aerospace vehicle
design around black box analyses [115]. The major disadvantages mirror those positives
by requiring interpretation of the model and understanding the responses, among needing
to have a good, reliable, set of data to start with [116].

With the variation of quality or standards of when using low- delity modeling tools,
historical data and and high- delity models are more trusted for benchmarking of per-
formance metrics. For vehicle designs with little historical data to estimate subsystem
performance measures, the more complex physics-based disciplines can be dependent on
high- delity tools. Examples of this include aerodynamics with CFD or structural analy-
sis with Finite Element Model (FEM) to get quality estimates when low- delity tools are
too simple for the conditions of interest. High-speed vehicles experience the lack of low-
delity tools that are trusted and validated, which is because some tools cannot simplify
or approximate supersonic ight regimes. Due to assumptions in equations of the model,
the computational effort is more dif cult to reduce. Access to CFD is an ongoing process
to enable conceptual design through dimensionality reduction [113]. Areas such as this
are prime examples for why surrogates have become the state of the art, increasing capa-
bility of building performance assessments by anchoring to a relatively lower number of
experiments for necessary analysis tools. When detrimental or uncertain performance re-
sponses could go unseen under what are often reduced systems, surrogates become critical
resources to accessing such information [109].

For the industry gaps identi ed, the assumption is that if models were available then
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the minimally constrained and high-level de nition of the vehicle during the requirements
decomposition would require reductions to enable design space exploration. Therefore
approximations or surrogates would be needed for the vehicle subsystem models, to either
reduce the cost of accessing the high- delity tools or running simulations quicker. This
process is applicable for low and high- delity models, but the selection of type is dependent
on the computational effort and complexity of the system. From this section, addressing the
different enablers to bridge the data and quantitative methods gap, observations were made
about design sampling and model reductions or surrogates, which can be summarized by

the following observations:

» The varied applications of Monte Carlo Simulation, surrogate models, andjre-
gressions demonstrate a key simplifying approach that is compatible with|the
DoEs and sampling methods for ef cient design space dimensionality reduc-

tion

* The complex system-to-subsystem mapping of requirements decomposjtion
of design characteristics, uncertainties, and performance responses must be

simpli ed and built into a modeling analysis to apply these tools

This observation highlights two main factors to be considered for this problem, rst the
signi cant reductions that occur through the combination of approximates or metamodels
and a design space exploration approach. The second includes the underlying need for a
modeling approach that is representative of the requirements decomposition, with which
the enablers presented in this literature. This section provided insight into the different
types data- tting, surrogate modeling, ROMs and metaheuristics that are demonstrated in
the vehicle design eld. The application of these tools for this research will be further
discussed in implementation Chapter 5 and Chapter 6.

The applications across approximations and surrogates might be different, but the needs
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Figure 3.8: Uncertainty Quanti cation Process [81]

of this problem are highly complex and the research will consider the appropriate approach

based on the de ned problem and models available.

3.4 Uncertainty Quanti cation and Decision-making

The second survey needed to further explore the components of the research objective is
within the eld of uncertainty. Uncertainty is both the general concept of not knowing or
being certain about something, but it is also an in uence on unpredictability and outcomes
in daily life to complex decision-making. In the eld of design, uncertainty and risk are
crucial hurdles in the early phases of planning. The identi ed gap in early practices drive
the need for numerical approach to evaluate and track the uncertainties embedded within
the program for decision-makers. Therefore, through the eld of uncertainty quanti cation,
or Uncertainty Quanti cation (UQ), a set of mathematical procedures breaks down how to
identify, examine, and navigate sources of uncertainty. UQ can be broken into ve steps
which are identify, characterize, propagate, and analyze. This is re ected in Figure 3.8
[81].

The proceeding sections will survey the philosophies of uncertainty classi cation, ex-
plore different strategies to characterize and propagate uncertainty, and through this high-

light how the applications are used to reduce or mitigate the embedded uncertainty.
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3.4.1 UncertaintyClassi cations

The philosophy of classi cation within uncertainty quanti cation is a phase in the identi -
cation of the forms of uncertainty present. Identifying or classifying uncertainty for a prob-
lemis the rst step towards studying how assign the sources with numerical quantities. The
early introduction to uncertainty and the complex vehicle design taxonomy in Section 1.2
provided a high-level overview of the top classi cations of uncertainty: aleatory, epistemic,
ambiguity, and interactions. A brief overview of these uncertainties for this taxonomy were
introduced, but a more thorough review of the different classi cations will be done here to
explore the de nitions in eld that help the research down-select uncertainties of interest.

Aleatory uncertainty is recognized as the main form of uncertainty that is considered
irreducible. The inherent randomness and stochastic nature means this is not going to be
addressed through more knowledge, but instead is commonly addressed through insensi-
tivity or robust design. The concepts of ambiguity and interaction uncertainty, speci cally
identifying the qualities of imprecision or vagueness and the unanticipated interactions or
disagreements in expert assumptions. Thunnissen introduces vagueness and ambiguity as
components in the taxonomy classi cations under systems engineering, those de nitions
acknowledge the vagueness associated with the theory aspect of systems engineering that
comes with a lack of clearly de ned boundary or evidence. Both ambiguity and interaction
were acknowledged to fall under a communication and management level, it is because
even the uncertainties associated with unclear evidence or dependencies are components of
that drive the information used to make decisions on lower levels.

Ambiguity and interaction uncertainties have an effect on the process of setting require-
ments. By de nition, these two are not as clearly addressed through knowledge, rather
spoken about through management expectations and risk mitigation which is not in the
scope of this research. Where epistemic uncertainty is classi ed under a single branch,
the different sub-classes are de ned to address more unique components of the design and

decision-making more directly.
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One concept that can be addressed is unknown unknowns, not always just applied to
the extreme outcome cases arising, or the inherently corner cases of the vehicle operation.
Unknown unknowns are considered to be a concept of uncertainty related to the effects of
the unknown design uncertainty [117, 118, 61, 119]. Examples of this would be those that
force distribution assumptions into the modeling and design process, or assumed response
behavior distributions and ranges that have repercussions. When there is uncertainty about
a distribution, whether that is the input or a response, the embedded uncertainty can be
problematic due to the dif culties in validation [117]. This type of assumption creates un-
certainties that go unrealized, therefore might go unknown until much later when a corner
case or unexpected phenomena occurs, otherwise it may not have repercussions that ever
make themselves known. This uncertainty is very important, but different than design un-
certainty. Design uncertainty re ects on undetermined aspects of the design, in comparison
to phenomenological and unknown unknowns which focus on the natural processes that are
not well understood.

Referring back to the original taxonomy in Figure 1.3, phenomenological uncertainty
is another area of research that focuses reducing uncertainties associated with the less un-
derstood phenomena and behaviors of a process. Phenomenological uncertainty is about
characterizing behaviors effectively, but is solved by validating them with data from im-
plementation and ight. The reduction occurs by informing distributions and decisions
through understanding natural processes better [32]. The research objective for this re-
search maintains focused on characterizing uncertainties caused by the design itself for
predictable scenarios that will inform decisions about normal operations. Therefore the
phenomenological uncertainty, both as the extreme case of operation and distributional un-
certainty will not be a direct focus of this research.

Human error is not going to be a focus of this research because many aspects of human
error are recoverable through program management, operational requirements, and direct

documentation [32]. Typically, human error occurs outside of requirements and will not
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be considered in this research as a major driver in the uncertainty of requirements and
constraints of a vehicle within the early phases of design.

Within the taxonomy of uncertainty speci cally focused on complex vehicle design
from Thunnissen, and rst introduced in Section 1.2 through Figure 1.3, design and re-
qguirements uncertainties are acknowledged as behavioral epistemic uncertainties. It was
previously determined that the other two behavioral uncertainties would not be addressed,
volitional and human error, because of their impacts on a different type of margin. While
that remains true, one clari cation will be made later in this section because of the inter-
pretation of requirements uncertainty which has some overlap with volitional, depending
on the perspective.

Prior to addressing the requirements uncertainty classi cation, de ning the main sources
of behavioral uncertainty are the actions of individuals and organizations [32] direct the un-
derstanding that this branch focuses on the sources where decisions are made with uncer-
tainty or not yet de ned because of uncertainty. Where design uncertainty is more specif-
ically caused by unde ned aspects of the design, that would be undetermined yet by the
engineers in direct control, design uncertainty re ects decisions not yet made. Examples
would be components not selected among a set of alternatives or unde ned design charac-
teristics [32, 41].

Where requirements uncertainty differs is the primary de nition that re ects an inde-
pendent organization or individual prescribing variables or speci cations for the design
[32]. Commonly, these would be de ned external requirements within a contract or regu-
latory constraints, but there is also another interpretation that requires further detail from
Robertson's uncertainty literature survey.

Robertson's thesis details an adapted taxonomy from Thunnissen, speci cally for the
development of space and launch vehicles. The taxonomy, is seen in Figure 3.9, can be
compared to the more generalized complex design taxonomy in Figure 1.3.

The space and launch vehicle taxonomy provides a different perspective in classi cation
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Figure 3.9: Taxonomy of Uncertainties in the Development of Space and Launch Vehi-
cles[41]

of uncertainty by differentiating between internally introduced sources and external sources
of epistemic uncertainty, endogenous (i.e., internal) and exogenous (i.e., exogenous) [41].
The presence of requirements as an external source in Robertson's space taxonomy, and
under the more generalized behavioral types in Thunnissen, are not necessarily con icting.
The the de nitions are more of an overlap, but spark a logical split of how “requirements
uncertainty” is de ned versus what it means to have uncertainty in requirements, which is
directly related to this research.

Beginning with Thunnissen and Robertson's de nition, they both clarify the interpre-
tation as being external sources that drive requirements uncertainty, under the behavior of
individuals or organizations outside of the program or design engineer. This is a common
use of this terminology, supported by the wide surveys done in Thunnissen and Robertson,
because this interpretation focuses on the high-level requirements such as the mission goals
(MOEs) or pre-determined constraints on the function or performance (MOPSs). The only
internal concept of uncertainty related to requirements is a component of volitional uncer-

tainty, those future decisions or changes that impact the foundation of the design. Typically
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those can be changes to requirements, either by external sources who update regulations or
contract needs, or internal sources that nd.

With this exogenous in uence, the relationship of requirements as an external source
breaks down to an uncontrollable nature of stakeholder requirements and changes [41, 120].
Without a secondary de nition of uncertainties related to requirements, the eld of research
could seem binary, that uncertainties in requirements are only caused by external sources
or else always known. While this may seem like a exaggeration, the focus of this research
falls under uncertainties within the requirements decomposition and allocation phase that
are not externally introduced and therefore drives the need to address the lack of de nition

the eld with an observation.

The de nitions of uncertainty related to requirements refer to only externally intfo-

duced uncertainties, and primarily address uncertainties that impact decisions under
the concept of design uncertainty, leaving an opaque de nition of uncertainties fec-

ognized during requirements decomposition and decision-making process.

This research does not intend to argue against that de nition, instead offers a secondary
re ection on the requirements that are derived by the organization or allocated by indi-
viduals. When considering the components of behavioral uncertainty applied to internally
de ned requirements, the taxonomy in Figure 1.3 could be interpreted to relate require-
ments to decision-making around risks, design uncertainty, human bias, or even error [32,
120]. In Figure 3.9, the alternative would be to have a requirements uncertainty component
on the left-hand side with the endogenous uncertainties. This argument is made because
a derived requirement often means it was coming from a standard, or the selection of an
alternative, within the decomposition process to meet the higher-level objectives. Where
derived requirements from a program standard or external requirement are considered an

uncontrolled aspect of the design framework, they can be named as an endogenous require-
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ments uncertainty. Otherwise, when programs are operating under a novel design, mission,
or with new technology there are more allocated requirements that have come from logi-
cal trades. Internal to the program, concepts or scenarios were explored and more directly
affected by decisions made under great uncertainties. The uncertainties are not just from
the unde ned design (design uncertainty), they also due to the need to de ne lower-level
branches of requirements decomposition. With a vast scope or limited constraints (from
external requirements), as well as the navigation of novel problems, uncertainty is preva-
lent outside of the traditionally de ned taxonomies. The scenario explained here is what
this researcher considers internally introduced, or endogenous, requirements uncertainty.
The internal requirements uncertainties come from within the organization or individuals
who are tasked with allocating lower-level requirements.

The model uncertainty branch is seen in the left-hand side of both Figure 1.3 and Fig-
ure 3.9. Where modeling approximations, assumptions or numerical estimates, and error
are an important aspect of state of the art integration of complex analyses. Models, or
tools, are typically benchmarked against an assumed truth data or baseline to quantify er-
ror, which approximates the prediction quality to validate the information coming out [28].
The use of modeling distributions and surrogate regression analysis are contributors to
building quantitative decision-making methods for uncertainty reduction or robust design.
Enablers of sensitivity analysis, variability analysis, probabilistic distribution functions for
performance likelihood analysis, and more [36, 81, 41]. A large body of UQ research aims
at addressing the concept of modeling uncertainty. The research re ected in Section 1.4.1
presents a host of explored literature addressing model uncertainties and errors associated
with using reduction methods. The validation of models and representation of model error
is studied by Oberkampf et al. demonstrate the different methods to estimate epistemic un-
certainties within numerical approximations and surrogates [10, 121, 38]. Other research
explores the model error and validation of surrogates for complex model simulation ef -

ciency and accuracy [64, 65, 66, 45, 71]. Components of uncertainty with respect to model
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Figure 3.10: Comprehensive Epistemic Uncertainty Taxonomy [Adapted from [32, 41]]

reliability are researched [67, 68, 69, 70]. With that, the research explored with respect the
representation and quality of a model has been explored through delity research [72].

The comprehensive uncertainty taxonomy in Figure 3.10 was adapted from two tax-
onomies, one for epistemic uncertainty of complex vehicle design [32] and the other related
to aerospace and spacecraft design [41]. The main reason to present this comprehensive
format is the viewpoint of an overlapping trend between different classi cations for re-
guirements that impact how this research will be able to address uncertainty. Research
from the comprehensive survey done by Robertson focuses on the concepts of internal ver-
sus external uncertainties, an important structure of separation for epistemic uncertainty
coming from the perspective of in uence related to those within the design process and
management structure (i.e., internal, endogenous), and those sources external or out of the
program control (i.e., external, exogenous) [41, 38]. The difference from the aerospace and
systems engineering representations of uncertainty from the comprehensive survey done by
Thunnissen is that he characterizes uncertainty taxonomies with requirements to be within
the design program. Although the two surveys agree that the terminology for requirements
uncertainty is associated with non-disciplinary decision-making, the systems engineering

process demonstrated in Section 1.3 outlines the internal effects of uncertain decisions dur-
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ing architecting of the requirements decomposition. Then, design margin allocation is used
to address the uncertainties embedded in those branches.

As is natural to the process of design, Figure 3.10 represents the epistemic uncertain-
ties of endogenous and exogenous separation, with the importance of clarifying there are
requirements that come from external program contracts, as well as those internal to the
program. The overlap can cause confusion when trying to speak about uncertainties in
the requirements allocation process because requirements include major scoping speci ca-
tions and constraints from external stakeholders, but not all of those can be controlled as
a comparison to those critical requirements de ned within the program during the design
process.

The speci cations and regulations designated in handbooks internal to the program or
external regulating bodies are often set from historical experiences with operations or fail-
ures, although there are cases of exception where the broader common industry standards
might be a benchmark for requirements to be built upon. In relation to the decision-making
uncertainty identi ed in the observation of Section 1.1, the requirements of interest and
uncertainties applicable are those internal to the program. While external requirements
are important, and drivers of the program, the motivation of this research is to improve
decision-making for those areas of control with quantitative or minimally subjective data.
Therefore, a major scope of this research focuses on the left side of the Figure 3.10, endoge-
nous forms of uncertainty relating to those within the design program hierarchies under the
contractual agreement.

With the broad taxonomy of uncertainty internal to the program, two main points can be
made to support the down-selection of the classi cation. First, to address all uncertainties
at once would be dif cult, mostly due to the inability to isolate the cause and effect of all
of the unknowns during requirements. Second, not all uncertainties have a direct impact
requirements decisions up front, even if they are present within the design process. In the

case of requirements decomposition and margin allocation for launch vehicle design, the
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key areas that have been identi ed as not within scope in this section so far are on the high-
est level of epistemic and endogenous uncertainty: human error and phenomenological
uncertainty. In exploration of the margin allocation and requirements architecting meth-
ods in Section 1.3, the design uncertainties have a large effect on design margins. While
research has been explored addressing volitional uncertainties, or requirements changes,
and the technological uncertainties, the design margin aspect for this research has been
motivated to fall under the internal requirements de nition of the uncertainty taxonomy

inFigure 3.10. This conclusion can be summarized in the following observation:

Design uncertainties have a wide effect on decisions during crucial requirementsg and
conceptual phases of design, but the uncertainties associated with statistical |mea-
sures and predictions to allocate margins are primarily caused by parameter upcer-

tainties

From this context, it is clear that the areas under design uncertainty and internal re-
quirements are re ected by three primary areas: uncertainties associated with the use of
statistical methods to determine numbers or probabilities, prediction uncertainties, and pa-
rameter uncertainties about what is yet to be designed or xed [32]. The three uncertainties
are driven from both the components of design uncertainty and those related to qualitative
and quantitative approaches used to support requirements decomposition decision-making

and margin allocations.

3.4.2 UncertaintyCharacterization

The identi cation of sources of uncertainty enables characterization of behavior. Charac-
terization of uncertainty re ects the assessment of how the sources of uncertainty are rep-
resented mathematically. The representation of uncertainty is explored in the literature by

applying different probabilistic and statistical methods [81, 122]. Most common methods
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for numerically representing sources of uncertainty include approaches such as probabil-
ity theory, possibility theory, evidence theory, and interval analysis [122]. With respect to
risk analysis and systems engineering communities, the use or probabilistic analysis and
scenario-based decision-making is done through the application of probability theory [5,
81]. The representations utilized within probability theory vary with the assumptions and
sources of uncertainty, as well as the philosophies carried by probability theory with re-
spect to the objective versus subjective representations. To best explore how probability
theory characterizes sources of uncertainty, a brief background will be provided on the

fundamentals and the two philosophies.

Probability Theory Foundation and Philosophies

The mathematical principles of probability theory are well documented across probability
and statistical methods. Over time, the capabilities of computational methods and appli-
cability has greatly grown to many disciplines that handle statistical games of change or
make decisions based on statistical inference [91, 123]. The associated decisions made
from probability theory are built from the principles of probability and assignment of ran-
dom distributions to speci ¢ quantities, or random variables. Within the selection of these
random variables and distributions, there are two primary philosophies that are regarded as
the objective (frequentist) and subjective (Bayesian) approaches [81, 123]. The principles
of probability theory will outline the foundation of the random variable and distribution
guantities, as well as the explanation of possible outcomes. From this, the philosophies
will be explored.

The mathematical representation of probability operates with the random distributions
associated to quantities. The quantities are referred to as random variables, which are de-
scriptions of a real number assigned to an outcome within the sample space. An example
of random variable would be in performing experiments, the description of the random

variable state is to produce a speci ¢ numerical outcome, within an experiment subjected
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to uncertainty the same value of random variable could produce different outcomes. Prob-
ability theory explains the associated possibilities of different, non-identical, outcomes and
expands upon them with rules to de ne probabilities of different occurrences[123].

Each outcome of a random variable on its own can be an event, but given two events
the relationships are denoted by either an intersection or union. For two outcAraad,
B, the intersection is considered to be where elements from both are the same, denoted by
A\ B. Where two event8 andB are comprised of both similar and different elements, the
union is considered the elements that could produce eftteB , but not the intersection,
which is denoted byA [ B. In cases where the events are mutually exclusive, the notation
isA\ B =

Where a single value of a random variable is associated with a likelihood of an outcome,
the description of the many possible values of that random variable describes a probabilistic
distribution, which represents the likelihood or probability associated with each possible
value [91]. For a sample spa& if a nite set of elementE; has an associated value for
probability f (x), the function is regarded as the probability mass function (PMF). In the
case of evaluating the probability of the evéntthis probability is the summation of all
the probabilities associated with the elements withinThe de nitions provided here are
governed by the axioms of probability, which de ne the properties which each element of

a set of events must satisfy [91]:

1. P(S) =1, for sample space S
2.0 P(E) 1,foranyeventg;

3. For two mutually exclusive evenks, andE,, E;\ E; =

P(Ei[ E2= P(E1) + P(E2)

The simple axioms represented were applied to discrete examples within the nite or

countable sample space. Where the PMF is a representation of the the possible values of a
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discrete random variable, there is a piece-wise representation of the Cumulative Distribu-

tion Function (CDF) which is de ned as:

X
F(xX)= P(X x)= f(xp) (3.2)

Xi
The axioms are expanded to form functions that represent continuous spaces, com-
monly de ned with respect to a Probability Density Function (PDF) and Cumulative Dis-
tribution Function (CDF) [91, 123]. The de nition of the PDRAHx), describes the proba-
bilistic distribution of a continuous random variate The following characteristics of a

PDFs are described for all real valuesXof
1.f(x) O

Rl
2. ] f(x)dx=1

Ra
3.P(a X b= _f(x)dx

The PDFs describes a probabilistic density, or frequency, of the continuous random
variable distribution over the speci ed range. The third characteristic represents the inte-
gration, or area under the curve, which de nes the probability of the random variable to be
within the speci ed range, from poira to pointb. Where the CDF is de ned as(x), for

a random variable , over all real numbers.

Z

F(x)= P(X x)= ' f(defor 1 x 1 (3.3)
1

The CDF is de ned for all values of the continuous random variable, where the func-
tion is also differentiable the fundamental theorem of calculus de nes the PDFs as the

differential of the CDF, which is re ected in Equation (3.4) [91]:

y
d < x _dF(x) _
o, [di= === 10 (3.4)
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The CDF describes the cumulative probability of the continuous random variable, the
integration of the probability function provides the cumulative probability for the subset
of random variables within the distribution intervals of integration. Where more than one
random variable is de ned, an important relationship de nes the representation of both.
Say, for two continuous random variabl¥sandY, the joint PDFss can be de ned as
f (x;y). With the assumption that the continuous functions are de ned within the region,

R, of a two-dimensional space, the characteristics for the joint PDF are de ned [91]:

1. fxy (X;y) O;forallx;y

R1 Rl
2. fxy (X;y)dxdy =1

1 1

R R
3. P(X;Y)2R)= r Fxy (X;y)dxdy

The joint PDFs can be distinguished between the representation of a joint PDFs for
both random variableX andY versus the two individual variables, which is described
by the marginal probability density function. The main difference from the joint PDFs
described above is best described by an example, say, for all points in the re{iqryof,
the marginal PDFs for the random varialde fx (x), the joint PDFsf xy (X;y) would
be evaluated only for the full domain &f. Both the joint and marginal PDFss are used to
de ne conditional distributions, numerically producing conditional probabilities associated
with dependent or independent events. Conditional probability of two events can be de ned
in many ways, but the nomenclature reads the probability of e&emiven evenB is the

product of the Equation (3.5) shown here:

P(A\ B)

P(AIB) = 5 e

(3.5)

The simplest form of conditional probability represents the foundation of Bayes theo-
rem, which as the skeletal structure of Bayesian methodology is used to inform the subjec-

tive philosophy of probabilistic theory. The Equation (3.5) includes the union of events, but
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can be rearranged into the intersection of eventsAfgivenB andB givenA, as written

[91]:

P(A\ B)= P(AjB)P(B) = P(BJA)P(A) (3.6)

By rearranging the two equations on the right hand side of the union, in Equation (3.6),

Bayes' rule formed the theorem in Equation (3.7):

P(BjA)P(A)

P(AB) = 5

(3.7)

Bayes theorem is a simple representation of a crucial mathematical relationship. De n-
ing the probability of an event given speci ¢ conditions, Bayes theorem is decomposed to
nd the information needed and can be widely expanded upon for mutually exclusive con-
ditions and exhaustive events [91, 123]. Bayes theorem drives the Bayesian method, which
is based on the statistical estimation methods used in building models [123]. Bayesian

methods will be discussed in relation to uncertainty in the following section.

Objective and Subjective Probabilistic Approach

As a part of probability theory, it has been acknowledged that the two philosophies are
separated by those approaches denoted as objective and those as subjective. The objective
approach is the most traditional application, de ned by a classical interpretation of proba-
bility based on the assumption that all outcomes are equally likely [30]. The objective view

of probability theory is based in the classical games of chance, de ning the probability

of an event as the total number of outcomes that make up a desired event divided by the
total number of outcomes possible [30, 91]. As the concept of chance has expanded, the
objective view is also interpreted to follow the relative-frequency, or frequentist, approach
through physical identical trials to de ne the probability of an event [30]. In the context

of a random variable probability models, the PDFs requires use of a speci ¢ model. There
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are many different probability models, examples such as the uniform distribution, normal
distribution, or triangular distribution [91]. The PDFs for each random variable model de-
nes a function with a single parameter, or set of parameters, which are represented by a
vector. The viewpoint of the objective philosophy is that the vector of parameters are deter-
ministic, and estimating those values de nes the problem being solved when determining
which model to select. Where the uncertainty in the parameters themselves is represented
as con dence intervals, representing variability due to stochasticity, the repeated measuring
of the outcomes de nes the behavior that determines the model [81].

The objective approach is the most clear, there is a straight forward capability to sim-
ulate and repeatedly measure the phenomena of interest. The objective interpretation is
not applicable in cases where repetitive experimentation has not been done, or cannot be
performed, to measure the phenomena [81, 30]. For circumstances where the utilization
of the objective interpretation is not applicable, an alternative interpretation of probability
theory can be applied.

The subjective interpretation of probability theory refers to the view of probability as
the degree of belief [30]. Often, this refers to subjectivity as a probability associated with a
person or judgment. In application to probabilities selected without existing “truth” data or
random experimentation, the reference to subjective probabilities does not refer to an ob-
served behavior. Differently than the objective interpretation, a Bayesian concept utilizes
the subjective information about the probability parameters and applies a random distribu-
tion rather than a deterministic vector. The distributions themselves represent the subjec-
tive viewers belief about the behavior of a random variable or complete lack of knowledge
[81]. As knowledge increases about the parameters, from simulations or experimentation,
the data-driven approach uses sampled data in conjunction with knowledge to make statis-
tical inferences about the behavior. The more sampling done, the function becomes less
subjective and more objective, to a degree. In many cases, the application of Bayesian

methodologies are used to study the phenomena of interest from the random variable dis-
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tributions. The utilization of simulation, and Bayesian methods, integrates observation data
with which to make an inference on the behavior of the parameters and the function. These
methods still rely on more subjective starting points, and therefore are not wholly objective

due to the classical approach solely determined by identical experiments with repetitive

random sampling. [123].

Aleatory and Epistemic Characterization

The different interpretations of probability theory inform how probabilistic determination

is viewed based on the source of information and assumptions that are made. Characteri-
zation has been acknowledged as the mathematical representation of an uncertainty source
behavior, this is represented by the representation of a probabilistic distribution model [81].

It has been widely agreed upon by the literature across the uncertainty and design com-
munities that purely aleatory sources of uncertainty should be characterized by a probability
density function PDFs, with scalar, deterministic model parameters [121, 10]. The char-
acterization of aleatory uncertainty adheres to the objective interpretation of probability
theory. Where epistemic uncertainties are much more broad, there is no consensus on how
epistemic uncertainties should be characterized. The literature presents different views,
based on the interpretations of probability theory and the scenarios that can be represented
by certain probabilistic distributions models [81].

Gatian performs a comparative literature survey exploring the uncertainty community
to identify a single approach to epistemic uncertainty characterization. In her research, Ga-
tian summarizes the difference in opinions based either following the objective probability
view for epistemic sources or the Bayesian methodologies representing sources through
probability functions [81]. The objective viewpoint applies a similar process to that of the
aleatory uncertainty, modeling a PDFs for the random variables from the observed variabil-
ity. In this approach, the motivation is driven by the de nition of epistemic uncertainty as

an interval with no associated likelihoods in that interval [10]. There is a contentious com-
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ponent in the interpretation of this objective de nition, where no likelihoods is interpreted
as having no associated distribution or the assumption is that the each value is equally
likely. The uniform distribution application assumes each value is equally likely, where no
one value has associated likelihoods, and is used to re ect a complete lack of knowledge
about epistemic uncertainties with limited bias [81, 30, 10, 68].

The Bayesian methodological approach is considered an improvement upon purely sub-
jective approaches, which begin by assigning a PDFs to represent the degree of belief, or
lack of knowledge, for an estimated uncertainty parameter range. The Bayesian probability
view does not necessarily begin with experimental data, or observed outcomes, instead en-
ables the use of experimentation for statistical inference upon the elicited information from
experts. Bayesian methods also enable a combined study of both aleatory and epistemic
uncertainty effects [123, 81].

One of the primary outcomes of the epistemic characterization literature is that for ei-
ther the objective or subjective interpretation, a set of parameters and intervals are needed.
The selection of the distribution is where the methods diverge. Expert elicitation and data
reduction are the two primary modes of de ning probability distributions or intervals for
sources of uncertainty. Data reduction is the result of collecting what is deemed a “suf-
cient” amount of observation data to infer the uncertain parameter variability [81]. To
inform the selection of an appropriate random variable model (i.e., uniform, normal, tri-
angular, etc), the behavior of the quantities of interest are assessed from the observation
data, historical knowledge of the quantities, or from the judgement of experts [124, 125].
The characterization of uncertainty with a random distribution model requires one last step,
de ning the parameters of the random variable model. These are often with respect to sta-
tistical metrics such as mean, variance, skewness, kurtosis [91]. Estimating the parameters
when there is observed data is often done through Maximum Likelihood Estimation (MLE),
which incorporates aspects of Bayes Theorem for conditionality to solve for the estimated

uncertainty parameters which meet the observed behavior [81].
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SMEs are utilized to inform the subjective probability distributions in cases where there
is not enough data, or no applicable data, from which to draw conclusions or estimate the
function parameters. SMEs provide many different components of support for this step.
Beginning with the previously mentioned purpose to inform the appropriate probability
model, the inference of previous knowledge is broad, but the reality is that there is a de-
pendence on their experience and knowledge of the underlying physics for the problem or
entity being studied. It is presented by the uncertainty eld that where there is a lack of
knowledge, the approaches utilize the interval of the epistemic uncertainty parameter and
makes the objective philosophy assumption for a uniform distribution is questionable, but
more re ective of the unexplored space. Outside of model selection, SMEs with experience
can also provide estimations for model parameters of the distribution function, con dence
estimates for the parameters, or inform bounds on the actual entity being modeled [81].

One drawback, as seen by the uncertainty community, is that forming subjective prob-
ability distributions, from the elicitation of expert opinion alone, to be operated on within
probability theory, is not seen as a trusted approach due to the aforementioned layers of
belief or knowledge [30]. It is often recommended to use the “several heads are better than
one” approach or combination of empirical evidence with the use of SMEs [30, 81]. This
is re ected in nding alternate sources of historical data, experts, or experimentation to
increase the observed information and reduce the degree of belief.

The different characterization methods presented re ect how the uncertainty commu-
nity addresses the input uncertainty based on the access to data, knowledgeable experts,
and capability to run repetitive simulations. The objective approach is most trusted, but
also the most constraining, while the frequentist or subjective approach can have more nu-
ance with what is taken as an informed decision versus a degree of belief. The methods in

this section are summarized by the following observations:
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Figure 3.11: Monte Carlo Uncertainty Propagation Method [81]

Observations

» The objective view of uncertainty can be limiting in the application to epis-
temic uncertainties, requiring extensive observed data or simulations to make

full inference on the factor behavior without a degree of belief

» A complete lack of knowledge about the random distribution parameters and
function is commonly characterized by the subjective assumption of a unifgrm

distribution, where outcomes are all equally likely, but is not always realisti

C

for existing complex system design problems

» The application of the Bayesian method utilizes a more subjective approach
up front to inform model parameters, building inference from a smaller simu-

lation space to update the function parameters through statistical methods

» The effective application of learning approaches to bolster subjective unger-
tainty characterization will be more computationally heavy to support the nec-

essary simulations for statistical inference

3.4.3 UncertaintyPropagation

Uncertainty propagation is the third step in the uncertainty quanti cation process, map-
ping the input sources of uncertainty to the response outcomes from the simulations. By
mathematically representing the characterized uncertain inputs as probabilistic functions,

or distributions, the simulation outputs of interest will also be uncertain and re ect proba-
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bility functions [10]. The approaches to propagation are applications of the more generic
modeling and simulation methods presented in Section 3.3.3 and Section 3.2. One approach
to uncertainty propagation is through sampling methods. The use of sampling methods are
applied to gather a select set of samples for repetitive simulations, to a point where there
is suf cient data to properly characterize the output probability distributions or functions
[81].

The sampling techniques presented in Section 3.3.3 are different approaches to charac-
terizing the needs of the simulation. It was acknowledged that the selection of a speci c
technique is dependent on the range of the design space, but for propagation it highly de-
pends on the execution time of the simulation and complexity of the model. Using simple
random samples does not require prior consideration of the distributions given to simu-
lation, besides the range for each uncertainty input. More complex techniques focus on
sampling for a speci ¢ behavior, which is what drives the importance of experimental de-
sign.

MCS is a widely used probabilistic design approach for sampling, especially well
demonstrated in the eld of aircraft and spacecraft design [89, 41, 37, 34, 55, 126, 127].
The characterization of the output probability distribution, as a PDFs or CDF, as an ob-
jective function can be done using MCS. The underlying analysis of MCS leverages the
de ned probability distributions to create a set of input vectors driven by the characteristics
of the distributions and ranges. The process repetitively re-samples the input vectors to
be simulated through the physics-based or numerical analysis codes. The outcome of the
experimentation is an objective function of the likely outcomes, seen in Figure 3.11.

Increasing the number of input distributions has a direct relationship with the number
of samples needed to form the objective function. Typically, MCS runs thousands, if not
tens of thousands, of times. Which is prohibitive if the analysis codes are computationally
slow or complex, which drives simpli cations to be used. Among the methods described

previously as enablers, the alternatives presented in the literature include creating surrogate
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models, or model approximations, of the complex physics analysis to increase ef ciency in
running MCS [45, 55, 34].

In cases of building surrogate models as a replacement for the underlying physics mod-
els, the reduction in complexity has tradeoffs between accuracy and computational time,
but with the wide body of research aimed at model error and model uncertainty reduction
this process can be managed to a degree. To build the model for the use in propagation
simulations, the type of surrogate depends on the underlying physics. The model effects
and interactions are important factors to consider. For example, the application of a second
order RSE can capture simpler linear or quadratic model effects, and up to two-variable
interactions [109]. Where surrogates such as Polynomial Chaos or ANN are modeled more
based off of machine learning techniques, which is built by mapping the inputs to the out-
puts through a model training process against observed data [103, 116].

Surrogates and approximations are developed through a DoE, that captures the desired
samples within feasible ranges of the input variables and regresses the simulation outputs
from the analysis code. Depending on the surrogate, this can drastically reduce the number
of times the analysis is run to build the lower computational cost model. The process further
drives the importance of the input-output relationships in a DoE, where surrogates are a
function of the inputs in the way the physics analysis operates, but can run exponentially
faster which enables MCS to propagate the input uncertainties [81].

Another propagation approach focuses on replacing the need for MCS by replicating
the analysis done using lower order modeling tools, with fewer simulations. The FPI tech-
nique is a process developed to use the Most Probable Point (MPP) analysis, commonly
used in structural reliability, to estimate the probability of occurrence for a possible objec-
tive value from the analysis code. There are numerous ways for the MPP analysis to be
applied, through the traditional First Order and Second Order Reliability Methods (FORM,
SORM), Advanced Mean Value (AMV) method, and even adaptive approximations [128,

55, 129]. The repetitive MPP searches use local optimizations to identify the MPP, which
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approximates the probabilities of the objective function, which eliminates the need for sur-
rogates or running a full MCS. The limitations of this method are those associated with
using approximations, depending on the complexity of the model and dimension of the
space the accuracy or ef ciency changes.

One key note, to carry as this section goes forward, is that the choice of modeling
method can be impactful at introducing uncertainties while the overall aim began at gath-
ering information in attempt to reduce uncertainty through the provided response distribu-
tions coming from the models. The relationship between modeling uncertainty and design
uncertainty is an active eld of research, falling under many areas of study including uncer-
tainty quanti cation, reliability analysis, and modeling validation methods [31, 130, 45].
The research presented in this section will aim to identify both the limitations and capa-
bilities between the different approaches. Based on the relationships within the data or
complexity of the system the uncertainty or applicability of the model will have to be a
part of the selection in this research. The use of M&S methods is a privilege not often
awarded at this phase, this is considered more conceptual design or preliminary design, but
the methods utilized to reduce design uncertainty in these phases can inform where success
is seen and will be discussed in this section.

To understand the different forms of approximation, addressing the concept of delity to
clarify the language as well as context will support the following research on why different
reductions are applied and how it can differ between modeling methods. From this base,
the research will review different forms of approximation to outline their applications and

limitations.

152



» The way distributions are selected, either subjectively for an estimated RDF
interval or through analysis will impact how the responses behave through

propagation.

» To propagate the uncertainties embedded in the lower-level designs, a rapid
approach to evaluate impacts of component level uncertainties on high-level

performance metrics will be crucial.

A large part of the UQ method includes the analysis portion, which takes the propagated
uncertainty data to be used for further decision-making. The analysis and mitigation aspect
of United States (US) applies more complex sensitivity analysis tradeoffs, identifying in-
dividual impacts or attaching weighted metrics for decision-making. Another common
application is the optimization, trading design characteristics and uncertainties to meet an
optimality condition for the response [81, 36]. For this phase, the assumption is that there
are simulations or approximations that produce quality trusted data to inform the impact of

uncertainty on the problem.

3.4.4 MeasuringUncertainty

The quanti cation of uncertainty includes different phases of numerical assessments around
the sources of uncertainty introduced into the modeling analysis. The numerical quantities
to measure uncertainty are important because they communicate different types of infor-
mation about the models or the data. The distributions representing random variables carry
inherent statistical measures that re ect the mean, variance, skewness, and even kurtosis.
The mean, or expected value, of a probability distribution represents the value of the central
point for the respective behavior of a random variable. The expected value is not neces-
sarily the most likely value because the type of distribution function changes the central

tendencies of the expected value. For a PDFs of the random vaKghiguation (3.8)
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provides the expected value formula foras the realization of the full random variable
rangeX [91].
Z
EX]= = f(x)dx (3.8)
R

The statistical signi cance of the expected value represents a distribution's central ten-
dency, but the variance is more effective for comparing the overall spread of a distribution.
The variance formula in Equation (3.9) measures the dispersion, or scatter, for all possible
values of the random variable.

X
VarX]= ?=E[X )= (x ) (3.9)

X

The variance is the square of standard deviation. Where the variability of a distribu-
tion is a scalar measure that re ects the dispersion around the centralized value, otherwise
meaning the wider range of responses rather than a more centralized trend [91]. While
these values are useful quantities to communicate the behavior of a distribution, the ap-
plication to communicating subjective uncertainty is argued to be more effective by using
guantiles or probability measures from a CDF [81].

The CDF re ects the cumulative likelihood in meeting a speci ¢ objective, and quan-
tiles provide more information about the con dence within the intervals of interest. Where
there is a stated goal, or objective value, assessing the uncertainties associated with sat-
isfaction can be quanti ed from the CDF with respect to the probability of meeting the
objective value. Con dence is the measure of reliability for the data explored, measuring
the con dence in the objective from a CDF re ects a certain percentage of the explored
space that has likelihood of performing at the objective or below (if minimizing), and at
the objective or above (if maximizing). The Probability of Success (POS) communicates
a scalar value for the objective function, quantifying the likelihood of meeting an objec-

tive or enabling the comparison of uncertainty for different values [81]. The converse of
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each re ects the failure probability. Quantifying the POS depends on the objective function
direction of improvement, Equation (3.10) re ects the equations whether the objective is

being minimized or maximized for a godl, with the CDFF (X).

8
2 F(X); if minimizing

POS= 5 (3.10)
-1 F(X); ifmaximizing

The other component of dissecting subjective con dence levels for a distribution is
evaluating the range of plausible values. The con dence interval re ects a speci ed level
of reliability for the simulation, or experiment, that produced the data mean and variance.
The bounds for a con dence interval determine the con dence percentage that a random
sample from the distribution will be within the range, often specifying a 90%, 95%, or 99%.

A 95% con dence interval describes the reliability of a repeated experiment, where 95%
of all samples within the interval are expected to contain the true mean of the distribution,
with only 5% of samples re ecting an error [91].

Outside of distribution uncertainty measures, there are measures of uncertainty with
respect to models, or model error. Concepts of model quality or statistical likelihood of
predicting the correct value are commonly used in the development of surrogate models.
Different measures can be used for the breadth of surrogates, the measures re ect what the
designer needs to know on quality of tting and error. A common measure in surrogate
models, such as RSEs and ANNSs, use the R-SquRdewhich measures the variance
explained by the model. Others include Model Fit Error (MFE) and Model Representation
Error (MRE), which calculate the error with respect to the training data versus validation
data, or random cases [100, 89]. Another would be the standard deviation and mean error,
which re ects the standard deviation of the model error rather than the standard deviation
of the model. The standard deviation and mean of the error re ects the distribution of the
errors for the cases explored, a large dispersion away from the mean re ects a large error

variability for different cases. Many more are de ned in the Section B.3.
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3.4.5 SensitivityAnalysis

Sensitivity Analysis (SA) was previously mentioned as an enabler of early phase design
dimensionality reduction in Section 3.3.3, but sensitivity analysis plays a different role in
uncertainty quanti cation. With the many components of uncertainty, quantifying the ef-
fects of speci ¢ sources of uncertainty on the responses is commonly addressed through
sensitivity analysis. The capabilities provided improve the understanding of which inputs
drive a speci c response, and quantitatively measure the impact and variability of the re-
sponse. SA is used to both inform the behavior and to apportion the response uncertainty
to a set of variables within the design problem [10, 81] This process is often used to re-
duce the impact of epistemic uncertainties, whether that is through screening, coupled with
reliability, or design for robustness [9, 131].

The different types of SA address either local or global sensitivity. SA has evolved
from analyzing uncertainties associated between speci c inputs and model parameters to
characterizing the effects of for all inputs across the model [132]. The applications of Local
SA (LSA) relates to the isolation of individual variation from the nominal baseline, where
the uncertainties in performance are quanti ed in relation to a reference parameter. Local
SA uses a patrtial derivative method, conducted by adjoint methods or algebraic methods
[81, 133]. LSA measures the impact of the inputs while holding the others constant, at
the nominal baseline. The practical application for LSA methods are for linear models and
small variability around the baseline is needed.

The Global SA (GSA) approach can be more broad, incorporating uncertainties from
the model simulation as well as the other input factors [133]. The relationships demonstrate
the impacts of changing the range and shape of the input variables, while not necessarily
xing the others. Depending on the model and sampling experiment, GSA methods can
capture rst order effects of individual variables, up2b 1 effects withn uncertain-
ties. Conducted using a diverse range of methods, a common approach for quantitative

assessments is Analysis of Variance (ANOVA), to support preliminary diagnostics or ro-
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bust decision-making [134, 61]. Both LSA and GSA methods perform a quantitative as-
sessment, from which the uncertainties can be ranked to inform drivers of variability or
change. In decision-making approaches, measures such as importance, sensitivity index,
and rst order effects are used to support ranking.

Another alternative to LSA and GSA is the Distributional SA (DSA), which operates
differently. Instead of ranking factors the way traditional LSA or GSA do, DSA trades
their effects to apportion a reduction of an output as a function of the changes to the input
variables. DSA is a newer body of work, exploring the iterative updates to meet a nomi-
nal reduction by using sensitivity index functions of the uncertainties, then trading partial
variance reductions with simulations and applications of ANOVA [135, 136]. A similar
tradeoff sensitivity analysis, with different fundamental algorithms is the Copula method.
Copula functions de ne the random variables in a system through joint probabilistic rela-
tionships. Through simulations of the predicated functions, the correlations of the system
are mapped to support the understanding of dependencies between inputs, and all those
inputs with the responses [137, 63]

The choice of SA depends on the type of information needed for decision-making and
computational time of the models, this is because the more complex SA methods require
many simulations or iterations to map the behavior. Each approach will have different
relevant measures of uncertainty presented, as well as the depth of analysis required for
either high-level scoping decisions or numerical analyses (e.g, ANOVA). DSA methods are
more complex by requiring model reductions to enable simulations for the iterative trade,
but these do provide more tradeoff capabilities between measures. While LSA can also
require model reductions, the treatment of factors as independent reduced the complexity.
Where LSA and GSA are both well demonstrated for ranking and decision-making, the
model delity and computational effort still limits the capabilities.

Screening methods are used to reduce the space, providing more high-level analysis to

simplify the uncertainty space. Model reductions may still be necessary to be able to per-
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form sensitivity analysis, but the sampling will be different than for a full scale sensitivity

analysis. Itis common to apply response surface modeling for screening, or down-selection
of con gurations, because of the limited experiments needed to explore the main effects be-
havior of a design [138, 127, 139]. The number of cases required will depend on the needs

of the problem and detail of quantitative analysis expected [81, 133].

3.4.6 UncertaintyQuanti cation SummaryandObservations

The classical view of uncertainty, an objective approach, can be more restrictive with the
assumption of equally likely outcomes. The frequentist interpretation is considered sensible
for simpler problems where extensive data can be collected, but for complex problems this
can be less practical or more questionable if uncertainties inhibit the ability to replicate the
experiments with identical trials[30]. The previously observed limitations in accessible data
or translation of data to a new problem will have an effect on the ability to apply an objective
approach. It has been demonstrated that through the elicitation of expert judgement and
applied numerical methods there is a spectrum between the Bayesian approach to the fully
subjective determination of probabilities. The differences include simulation and learning,
partial integration of expert elicitation for behavioral insights, and acknowledged complete
lack of understanding.

The methods presented show the importance of integrating modeling or quantitative
analysis to update understanding about the behavior of the inputs and outputs, reducing
the subjectivity of the characterized uncertainties. The uncertainty quanti cation tools that
have been demonstrated for effective identi cation and characterization include sensitivity
analysis, probabilistic simulations, iterative Bayesian methods, and elicitation of expert
judgement. The propagation of uncertainty was presented with many different approaches,
but the underlying process includes simulating the probabilistic uncertainty functions to
produce probabilistic responses. The propagation of uncertainty effectively presents the

response as a function of uncertainty, quantifying the variability and mean behavior of the
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response due to the input uncertainties.

Bene ts of the integration of M&S and quantitative decision-making into the design
process includes the dimensionality reduction for a smaller experimental scope. The uti-
lization of sensitivity analysis for the identi cation and characterization of uncertainty has
been shown in the literature, depending on the complexity of the analysis needed to make
decisions. Research where dependencies and sensitivity trades are used to optimize a de-
sign decision, more complex sensitivity analysis approaches are needed [133, 131]. The
application of screening for driving factors, technology impacts, or insensitive design al-
ternatives is used as simpler alternative. This simpler approach has also been used in siz-
ing and synthesis of performance dependencies on design con guration choices, but often
requires surrogate modeling to develop the mathematical relationships for sensitivity anal-
ysis [36, 140, 81]. As with any M&S intervention, limitations with computational cost and
complexity of the system change the capability to build reliable data.

Although the methods of trading high-level design parameters and responses are not
necessarily new, the novelty required by this gap focuses on improving critical performance
estimation to reduce uncertainty in the beginning of the design when these metrics are
typically not constrained yet and the modeling is limited. The application of these methods
to the requirements decomposition process, or for decision-making in margin allocation,
will be explored to identify how to bridge the gap to implement the needed modeling and

simulation methods. From these conclusions, the following observations are made:
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Observations

» The foundation of uncertainty quanti cation is through the application of prop-
ability theory, which ful lls the needs for a probabilistic design approach Ry
building a mathematical map between the uncertain factors and the variahility

in the responses

» The limitations in data and repetitive simulations will affect the ability to char-
acterize uncertainties through an objective approach, but the integration of data

and expert elicitation has been demonstrated as an effective alternative

» Sensitivity analysis methods are well demonstrated tools for both dimensiopal-

ity reduction and enablers of uncertainty characterization, with type selection
varied with the depth of information needed and computational effort of the

underlying modeling analysis

3.5 Methodology Literature Summary

Throughout this chapter, the explored literature covered the the two main areas that are ad-
dressed by the industry gaps. To identify a possible modeling alternative that supports de-
sign trades and probabilistic performance estimates, the eld quantitative simulation envi-
ronments was surveyed. The two environment types presented re ect a SoS and the MDAO
platforms, with varied architectures for multilevel or multidisciplinary parametric studies.
The alternatives were shown to bene ts for different applications. The uni ed tradeoff
environments, UTEs presented in Section 3.3 demonstrate a campaign and mission-level
tradeoff capability, exploring the impacts of system and subsystem-level uncertainties and
technologies on the effectiveness of the mission. Other examples of the UTEs included eco-
nomic requirements studies, informed by the design optimization or trades of the eet to
project the viability of an investment. The MDAO environments presented a wider range of

application, showing detailed design optimization to vehicle architecture optimization with
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multiple disciplines integrated in different modeling and optimization architectures. The
observations acknowledged the bene ts from both alternatives, with components of each
providing different aspects of the requirements design trades that are needed. The contin-
ued impediment to their direct application is the relatively unde ned nature of the vehicle
during the decomposition process of requirements, and therefore a translation from the
requirements to meet a modeling architecture and tradeoff environment would be needed.

The second area of this literature provided a broad survey of the process of uncertainty
guanti cation and implementation. The research in Section 3.4.1 addressed how uncer-
tainties are classi ed, the nuances between requirements uncertainty and uncertainties in
requirements, and made observations on the area of quantitative assessments that impact
those decisions. Section 3.4.2 introduced the formal process of characterization, exploring
the probability theory foundation and viewpoint of the objective and subjective methods.
The insights of characterization are used to numerically represent uncertainty to provide
the simulation process a better representation of the impacts on the design.

In the investigation of how uncertainty is propagated, and then reduced through decison-
making, was demonstrated as the foundation for mapping the characterized uncertainties to
a probabilistic response. The solution methods to propagation utilize simulations, approxi-
mations, or a combination of surrogates and simulations to provide a probabilistic function
of the response that is a conglomerate of the uncertainties explored. The methods presented
included the assistance of state of the art modeling and simulation as one alternative, with

rst-order approximation or reliability methods as a second alternative to brute force MCS.

It was observed that to integrate substantiated analyses and probabilistic solutions into
the existing requirements decomposition process, the modeling methods presented in Sec-
tion 3.3 would need to be adapted using the enabling tools described in Section 3.2 to
reduce the complexity and dimensionality. These enablers would provide the propagation
through a simulation environment, but re ect the available information, or lack there of,

from the system-level requirements decomposition.
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While the tools presented were not directly shown for margin allocation tradeoffs, they
have demonstrated effective use for other complex problems. The conceptual design phase
margin allocation research presented in Section 1.4.1 provides a view into how probabilis-
tic design and uncertainty quanti cation methods are applied to margin allocation. The
alternative methods provided by these tools need to be migrated to the systems-level and
into an earlier phase of design to evolve decision-making. The alternatives presented would
support the move away from solely relying on risk mitigation planning, a-priori application
of subjective risk analysis, and deterministic margins. These three are just examples, but
the background literature in Chapter 1 and the interviews in Chapter 2 presented the cur-
rent approaches that rely on iterative and continuous updates from disciplinary designers
for reliable estimates of performance. The benchmarks updated in later phases utilize data
informed decision-making and multidisciplinary analysis, highlighted in this chapter, to
target speci c types of uncertainty. The uncertainty information is rarely aggregated back
up to the system-level until integration, where changes to the benchmarks have a ripple
effect across the broader disciplinary design teams. The observations made in this chapter,
summarized by this section, identify a few key gaps that affect the introduction of quantita-
tive methods and uncertainty quanti cation into the requirements decomposition phase of

design.

3.5.1 CapabilityGaps

The surveyed literature provided more depth into the existing approaches for quantitative
modeling and simulation, more speci cally as it applies to decision-making and uncertainty
informed probabilistic design. From the identi ed capabilities and the gap in directly ful-
lling the needs of this research objective, research questions are formulated to inquire on
how to Il those gaps.

The literature and expert interviews re ected upon concerns for a needed quantitative

approach to allocate margins and evaluate the likelihood of satisfying performance con-

162



straints. The presented concerns were accompanied by the desire to understand uncertainty
earlier in design to make decisions more strategically. The concerns motivated this research
to explored alternative methods in this chapter, making observations about the existing ap-
proaches that support the objective of this research, but these methods were presented with

their own limitations. The rstidenti ed gap in the existing capabilities is presented:

Capability Gap 1

The current multidisciplinary design optimization and uni ed tradeoff environments
have not been well demonstrated for the requirements decomposition and allocgtion

phase of design.

The rst gap focuses on the diverse and highly effective simulation environments avail-
able in the eld, demonstrated for a wide selection of problems, but the concern is that the
requirements decomposition phase is so uncertain and has too wide a eld of scope that
most demonstrations cannot extend their methods to the rst phase of design. Therefore, in
the literature, the quantitative methods still have yet to be effectively adapted to create an
accessible environment for numerical performance requirements trades.

While having a quantitative approach is the foundation of any decision-making or un-
certainty quanti cation, the literature examined how uncertainty quanti cation process is
used to reduce uncertainty through informed decision-making. The ve primary steps to
uncertainty utilize numerical methods and probabilistic analysis to identify and character-
ize uncertainties in the explored design problem. A reduced scope or down-selection is an
enabler of a smaller simulation space, but the second step applies the simulation process to
propagate uncertainties. This is done by estimating the variability of the responses due to
the probabilistic uncertainty inputs to the simulation. The implementation of these meth-
ods is solely demonstrated during conceptual and preliminary design phases. Where the
gualitative methods presented in Section 1.4.2 provides the existing capabilities, relying

on probabilistic estimates and iterative design. The space between the applied uncertainty

163



guanti cation methods and existing systems engineering decision-making tools de nes the

second capability gap:

Capability Gap 2

The existing margin allocation during the decomposition of novel vehicle require-
ments does not include a process to quantify uncertainty in meeting performIInce
requirements, and therefore has limited capability to numerically substantiate mar-

gin decision-making

Although the literature explored many uncertainty quanti cation approaches, all of
these demonstrations were during the conceptual design or preliminary design phases. With
minimal representation of both quantitative simulation environments and demonstration of
implemented uncertainty quanti cation methods during requirements decomposition, the
two gaps will form the key elements of this thesis. With the de nition of these two gaps,

the necessary steps to Il them will be as follows:

1. Examine augmentations needed to apply simulation environment methods to a re-

guirements decomposition problem
2. ldentify uncertainty quanti cation needs for performance requirements trades
3. Synthesize needed information for effective margin allocation trades
4. De ne case study to assess alternatives speci c to this problem
5. Select best candidate for implementation and experimentation
6. Design an experiment for demonstrating the decision-making framework

7. Analyze results from trades to con rm whether the framework provides the capabil-

ities needed to close the gaps
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Because the capability gaps are dependent, the solutions to each one will build upon
each other. In the formulation of these questions, the assumption is that the selected meth-
ods are found to ful Il the stated needs, but there will be individual experiments and tests
to conclude each hypothesized method adequately supports the objectives. With the exper-
imentation of the individual methods, the integration as a whole methodology will provide
the platform to demonstrate a novel margin allocation decision-making framework. The
demonstrated framework will be required to conclude that the gaps have been closed and

the overarching objective has been met.

3.5.2 ResearclQuestions

In response to the capability gaps presented, questions must be asked to identify how to
close these gaps and what solutions are required to meet the objective of this research. The
objective can be broken into three primary areas of research: development of a modeling
and simulation environment, identifying and characterizing uncertainties in requirements
decomposition, and utilizing this data to substantiate margin selection and enable better
communication. This section speci cally outlines the different components of each gap that
connects to a formal research question that formulates an alternative approach to standard

margin allocation.

Formulating Research Question 1

The rst question asked in the formulation of an alternative method was driven by the
motivation and subject matter expert interviews, identifying that there is limited access to
a M&S environment during the rst phase of design. The need to run design trades and
high-level simulations which are informative of the overall system performance metrics is
the gap that drives one of the pillars of this thesis to close capability gap 1. The area of

research de nes the high-level Formulating Research Question 1:
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Formulating Research Question 1

How to bridge the analysis gap between performance requirements decompogition

methods and existing simulation environments?

Formulating Research Question 1 aims to answer how to build a quantitative approach
to enable tradeoffs from the requirements decomposition of a design. To be able to address
the identi ed gap, this high-level question will be answered in a methodological approach,
but to further inspect the industry's simulation environment capabilities and limitations
another sub-question can be asked. The task of identifying what tools or types of envi-
ronments exist in the industry, and whether or not they can be used directly or require
augmentation to t the problem. This de nes the primary search to answer Formulating

Research Question 1.1:

Formulating Research Question 1.1

What physics-based simulation environments exist for requirements decompodjition

and disciplinary trades

This question directs the literature research to establish the existing environments and
modeling capabilities of the industry. From the established environments, there are differ-
ent types of simulations and limitations. The literature explored necessary considerations
will be needed to ensure the analysis is accessible, and will depend on the type of models
available for the implementation. At this time, no further sub-questions can be posed to
further break down the literature assessments because it has been previously established
that the breakdown of any enablers, architecture of models, or other questions are limited
by the dependency on the speci ¢ case study selected. The complexity of the system-
to-subsystem analysis will de ne the modeling needs, and the structure of a quantitative
performance requirements environment. The design and performance trade space will also

inform dimensionality and whether or not design space reductions are needed. These con-
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cerns are broken down into expected implementation and integration, that will be developed
as a part of the nal methodology. The considerations for this research area are re ected in

the left hand side of Figure 3.12.

Formulating Research Question 2

With the research from area one, focusing on the needed environment, the second area
focuses on uncertainty quanti cation with the assumption that a modeling and simulation
environment would be accessible. The second research question directly builds upon the
guantitative environment to apply UQ methods for the uncertainties present in the require-
ments decomposition of a design. This research area is de ned by the high-level question

two:

Formulating Research Question 2

How to quantify uncertainty in performance requirements due to design uncertainties

embedded within a novel vehicle requirements decomposition?

The areathis question focuses rstis quantifying uncertainty, in aims to focus on design
uncertainties in a requirements decomposition problem. Within the uncertainty quanti ca-
tion process there are ve main steps; identi cation, characterization, propagation, analyze,
mitigation. To formulate an approach that makes use of the methods within uncertainty
guanti cation during the requirements decomposition phase, the problem must be broken
down into sub-questions that will examine how to quantify uncertainties embedded within
the design characteristics to negatively impact meeting performance requirements.

The rst sub-question aims at answer the rst step in the uncertainty quanti cation pro-
cess, by enumerating the possible sources of uncertainty and down-selecting those that a
most pertinent to the decision-making process from a requirements decomposition. The
identi cation of uncertainty and evaluation of the behavior corresponds to the characteri-

zation of uncertainty, which has to do with probabilistic de nition to re ect the behavior of
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the uncertainty inputs. These two tasks are summarized in Formulating Research Question

2.1:

Formulating Research Question 2.1

How to identify and characterize sources of uncertainty through quantitative methjods

during requirements decomposition?

From the characterized uncertainties, the next major task is propagating that uncer-
tainty through the simulation process to populate the necessary data for future analysis
and decision-making. This task tracks the uncertainties to inform decisions, motivating

Formulating Research Question 2.2:

Formulating Research Question 2.2

How does one capture the effects of uncertainty variables passed onto the technical

performance requirements?

In the baseline margin allocation approach, uncertainty is typically given a determin-
istic probability or relative factor of allowable variability from the estimated performance
constraint. To improve upon the baseline requires an alternative method to substantiate
and con dently determine the effective margin needs, accounting for uncertainty in the de-
sign and meeting the constraints. An alternative approach will include the uncertainties
described in the form of probabilistic distributions, and must be capable of quantifying
the likelihood of meeting the performance metrics for the explored designs with the model
uncertainties. The expectations for both Formulating Research Questions 2.1 and 2.2 are

re ected in the center column of Figure 3.12.

Formulating Research Question 3

Following the thread from developing a quantitative environment, to establishing an ap-

proach for uncertainty quanti cation within performance requirements, the third research
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guestion focuses on how to use this information to inform margin allocation. The questions
developed under this area were de ned to answer how to utilize the data, information, or
platform available for margin allocation decisions. This last area focuses on how to enable
design trades to better understand the impacts of uncertainty on meeting the performance
constraints, and in estimating the effectiveness of the margins. This research area de nes

Formulating Research Question 3:

Formulating Research Question 3

How do quanti ed design uncertainties translate into performance requirement mar-

gin needs for decision-making trades?

The primary concerns of this question are in how to utilize accessible data distributions
to enable the decision-making process, with the solution providing a substantiated frame of
reference. This task looks more speci cally at the outputs of modeling and simulation, and
how to utilize the propagated uncertainty motivated by Formulating Research Question 2.2.
This task aims to formulate a probabilistic design approach to support designers in margin

allocation decisions, which is summarized by Formulating Research Question 3.1.:

Formulating Research Question 3.1

How does the distribution of estimated performance translate to a probability of pat-

isfaction to inform effective design margin decisions?

In review, looking back to the baseline methods and anecdotes that were highlighted as
apart of the Chapter 1 and Chapter 2 research, the identi ed dif culties began with making
decisions within uncharted territories and the limitations of minimal accessibility to numer-
ical methods. From the decomposed research questions in this section, the key areas have
been selected to scope the problem into addressing a speci ¢ branch of uncertainty during
the requirements decomposition phase of design. The formulating questions guide the re-

search to identify an alternative approach to quantitative decision-making, accounting for
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uncertainties. To support the ow of this research, each of the primary questions and their
sub-questions, or sub-disciplines, have been decomposed and represented in Figure 3.12.
This decomposition will be the starting point for the literature synthesis and hypothesis

formulation in the next chapter.

Figure 3.12: Research Decomposition and Research Question Fields
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CHAPTER 4
RESEARCH QUESTION AND HYPOTHESIS DEVELOPMENT

The biggest hurdle identi ed by the subject matter expert interviews in Chapter 2, and fur-
thermore in the capability gaps of the alternative methodology literature, is an accessible
modeling and simulation environment to substantiate decisions for the trades needed during
requirements decomposition. Existing approaches identi ed by systems engineering hand-
books and design procedural manuals include two primary margin allocation approaches
for a phase without existing M&S capabilities: Pre-proportioned allocation, risk-based cri-
teria and scenario-based allocation.

It was acknowledged that the two approaches are not comprehensive enough to describe
the process in the industry, and from the additional interviews done in the literature with
experts done in Chapter 2 the alternatives were not necessarily a one-size- ts-all approach
and there was no representation of methods that used parametric M&S to explore trades.
The different alternatives vary in applicability and subjectivity. It was down-selected to ap-
proach the problem from the baseline approach of utilizing industry standards (e.g. AIAA,
NASA), to which an alternative approach to margin allocation decisions will be compared.
When it comes to these standards, one of the rst components to be addressed is that the
data used to build these standards or allocations was built from historical vehicles and
missions. The data points are rarely accessible, nor are the comprehensive details of the
vehicles and missions. Making assumptions to use the standard allocation has its own costs,
and therefore needs to have a way to both substantiate the proportions being allocated to
the new system designs and enable trades for a modular approach to decision-making.

The alternative methodology literature presented in Chapter 3 focused on addressing
the details that make up the research objective and the overarching research question to

improve the allocation of the margins. The speci ¢ areas surveyed focused on lower-level
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methods and research in the eld that demonstrate quantitative methods, uncertainty quan-
ti cation, and application to decision-making. Among the many topics covered, the dif-
ferent grouping of material rst considered the different simulation environments and the
necessary considerations for their use in the problem of performance requirements mod-
eling. Then the survey of how uncertainty quanti cation methods are integrated into the
design process was established to guide speci ¢ steps utilized for the quantitative integra-
tion of uncertainty into the decision-making process.

The observations from the rst area of literature highlighted the capabilities of the dif-
ferent environments to be able to represent multilevel design trades, and map to the high-
level MOEs and MOPs. Where the identi ed lack of demonstration for early design and
performance requirements drove the need for a tailored modeling analysis to create a sim-
ulation environment accessible for the trades needed in this research. In the second area of
the survey, the observations synthesized the very well-demonstrating process of uncertainty
guanti cation to down-select and scope the design space through identifying and charac-
terization methods. The survey observations also identi ed the applications of uncertainty
propagation and distribution estimation through simulated uncertainty trades, which will
be key enablers for probabilistic margin design. With this aspect, the more state of the art
margin analysis methods were most often coupled with a conceptual design optimization
or demonstrated to account for a different form of uncertainty.

From the survey of alternative methods explored in Chapter 3, a logical decomposition
of the research questions presents the building blocks to address the identi ed capability
gaps. This chapter will use the decomposition re ected in Figure 3.12 to guide an overall
synthesis of the existing methods, and from this will derive hypotheses which outline the
approaches determined to ful lll the gaps and provide the necessary capability.

This chapter will build up the steps for an alternative approach to uncertainty informed
margin allocation decision-making. While each research question presented in this chap-

ter focuses on the main areas of need, the construction and implementation of the detailed
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steps of the methodology will require further literature from which the tools and speci c
components of the method will be selected. Chapter 5 and Chapter 6 will address the im-

plementation and selection of speci c tools to formally de ne the overall detailed method-

ology.

4.1 Quantitative Performance Requirements Environment

From the overarching research question, the efforts of this research aim to move away from
reliance on later iterations to recover uncertainties and allocate more realistic margins. It
has been acknowledged throughout this research that the existing design process has been
limited to implementing the quantitative methods needed for a number of reasons. In search
of alternative modeling frameworks or analyses that are representative of the requirements
decomposition, the literature explored in Chapter 1 and Chapter 2 identi ed the industry's
need for a quantitative approach. The observations and lack of existing tools led to the

development of Formulating Research Question 1:

Formulating Research Question 1

How to bridge the analysis gap between performance requirements decompogition

methods and existing simulation environments?

To enable the necessary simulations for decision-making and uncertainty quanti ca-
tion during the requirements design phase and after the nalization of the performance
requirements decomposition, a modeling tool representative of the system and subsystem
design trades needs to be developed. Therefore, the rst research question to be addressed

is Formulating Research Question 1.1:

Formulating Research Question 1.1

What physics-based simulation environments exist for requirements decompodition

and disciplinary trades?
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To set up this problem for evaluating different environments that either t the need or
have components which support the objective, a review of the system decomposition of
interest will help paint the picture of what is needed. During the rst phase of design,
when a vehicle remains relatively uid in its actual de nition, the expected performance
and formal constraints that are internally selected are done with uncertainty. Constraints
are allocated with margins for a reason, relying on the selection of design margin to buffer
the disciplinary designers from the matriculated uncertainty. The limiting aspect to the
development of a formal modeling environment is the complexity of the decomposition of
the system and its many disciplines. An example of a high-level disciplinary breakdown is

shown in Figure 4.1.

Figure 4.1: Launch Vehicle Design Decomposition Example [8]

To develop a model that is re ective of the high-level performance requirements, a
dozen or more disciplinary branches and many more systems and smaller subsystems must
be taken into account. The visual tree hierarchy reference in Figure 4.1 demonstrates the

compartmentalization and decomposition of the design functions to meet the hardware
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needs for the structures discipline for a notional vehicle [8]. Outside of externally im-
posed constraints on the vehicle's structure, technology, mission, and other requirements,
the performance is not xed, nor are the design characteristics.

When considering different types of simulation capabilities, complex vehicle disci-
plinary design most commonly uses M&S tools and environments. Modeling methods
representing a large body of research, covered in Section 3.3.1, contributing to more in-
formed conceptual and preliminary design phases. From both launch vehicle and aircraft
design, the dominating approaches are parametric MDAO environments. With the focus on
disciplinary design from a multidisciplinary or dependency informed approach, the MDAO
environments have wide applications. Itis common for a MDAO environment to be a para-
metric tool for optimization of a disciplinary design (e.g. aircraft wing or fuselage, rocket
structure or trajectory).

Applications introduced in the literature include design improvements to meet new
mission constraints, identifying needs for new technology integration, and robust design.
Along with some of the introduced MDAO methods that were implemented for margin al-
location or the estimation of performance margins in Section 1.4.3 [41, 57, 63]. Margin
allocation demonstrations were recognized to be predominantly implemented during the
conceptual design phase or for other forms of uncertainty. While translatable, the underly-
ing problem of modeling needs remains. The use of the integrated MDAO environment de-
nes a critical capability for probabilistic design that the existing margin allocation during
the requirements decomposition currently does not have. To bridge the gap to quantitative
modeling environments, conceptual design methods can be informative for both identifying
modeling architectures and enablers of migrating such tools into the requirements decom-
position process.

The research presented by Brevault et al. [141, 115] demonstrate multidisciplinary
design methodologies for launch vehicle system architectural design optimization. The re-

search applies different optimization techniques to explore problems of reliability, robust-

175



ness, or reusability and multi-mission designs. Although the problems are different from
those presented during the requirements decomposition phase, coupled multidisciplinary
modeling demonstrates a basis where the architectures are built by input mass properties
and mass fractions. This basis is then followed by a feed-forward propulsion, geometry
sizing, and aerodynamics to size a vehicle concept and estimate speci ¢ performance ob-
jectives. The optimization methods include the use of surrogate models, while the applica-
tion of Monte Carlo Simulation versus crude Monte Carlo (CMC) varies with the different
methodologies.

A similar vehicle system optimization method is presented by Dupont et al. [142],
where their research re ects multidisciplinary modeling architectures with the same dis-
ciplinary analyses as Brevault et al., but trades high-level system performance and cost
metrics for optimization. Dupont's research performs staged optimization using the mul-
tidisciplinary design architecture by using modules from existing rockets and black box
design optimization tools. The trades are enabled by the lower cost models within this
methodology, demonstrating the design optimization for system-level mass and cost objec-
tives. In other words, the iteration of architectures is done to explore the effectiveness of
meeting the system-wide constraints.

Edwards [37] presents research on the modeling of launch vehicle architectures as well,
from a similar system view, closer to the requirements environment problem in this re-
search. Edwards' framework demonstrates launch vehicle architecture optimization by
coupling system-level low- delity performance models for mission analysis and complex
trajectory optimization to minimize risks of design change due to failed performance re-
qguirements. The trades being done are on the architectures, or con guration, but this re-
search also provides a framework for the multidisciplinary modeling and model reductions.
Through surrogates and Monte Carlo simulations, Edwards presents the exploration of de-
signs on the Pareto front from the performance distribution space.

Other areas of research in the eld of launch vehicle design and performance optimiza-
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tion are much more targeted, many focus on a speci ¢ disciplinary design or performance
metric. Research in this area most commonly represents the estimation of propulsion,
structural, or mass properties [143, 120, 144, 145, 146, 147]. The complexity of trajectory
and aerodynamics leads speci c research to focus in a more isolated way, with trajectory
and design optimization to meet speci ¢ loading conditions, design for aerodynamic condi-
tions, or even the unique hypersonic vehicle that incorporates trajectory in multidisciplinary
optimization [114, 148, 83]. The research done by Ann et al. [127] explores frameworks
for trading increments in the mission trajectory and launch vehicle con guration to meet
the desired mission and payload goals. Hansen et al. [149] also present research on launch
vehicle design focusing on the veri cation and validation of requirements. This research
demonstrates a multidisciplinary uncertainty analysis to verify and validate requirements.
Other research by Hansen et al. [150] addresses speci ¢ issues with propellant estimation
and performance uncertainty for propellant reserves.

The different studies brie y mentioned are a small sample of multidisciplinary launch
vehicle design research, selected as those which provide a consistent set of multidisci-
plinary modeling architectures and disciplines. While not all problems, missions, or even
speci ¢ models might be directly applicable to this research, the data collected informs
how conceptual launch vehicle design models are commonly built.

The limitations for implementation, which have been acknowledged in the literature,
are common to any application of modeling, not just for migrating the modeling methods
forward into requirements decomposition phase. The rst limitation is the need for a well-
de ned problem. That is, having a constrained design space, de ned inputs and outputs,
as well as the relationships of the inner models. During requirements decomposition, the
interactive nature or dependencies between disciplines is well de ned and can be found
in systems engineering or design architecting handbooks [3, 44]. Where the second lim-
itation sits with an adequately simpli ed problem that is representative of the system and

disciplinary requirements decomposition, but not prohibitively complex. The rst limita-
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tion focuses on de ning the problem for the model to solve, where the second limitation is
the actual modeling needs that are satisfactory of the quantitative trades needed by systems
engineers during requirements allocation.

The modeling environments closest to requirements tradeoffs were presented from the
SoS domain, colloquially called Uni ed Tradeoff Environments UTE. The integrated sim-
ulation environment was shown to examine multi-level trades from the SoS (campaign)
and mission levels that were passed on as criteria for lower-level disciplinary system and
subsystem designs. The outcomes of the disciplinary designs were then shown to be used
to evaluate the effectiveness of the mission or campaign level. The different applications of
these multi-level architectures were much more complex than the design problem being ex-
plored. UTEs were developed for mission optimization, economic viability, and technology
assessment for nancial investments. The literature explored in Section 3.3.2 provided ex-
amples of demonstrations for developing new weapons or capabilities that meet the desired
future campaign and mission needs [54, 53, 56]. UTEs provides a unique tradeoff capabil-
ity around a given requirements allocation, with de ned MOEs and MOPs as constraints
to be met. This type of environment provides an important view into how requirements
decomposition is integrated into a quantitative space.

The limitations of applying a UTE directly to the early phases of requirements decom-
position remain similar to those of the MDAO environments, necessitating a well-de ned
and constrained problem with reduced complexity of dependent system-to-subsystem de-
composition. Demonstrations of UTEs for scenario-based tradeoffs on the system and SoS
level will provide guidance for the information ow to develop the performance require-
ments modeling environment with those capabilities.

The observations made in Section 3.5 highlighted the unique need of having a multidis-
ciplinary design analysis, or MDA, to model lower-level design trades and produce distri-
butions of expected performance variation. From the conceptual design research presented

in this section, it was concluded that not one single environment demonstrates that the nec-

178



essary performance requirements trades with the underlying multidisciplinary modeling.
The observed bene ts and capabilities of the both UTEs and MDAO environments pre-
sented different components that support the research goals. The existing tradeoffs present
a mapping between the high-level system MOEs and MOPs to the disciplinary contribu-
tions for the vehicle, whereas the multidisciplinary modeling approaches provide a foun-
dation for the development of a launch vehicle architecture model that can be translated
for performance estimates. The synthesis of the two different types of environments pre-
sented incorporates the requirements and constraints at the system level within a modeling
environment. This conclusion drives the formulation of a hypothesized environment and

analysis that will support performance requirements tradeoffs and Il the rst capability

gap:

Hypothesis 1

If system-to-subsystem design environment maps system-level metrics and dgsign
characteristics to lower-level multidisciplinary design analysis, then a numericallap-
proach to trade design impacts on performance requirements will be accessiblg ear-

lier in design

This hypothesis will act as the foundation on which the full research methodology will
be built, where the subsequent research questions in this chapter will assume that the imple-
mentation in Chapter 5 is successful in identifying a scoped vehicle system-to-subsystem

MDA.

4.2 Performance Metric Uncertainty Quanti cation

With a presumed modeling analysis capable of being integrated into a formal simulation
environment, the next phase of development is the uncertainty aspect. This phase addresses
the primary steps of uncertainty quanti cation, which are to identify, characterize, propa-

gate, analyze, mitigate, or make decisions. The Formulating Research Question 2 was
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de ned to encompass the uncertainty component of the research objective and capability

gap 2:

Formulating Research Question 2

How to quantify uncertainty in performance requirements due to design uncertainties

embedded within a novel vehicle requirements decomposition?

From this question, the steps of uncertainty quanti cation were used to guide the formu-
lation of an alternative method through sub-questions. The rst research question aimed
to address concerns about the existing decision-making tools for margin allocation. The
second sub-question focuses on the propagation and analysis component of uncertainty to
provide the necessary data platform for decision-making.

With the assumptions of the standardized approach of industry standards or program
handbooks, the levels of logical decision-making to navigate the inherent uncertainty were
acknowledged by each of the expert testimonies in Chapter 2, and the lessons learned in var-
ious documents for launch vehicle design [8, 3]. To assess the needs of the decision-maker,
the dif culties being addressed are with the application of standards to a new problem, or
vehicle, because the benchmarks used were historical vehicles or unique missions.

Therefore, an alternative method to this would begin with direct intervention of quan-
tifying the uncertainties and producing necessary distributions for probability of success
in the meeting of the objectives to inform decisions around a new concept. In uncertainty
guanti cation, as acknowledged by the scope of this research, this begins with identifying
speci ¢ forms of uncertainty and how to characterize them in a probabilistic way. This
means that the formulation of Research Question 2.1 will be addressed rst. From there,
the formulation of an approach that propagates the uncertainties to navigate the response
behavior through design tradeoffs will summarize the analysis and decision-making aspects
and, therefore, close out the interpreted applications of UQ to this research by Formulating

Research Question 2.2.
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4.2.1 DesignUncertaintyldenti cation andCharacterization

The rst of the steps that make up the phases of uncertainty quanti cation is to identify

or examine speci ¢ uncertainties most relevant in the decision-making process. This must
be done from the perspective of the requirements decomposition phase, but in the allo-
cation of design margins for lower-level performance requirements, or TPMs. Therefore,

formulating Research Question 2.1 will be addressed rst:

Formulating Research Question 2.1

How to identify and characterize sources of design uncertainty through quantitgtive

methods during requirements decomposition?

Motivated by the extensive hierarchical taxonomies of uncertainty, previously acknowl-
edged sources of uncertainty that impact design margin allocation are design uncertainty
and uncertainties in requirements. These fall under the epistemic form of uncertainty, more
particularly the speci c class of endogenous behavioral uncertainty due to the decisions of
individuals or organizations within the design program. For a quick review of the de ni-
tions of design uncertainties and how the researcher summarizes the de nitions of uncer-

tainty in requirements, adapted from Thunnissen and Robertson [32, 41]:

» Design Uncertainty: Uncertainties in unde ned designs, yet-to-be-made decisions

by disciplinarians, and minimally constrained aspects of the design.

* Uncertainties in Requirements: Uncertainties in internally allocated requirements
associated with new vehicles, novel missions and technology, in combination with a

relatively unde ned vehicle.

Theoretical identi cation of the sources is more straightforward, but when breaking
down the speci c problem of requirements decomposition, there are key elements of an

input uncertainty and an output uncertainty. For decision-making in margin allocation, the
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margins themselves are relatively uncertain, but that is because the performance require-
ments that are being used as measures of success have inherent uncertainty. On the other
hand, the design uncertainties are inputs to the process, whether that is a deterministic
point or a range of possible con gurations. Design uncertainties have impacts on vehicle
performance. This relationship will de ne the step of this research, where the design char-
acteristics or technical capabilities considered “uncertain” do not have equitable impacts on
performance. The effects of this are uncertainties in meeting the constraints set forth by the
requirements decomposition process during later phases of design. Therefore, these are the
uncertainties of interest and must be re ected in the formulated approach to identi cation
within a modeling environment.

To perform a quantitative mapping between the effects of input uncertainties on re-
sponses or performance, the common methods identi ed in the literature from Section 3.3.3,
are the sensitivity analysis and Pareto analysis. Sensitivity analysis (SA) is a well-proven
approach to the uncertainty quanti cation phases of the characterization, introduced in the
literature Section 3.4.2. The value of sensitivity analysis in uncertainty problems is to trace
the sources of uncertainty, through proxy methods of sensitivity and variability, by quanti-
fying the impacts on the response metrics of interest [125].

The different approaches to sensitivity analysis depend on the type of results needed.
The two primarily recognized approaches in UQ research are the Local Sensitivity Analy-
sis (LSA) and Global Sensitivity Analysis (GSA). With LSA acting as a faster and simpler
tool to run more qualitative screening of the space, this approach is commonly applied to
down-select subsets of design inputs that act as primary drivers for the response output vari-
ation. GSA has the ability to capture higher order term effect of uncertainty, and trade the
individual components for more effective rank-based decision-making through techniques
such as ANOVA [81, 10, 151]. LSA can be made more complex, but GSA is detailed and
considered a higher- delity approach.

For highly dependent problems where GSA is too complex, research into using the
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Distributional Sensitivity Analysis (DSA) or Copula methods is applied to allow for a more
holistic tradeoffs of input levels. The application of DSA and copula methods operates by
optimizing input values or ranges to limit sensitivities, typically requiring more repeated
computations and is often applied to optimization problems [63, 137]. These methods can
be considered to be more complex because of the required iterations. Copulas also require
assumptions about the input functions and dependencies to operate the joint probability
computations.

The different methods demonstrate various capabilities. The primary outcome is that
sensitivity analysis is an enabler for identifying drivers of variability in the responses,
which can be used to examine and down-select for a smaller scope of the design vari-
ables. In some cases, they are used to substantiate rank-based trades and select a specic
design. Even with the assumption that the implementation of the environment re ected in
Hypothesis 1 is successful, there will be limitations in what is known about the scenario
and the computational run time.

For requirements decomposition, one of the acknowledged problems comes with a large
design space, while the design is yet to be de ned. An ef cient approach for this step will
effectively reduce the sampling to enable the quantitative identi cation methods of sensitiv-
ity and Pareto analysis. The selection of speci ¢ experimentation or sampling approaches
will depend on the scenarios and complexity of the analysis. From existing SA methods,
by selecting a screening assessment approach to sensitivity analysis that utilizes less com-
putational time and efforts, the resulting data set will enable the identi cation of a smaller
subset of uncertainty parameters which drive the majority of the performance uncertainty.

The last concept addressed in this research question is the characterization of the uncer-
tainties identi ed. The literature recognized numerous methods to represent uncertainty,
using theories of possibility or probability, interval analysis, and evidence theory [81]. The
most prevalent approach recognized in both systems engineering and the reliability or risk

analysis communities is probability theory. Systems engineering philosophies follow a
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risk-based decision-making approach, typically due to uncertainty and high-risk scenar-
ios of complex vehicle design [5]. Where systems engineering disciplines might have to
speculate risk or probabilities early on, the common elicitation of SME judgement-based

distributions, without observed data, becomes the degree of believe that quali es the prob-
ability as subjective. To improve the existing approach, a quantitative approach will be

required.

Were the requirements decomposition model and uncertainty characterization to follow
the purely objective approach to probability theory characterization, extensive repetitive
simulations are needed and apply the assumption that all inputs behave the same with
equally likely outcomes. While this assumption is a restriction and may not be realistic
for all uncertainties in complex design, it is the computational time and effort that will be
prohibitive to forming wholly objective functions. Subjective methods of characterization
include de ning the ranges and function parameters, as well as selection of the function
itself. To select ranges and parameters, expert elicitation is common as a starting point
for the parameter ranges. The literature explored in Section 3.4.2 acknowledges the use of
screening methods and sensitivity analysis as a data-driven approach to range selection and
understanding of variance behavior, but sensitivity methods are not as effective for com-
plete function parameter estimation. Bayesian methods are utilized to iteratively simulate
and update the appropriate function parameters based on the original function selection,
but the computational costs of such simulations will be a limitation in this research.

The subjective characterization of epistemic uncertainty down-selection and range esti-
mation is shown to be effectively informed by screening methods and sensitivity analysis.
The responses explored quantify the impact of uncertainty parameters on the variability of
the performance, which supports the evaluation to constrain the ranges of uncertainty pa-
rameters. This information reduces the degree of belief with respect to the sheer amount of
unknowns in the design space during early design. To reduce reliance on interpolations or

extrapolations from historical vehicles, as well as assumptions by the decision-maker, the
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ranges provide the necessary substantiation for function bounds. Shape characterization,
or probability function selection, requires extensive simulations or observed data that are
not provided with screening assessments.

The use of expert judgment for selecting behavior shape is more complex and requires
multiple sources and data-driven applications. Design uncertainty and uncertainty in re-
guirements is complex, where extensive data is not available, it is done almost exclusively
through expert elicitation [34]. It has been acknowledged in the literature that another ap-
proach to the characterization of epistemic uncertainty, in cases where behavior cannot be
elicited from experts, is to use objective assumptions. The assumptions are still applied to
subjective or data-informed ranges, but acknowledge the lack of understanding. Although
Bayesian methods iterate and update the parameters of the probability function, these meth-
ods still operate on an assumed function with preliminary estimates. Objective shape se-
lection is not a viable option, nor are there identi ed methods for subjectively informing
the shape without extensive data. The time and effort required to perform simulations for
this phase of design have been acknowledged as computationally time-consuming, which
is prohibitive based on the accessible tools and de nition of the space at this phase of de-
sign. It can be expected that the assumption of either a uniform distribution will be selected
due to lack of knowledge or expert informed assessments to select a distribution shape (e.g.
normal, uniform, beta) in order to formally characterize an epistemic uncertainty through
probability theory. The selection of the shape will have a direct impact on the simulation
responses, which means selections must done with stated assumptions and understanding
of the need for more objective capabilities in the future.

The down-selection step, scoping parameter ranges, and more informed behavioral
characterization enables the propagation of uncertainty. This step contributes to an im-
provement over existing capability during requirements decomposition by providing infor-
mation that was previously unavailable. The conclusions made in this section lead to the

formulation of Hypothesis 2.1:
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Hypothesis 2.1
If a design space for a given performance requirements model is screened for difivers

of sensitivity and variability, then a data-driven approach will enable uncertainty pa-

rameter down-selection and reduce the subjectivity of probabilistic characterizgtion

during the requirements decomposition

Although sensitivity analysis has a common application in the industry to tailor the de-
sign variables to result in designs that are insensitive to aleatory uncertainties, the process
of designing for robustness will not be a direct goal in this research. This concept requires
a different type of problem design to incorporate aleatory uncertainties into the system-to-
subsystem trade space. Enabling access to more information and data is the goal of im-
provement, which enables scoping of the design space for more targeted simulations. With
the implementation of sensitivity analysis, the approach will be an important advancement
to quantitative characterization and more effective simulations for uncertainty propagation.
From which, the demonstration will provide a new framework to build upon with more

objective methods.

4.2.2 Performanc&equirement$JncertaintyPropagation

The hypothesized approach to identify and characterize uncertainty is a necessary precursor
to the propagation step of uncertainty quanti cation. In characterization, the choice of dis-
tributions or distribution functions is what provides the ability to simulate the system with
embedded uncertainties. Distributions of the inputs for a simulation return distributions as

a response, where the responses are considered the formal propagation of the embedded
characterized uncertainties. With the responses in the form of probability distributions, de-
cisions can then be made from an informed place to evaluate metrics of feasibility, success,
failure, or other 'ilities’. To get to that point, Formulating Research Question 2.2 will be

the next addressed:
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Formulating Question 2.2

How does one capture the effects of uncertainty variables passed onto the technical

performance requirements?

The question focuses on propagating the effects of uncertainty on the disciplinary per-
formance estimates to be used by the system-level designers. The observations made in
Section 3.4 examine the use of probabilistic design and multidisciplinary design methods
to inform uncertainty in complex vehicle design, but capturing the effects of uncertainty is
often related to mapping the uncertainty distribution inputs to the variability of the response
output.

Edwards' research was presented earlier, in the assessment of launch vehicle design
modeling architectures, but his research is built as a risk-based methodology to propagate
volitional uncertainties in launch vehicle architectures during early phases of selection.
Using the target mission and relevant performance metrics to de ne the problem, the opti-
mization process integrates surrogate models of disciplinary tools and enables Monte Carlo
sampling for the design space exploration of vehicle performance [37]. The methods pre-
sented in this research were applied to a vehicle architecture trade space, and optimization
for minimizing risks around volitional uncertainty. While applied to a different problem,
the functional approach is to propagate uncertainty from the architecture tradeoffs into the
objective space.

The research by Brevault et al. [106] demonstrates another aspect of uncertainty in their
research, coupling the effects of different physics models to realize epistemic uncertainties
through probabilistic distributions using surrogate models and crude Monte Carlo (CMC).
Research by Gatian presents a similar approach to uncertainty propagation as Edwards,
but applied to the problem of technology impacts uncertainty. Gatian demonstrates the
propagation of uncertainties from new technologies through surrogate models, producing a

lower-cost physics replacement for a multidisciplinary aircraft design. Gatian's thesis uses
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probabilistic distributions from technology factors to simulate design performance distri-
butions through MCS with surrogate models, capturing scenarios that meet the objective
constraints [81]. A larger breadth of research presented by the aircraft design community
uses surrogate modeling coupled with simulation methods to propagate uncertainty [56,
98, 46, 36, 9]. Similar research applies the process of surrogate modeling and MCS in
the area of reliability analysis, demonstrating a framework within the epistemic uncertainty
guanti cation community [68, 69, 70]

There are demonstrations of less complex approximations; Honoarmandi et al. [152]
apply the frequentist approach by using random sampling and long-term repetitions to mea-
sure behavior through the Maximum Likelihood Estimation (MLE). Then, their method
integrates Bayesian inferences to build statistical estimates of likelihoods to update model
parameters until the behavior adequately re ects the objectives. Subramanian et al. [153]
demonstrates a similar approach using Bayesian state estimation, but then update the pa-
rameters through the Markov Chain Monte Carlo method (MCMC) applied to a coupled
multiphysics problem. The MCMC method provides the simulations to update the model
parameters, from which they can generate an ANN to propagate the associated modeling
errors for speci c state of the system. Other model-based uncertainty research done by Pe-
herstorfer et al. [154] also applies an ANNSs for propagation of uncertainty in multi- delity
modeling optimization loops.

These examples demonstrate the overall process of uncertainty propagation, driven by
the forward passing of characterized uncertainties through a simulated environment to as-
sess their effects on the response. Although the models and simulation methods may vary,
the process ows in the same way. In cases applied to performance uncertainty propaga-
tion, the approach is dependent on the underlying physics. A large portion of the research
shows the use of surrogate modeling and heuristic models or approximate methods to re-
duce the needed sampling. In many cases, the full MCS approach was used due to its

effectiveness and the speed of the models. These methods are used to build probabilistic
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responses for a wide-spread simulation, applied to inform optimization or iterations on the
design. The decision-making component that these methods enable is shown by the re-
search as a platform to select a design that meets the objectives and constraints, within a
relative probability of success or accepted level of variation due to uncertainty.

The output of the distribution function acts as a tool to assess the inherent variability of
the output behavior as a function of the input distributions. For uncertainty quanti cation
applied to a vehicle design problem, the inputs into the analysis code would be the design
characteristics and the uncertainty variables. Where uncertainty variables are considered to
be lower-level design characteristics, technical ef ciencies or standard technological per-
formance capabilities, with uncertainty impacting high-level performance measures. The
propagation of uncertainty assumes that the inputs have been characterized as probabilis-
tic distribution functions, which then mathematically samples the distributions to either
simulate the eld or approximate the responses. The result of this is a response distribu-
tion function, dependent on the probabilistic input shapes and ranges, that represents the
variability of the response to the explored uncertainties.

The options of tracking PDFs or CDF provide exibility for the type of impacts mea-
sured. The PDFs of the propagated uncertainties re ects the density for the response sur-
rounding the mean, with an informed variance, which models the behavior of the response
due to the simulated uncertainty distributions. The PDFs communicates likelihood of a
certain event, response value, or can also calculate the probability of the responses within
an integrated interval [91]. The use of a CDF provides the cumulative effect of uncertainty
on the response distribution, which can also be used to inform the likelihood of speci c
performance outcome. With a CDF, this value communicates more than the PDFs about
the variability, by representing the cumulative percentage of variance from uncertainty that
is included in this performance outcome. CDF is used more often in design to optimize the
probability of meeting a constraint, or penalize the failure of a constraint, with respect to

the variation due to uncertainties or xed design characteristics [53, 155, 55]. The CDF is
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also a common tool for reliability analysis and decision-making, re ecting the reliability

of meeting the desired performance within a level of con dence for the problem explored
through substantiated probabilistic models. Research has shown the use of probability of
compliance, reliability, or trading probability of success for complex dependent problems
[62, 36, 138]. The CDF communication of the probability of success is also used in reliabil-
ity methods, to de ne the model or performance reliability for the uncertainties explored.
The complementary form of failure probability is also demonstrated in research, but as a
penalty or as a maximization of distance from a point [156, 110, 68, 157].

The two distributions are quantitative tools for decision-making, substantiating the se-
lection of a probability or information to drive a decision. While the PDFs provides more
information on the likelihood of an event occurrence with respect to frequency of the re-
sponses, margin allocation and requirements satisfaction decision-making is better sup-
ported by the cumulative information about the satisfaction of the objective. This means
that CDF will provide the most effective information for making decisions in this research.
Although research focuses on the uncertainty component of decision-making on the sys-
tems engineering level of design, it can still be acknowledged that the PDFs and CDF are
also used as tools in the risk-informed decision-making requirement decomposition process
to trade the likelihood of an event and the risk of outcome [5, 35]. By providing probabilis-
tic methods for understanding the outcome uncertainty through a quantitative approach, the
systems engineering toolkit will be better supported.

The type of tools, or methods, to propagate uncertainty and produce CDFs within the
requirements decomposition phase will be similar to those seen in the conceptual design.
Different computational methods that produce a probabilistic model include a combination
of analysis techniques and uncertainty simulations. The uncertainty models, or probabilis-
tic functions, were discussed in the literature under propagation methods, from the UQ eld
that outlines alternatives to constructing a CDF in Section 3.4.3. The different methods to

construct the needed probabilistic model of response metrics will be presented with their
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advantages and limitations. The selection of method will require an understanding of the
underlying physics and needs of the problem, which involves tradeoffs between the com-
putation time and effort, assumptions and restrictions of the model, and accuracy needs
[36]. With the implementation of these tools, the available data will inherently reduce un-
certainty in decisions, both by informing the uncertainty for an allocated measure and by

estimating the probability of success in that decision for the scenarios explored.

Tools for Propagation of Uncertainty

The most used and considered the most accurate method is Monte Carlo Simulation. MCS
was introduced in the literature as a foundation, from Section 3.2, because of the extensive
body of research and common implementation in the eld. The process depends on the
number of inputs and outputs, as well as the complexity of the underlying model, to collect
the needed range of simulations using Monte Carlo sampling of the given design space.
Demonstrated for many aerospace vehicle design and optimization problems, and often the
starting point when assessing an approach for simulation. MCS is considered more accurate
because of comprehensive simulations to produce well-distributed data to determine the
statistics needed for the problem. This method is well t for design models where there
are a lower number of random variables and the underlying codes take milliseconds to run.
The limitations correspond to the complexity of the underlying physics and the number of
variables in the model. Trading the accuracy needs with complex underlying physics and
a large number of variables can make MCS less practical [55, 36]. For simple numerical
methods, or very fast low- delity physics models, MCS is often the best approach.
Alternatives to MCS, developed in the eld out of necessity to reduce the number of
experiments needed or the time required to produce the overall simulation data for proba-
bilistic design. The two common alternative methods are different approaches to generate
the needed CDFs. The rstfocuses on producing a more computationally ef cient underly-

ing model, as a function of the entire design variable space, to support the use of MCS with
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a faster model function. The second alternative aims to generate an approximation of the
CDF by replicating the MCS analysis techniques using rst-order search and optimization
methods.

The rst approach to propagate uncertainty more ef ciently are metamodels, used to
support more computationally accessible MCS. Recalling the introduction of metamodels
and surrogates, from the foundations in Section 3.2.4 and in the literature Section 3.3.3.
Metamodels were presented as enablers of more ef cient analysis by generating a func-
tional substitute for more complex physics models. The underlying goal of applying a
surrogate is to build a replacement for the physics and then enable MCS to run the full
breadth of simulations needed to propagate uncertainties through uncertainty distribution
factors. In the surrogate modeling community, there is a wide range of options with the
capability of building complex models from a neural network to a more simple stepwise
regression. The surrogate approach to propagation uses a three-step process: developing
a DoE, tting the model, and running a MCS to populate the probabilistic response data
through queries to the surrogate models. To select the sample space, or the right DoE, the
design will depend on the number of inputs and complexity of the models to ensure that a
representative sample space is gathered to re ect the behavior of the problem of interest.

The application of surrogates has been acknowledged as a well-demonstrated option,
but requires the necessary physics-based or numerical models to be used. For the appli-
cation to a requirements decomposition model, if the assumption is made that a modeling
foundation proposed by Hypothesis 1 is successfully implemented, the considerations re-
quired look at the number of input factors and complexity of the models. Although the
type of surrogate and complex representation will be the primary determinant of the type
of DoE, the numbers and range of the design variables determine the sampling of the de-
sign space. The sample space will impact the DoE selection of resolution and distribution
patterns, as well as factors such as stochasticity or interactions. Complexity of the physics

imposes a different decision-making process in time to run, which limits the number of
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cases accessible to train and validate the surrogate. With the type of surrogate selection,
the considerations will look at the underlying physics-based or numerical models to de-
termine the complexity of the behavior. The different surrogates explored in the literature
Section 3.4.3 show the variety of options to meet the needs of the problem.

The surrogate implementation also depends on error terms which are used to quantita-
tively measure the quality of t or the relative estimation error of the regression functions.
The statistical measures presented in Section 3.4.4 covered the use of terms Réch as
Model Fit Error (MFE), Model Representation Error (MRE) and Standard Deviation of
Error. These measures are important in determining the relative quality, prediction capa-
bility, and total error of training and validation sets. The statistical measures will be used
to determine the surrogate ts, along with any graphical representations of these measures.
The limitations of this alternative, as mentioned above, relate to the cases needed for DoE
to produce suf cient input and output behavior to t a surrogate. If the models are slow,
the responses too complex, the option can be prohibitive. The selection of the model and
error metrics will depend on the underlying assumptions about the physics and response
behavior.

The other explored alternative for propagation that is represented in the literature is the
approximation of the analysis used to estimate the objective in MCS. Techniques are those
under the family of FPI, introduced in Section 3.3 and Section 3.4.3. The use of numerical
approximation methods is an ef cient approach to approximate the MCS sampling and
analysis codes to construct the CDF. The main assumptions are that not all probability
levels of the function are needed to approximate the response behavior as a function of
the input variables. The need is for fewer runs of the linked analysis codes to predict
the probability of occurrence for given objective values, or inversely predict the objective
values for a desired probability of occurrence [55, 36].

The analysis methods used in FPI are more ef cient for simpler problems because of the

assumptions associated with the rst-order or second-order approximation analysis meth-
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ods. Most commonly used are linear approximates with rst-order method of AMV, or
adaptations for non-linear functions with iterative approximates using AMV+. The ap-
proximates evaluate the analysis to determine the limit-state function at the MPP. This
approach does not generate a response function like surrogates and makes the assumption
that the response function is smooth and the locus point exists at the mean CDF.

To explore the viability of FPI, or AMV, against alternatives, an experiment was con-
ducted to replicate the applications in Bandte and Mavris [55]. While the experiments
carried out in that research compare the AMV approach and RSE as alternatives to MCS
for a complex aircraft design problem, this research will demonstrate the effectiveness us-
ing a simpler function. The primary assumption with this is that the application of these
methods for a simple function could be easily compared with the full MCS method in-
stead of generating a surrogate and then performing MCS. The experiments were chosen

to re ect the following needs:

Representative of a multivariate problem

Equipollency to response uncertainty distributions

Contains well posed function with de ned inputs and outputs

Replicable for MCS, FORM, and AMV methods

The identi ed model was the limit state function, which de nes the ratio between two
lognormally distributed random variables. The formulation in Equation (4.1) provides a
well-posed problem with de ned inputs and outputs, with a low computational effort to
explore a multivariate uncertainty simulation. For the application of uncertainty charac-
terization of the inputs as probabilistic distributions, the problem can be de ned with the
necessary equipollency by selecting the random variable distributions. This small experi-
ment will provide a highly reduced example of response ef ciency and accuracy between

the different simulation and approximation methods.
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Figure 4.2: Limit State Function Experiment - Lognormal Input Distributions

Figure 4.3: Limit State Function Experiment - Response Distribution

. X
Function : g(X1;Xp) = =
X2

Response: P[g(X1; X2) < Z] (4.2)
XX F[ =1; =0:5]

The input distributions fox, andx, are nondimensional variables, with ranges from
0 4, and selected as lognormal distributions with the given meamd standard deviation
, seen in Equation (4.1). These inputs are re ected in Figure 4.2, and the corresponding
response PDFs for these inputs is shown in Figure 4.3.

The experiment will compare the different simulation methods applied to this problem.
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Table 4.1: Model Simulation and Response Prediction Comparison

Reduction Method | Probability Levels | Time | Cases
FPI/AMV 11 0.093| 16
FPI/AMV 33 0.362| 38
FPI/AMV 99 0.994| 104

FORM 33 4.050| 797
MCS 11 0.697| 200
MCS 11 3.540| 1000
MCS 33 0.727| 200
MCS 33 3.426| 1000

The implementation of this experiment was carried out in Dakota, which is the primary
tool available for the use of FPI. To run this experiment, the approximation for FPI and
FORM must be compared to the full MCS. Dakota provides discrete responses, instead of
continuous functions, which means that the compared functions will be varied according
to the number of probability levels requested to populate the complete response CDF. The
tool provides response statistics, along with the time and the number of cases required to
produce the desired probability levels for CDF of the response in Equation (4.1).

The experimental statistics represented in Table 4.1 show the increase in time and the
number of cases with the use of MCS. While the same number of probability levels was
requested, FPI outperformed the MCS for all equivalent cases. It was known that FORM is
not a fast approximation for complex models, but FORM or SORM are considered effective
alternatives for simpler functions. In this experiment, it does not provide much in the
way of competitiveness. Instead, what can be seen is the drastic difference in the number
of cases between FPI and MCS. The applied FPI required the range of 10 to 100 cases
for the different probability levels requested, where MCS ranged from 200 to 1000 for
the same output. The side-by-side comparison for the cumulative distribution function
response of the limit state function, with the input distributions selected, is graphically
shown inFigure 4.4, with neither FPI nor MCS patrticularly more accurate than the other.

To better understand the accuracy and prediction differences between the probability

level requests, FPI was run for the three probability levels shown in Table 4.1. The com-
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Figure 4.4: Limit State Function Experiment - FPI, FORM, MCS Comparison

parison of the two lower discrete levels can be seen in Figure 4.5, where the levels for
this simple function are only re ective of more spread out response estimates versus more
discretized. This process can be continued to be in nitely discretized, producing a more
continuous response function, but the purpose of this experiment is to show the applied
approximation as an alternative to running MCS or generating a surrogate. Depending on
the surrogate model, complexity of the underlying physics, and number of variables, the
literature demonstrates the need for more samples, which can quickly become prohibitive.
This experiment demonstrated the same conclusions as the more complex implementation
in Bandte and Mavris, which says that, depending on the function, FPI is a good quality
alternative for projecting the response distributions to MCS and surrogate modeling.

The acknowledged limitations of FPI methods are the linear approximation assump-
tions, whether that is a good assumption for the response. Other limitations include analy-
sis complexity, or run-time, which can limit the ability to query a large number of objective
values or probability levels [55, 102]. The considerations that are necessary for implemen-

tation will be whether discretization of probability levels or objective values is suf cient to

197



Figure 4.5: Limit State Function Experiment - FPI Probability Level Comparison

estimate the representative CDF. Although there are advancements in adapting the method
to account for non-linear or more complex approximate functions for the limit-state func-
tion, the application to complex design analyses has been demonstrated with relatively
positive results. The primary observation is that the selection will depend on the responses

and the complexity of the model.

Performance Uncertainty Propagation Summary

From the rst component of this research, it was identi ed that the use of distribution
model acts as a tool to inform decisions, where the speci c CDF communicates effective
information about the uncertainty in responses. Given a modeling analysis that predicts the
performance distribution as a function of the uncertainty distributions, the use of a CDF
can be observed as the necessary outcome to capture the uncertainty in the performance
requirements of the assumed MDA.

To obtain the needed CDF, the different distribution generation approaches have varied

capabilities. Applications and limitations are based on analysis, underlying assumptions,

198



and the required precision of the response. These three components are highly dependent
on the selection of a case study in this research, which will determine the nal modeling
analysis and variable mapping for the MDA. The methods presented demonstrate three
well-proven alternatives to capture the effects of uncertainty and propagate those uncer-
tainties into the response distributions. The selection of the method for the corresponding
model characteristics will be done to increase the ef ciency and capability of probabilistic
design. Therefore, selection is hypothesized to enable accessible quantitative assessments
for performance requirements and margin allocation decision-making. The conclusions of

this section inform the following hypothesis:

Hypothesis 2.2

If a multi- delity simulation approach is integrated to accommodate the accegsi-
ble performance models, then propagated design uncertainties will be quanti able
through more effective simulations of performance CDFs and enable probabilistic

design methods during requirements decision-making

Hypothesis 2.2 represents an important observation that the existing capabilities in the
eld are suf cient to support the needs to capture the effects of uncertainty. With the
assumption that the modeling analysis in Hypothesis 1 is successfully implemented and the
uncertainty down-selection and characterization steps are successfully implemented from
Hypothesis 2.1, the uncertainty propagation process will mostly rely on the underlying
models to inform the necessary reduction or simulation approach. From this hypothesis,
the simulation capability will provide the probabilistic response distributions needed to

understand the uncertainties associated with the performance requirements explored.

4.3 Uncertainty Informed Margin Allocation

The traditional methods for margin allocation identi ed in the literature focused on the al-

location of static empirical factors, based on historical vehicles or expert opinions. In the
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steps to navigate uncertainty earlier in design, probabilistic design approaches to margins
have been sought. The different methods presented in Section 1.4.2 applied historical as-
sumptions or extrapolation, can contain subjectivity, or use risk assessments to proportion
out the allocation to lower-level disciplines.

From nontraditional margin allocation methods, speci cally within the vehicle design
eld, a smaller body of research explores margin allocation through varied approaches.
Research explored in Section 1.4.3 presents a few of the alternatives that apply concep-
tual design methods to margin allocation. The problems being solved focused on a varied
type of uncertainty, such as volitional or design uncertainty, although, the methods most
commonly utilized repetitive simulations or optimizations to meet a nominal value. For a
more de ned phase of design, optimality is de ned because the constraints and margins
have been allocated. Some of the conceptual research approaches addressed design uncer-
tainty, but applications to a different problem would require translation to the requirements
estimation needs of this research. Common themes included a wide variety of probabilistic
to numerical approaches, but they were deemed inaccessible as a baseline because their
demonstrations required an accessible M&S and a well-de ned problem.

The observations that drove the second capability gap included the quantitative methods
needed as a baseline, but the integration of uncertainty quanti cation and probabilistic
methods for more effective and informed decision-making. The following section will
provide an overview of these observations and develop alternative formulating questions.
From the respective literature and assumptions made in this chapter, a hypothesis for an

alternative approach will be de ned.

4.3.1 MarginAllocation Baseline

The different approaches to margins presented in the literature from Section 1.4.1 and Sec-
tion 1.4.2 overlap with those identi ed in the interviews. The interviews presented ap-

proaches that included program or company handbooks, industry vehicle standards, risk-
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based allocation, and iterative methods applying engineering principles. The selection of
a baseline approach in Chapter 2 determined that the use of industry standards and hand-
books was consistent in the eld and would be an effective starting point. The differences
in experience, provided by the interviewees, present an understanding that the standards
are limited, primarily re ecting the vehicles and missions from which they were built. As a
baseline, the industry standards and historical vehicle data approach was shown to be aug-
mented using the different methods of risk or engineering principles. These two provide
promising results in the eld, but there were missing components of quantitative substan-
tiation and uncertainty quanti cation to support these methods outright using the existing
industry tools in the systems engineering discipline.

Characterization of risk requires expert elicitation for the uncertainties of the specic
problem and understanding of the design outcomes. These can be inherently subjective
when de ning requirements but even more so when allocating margins to account for un-
certainties. The integration of engineering principles provides a more technical approach,
but if M&S were available to support the engineering principles approach, then the sys-
tem engineering decision-making process could re ect a more quantitative approach. The
key components of accessible modeling and simulation from Formulating Research Ques-
tions 1 and 2 can be assumed to be enablers of an alternative quantitative approach. If
the assumption is that the implementation of a modeling environment is successful and
the uncertainty quanti cation methods are implemented, then the alternatives available for
margin allocation decision-making can be built upon this platform. From this assumption,

the proceeding Formulating Research Question 3 is asked:

Formulating Research Question 3

How do quanti ed design uncertainties translate into performance requirement mar-

gin needs for decision-making trades?

During the requirements decomposition and decision-making phase, the uncertainty
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would be about the effectiveness or probability of satisfaction rather than optimizing a
design to meet those allocations. With this information, the conceptual design margin
methods will be assessed as alternatives to inform improvements that can be translated to
high-level performance margins.

The literature explored in Section 1.4.3 highlights the breadth of alternative margin
allocation methods, which predominantly focus on the design of complex vehicles or sys-
tems during the conceptual design phases. The approaches demonstrate effective tradeoffs
or optimization of a margin to support the objectives during that phase. These methods can
be used to translate how uncertainty quanti cation and simulation methods enable complex
decision-making tradeoffs.

Starting with Robertson's margin design method, the approach utilizes a hybrid range
statistical method and simulated con guration alternatives through a work breakdown struc-
ture to trade design margins to account for unexpected design changes in vehicle weight
growth [41]. Guenov et al. [57] present an alternative to trade margins for technical perfor-
mance metrics, utilizing traditional constraint analysis to show aircraft designs that meet
margin needs. Thunnissen [59] presents research on margin allocation exploring concep-
tual spacecraft design to trade mass, schedule, and cost margins that meet the nominal
combination of risk or reduced uncertainty. Zang et al. [158] explores a probabilistic mar-
gin allocation within aircraft design sizing to optimize the probability of success in meeting
the constraints.

Although this research was not used as a baseline method for disciplinary methods of
systems engineering, they are informative for alternatives. Among many of the presented
approaches, a foundation of applied simulations is a foundation for predicting the distribu-
tion of an uncertain metric. From the propagation of uncertainty, accessible probabilistic
design methods can be used as tools to estimate the likelihood, capability, or con dence
in meeting a distinct value or range of designs. If the assumption that the models imple-

mented for Hypothesis 1 and the simulation environments from Hypothesis 2.1 and 2.2
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are successful and provide the necessary tools, then the following Formulating Research

Question 3.1 is asked:

Formulating Research Question 3

How do quanti ed design uncertainties translate into performance requirement mar-

gin needs for decision-making trades?

To explore the uncertainty of the design and cultivate con dence in decisions, an in-
formed approach can be developed given the assumption that the implementation of simu-
lation environment effectively produces the necessary data. From this formulating question,

the sub-question can be developed for a direct assessment of the available information:

Formulating Research Question 3.1

How does the distribution of estimated performance uncertainty translate to a pyob-

ability of satisfaction and inform effective design margins?

The output of a CDF for the performance measures can be assessed to re ect where
margins are represented, then understand the translation of statistical measures for decision-
making. Margins can be evaluated as the expected variability due to uncertainty, which
must be enveloped to protect the do-not-exceed constraints. A modular approach to run it-
erative trades on a con guration is needed for this research, which must be compatible with
the available environment and mapping on the system-level. A notional example of how to
break down the output of the simulation environment is depicted in Figure 4.6, identifying
the traceable impacts of uncertainty on the response. The shown probability of satisfying
the constraint for the allocated maximum jumps fré%to 70%when the uncertainties
are propagated, but the margins re ect the enveloped region between the allocated maxi-
mum and the estimated performance baseline.

The proposed platform for propagating uncertainty through a more effective simula-

tion environment provides the missing tool to project the likelihood of meeting a con-
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Figure 4.6: Notional Performance Uncertainty Variation

straint. The diagram in Figure 4.6 demonstrates this variability for a single con guration
of interest, with the uncertainties associated with the underlying simulation. To use the
informed response distributions and simulation capabilities as a modular platform for deci-
sions, implementing a tradeoff process would allow designers to compare the likelihood of
satisfaction for a given constraint or in meeting the allocated margin reserves between the
baseline and allowable values. This step is not necessarily another quantitative tool, statis-
tical analysis, or numerical method. The tradeoff capability is the gap; through the formal
scenario-based application of the platform would be used to address this gap. Scenarios are
enablers of measuring the impacts of identi ed uncertainties on performance, or playing
“what-if” games. Overall, tradeoffs are a tool for running queries of interest. Whether that
is to con rm that the estimated performance is reachable with the constraints allocated to
the design or to perturb the components of the simulation to meet the constraints for the
desired probability of success.

The tradeoffs performed by the Systems-of-Systems SoS uni ed tradeoff environments,
in Section 3.3, demonstrate the ow of information from the requirements space down

to the disciplinary design space and back up to inform the responses due to variation of
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the disciplinary designs. In this research, this ow has been shown with the vehicle re-
qguirements and mission speci cations de ning the concept to be explored, de ning the
performance constraints and margins on this level. While the tradeoffs are performed by
the system-level decision-makers, the actual simulations trade the lower-level disciplinary
uncertainties and characteristics of the design to inform the effects of uncertainty on the
performance constraints and margins. The uni ed tradeoff environments are often track-
ing the MOEs for mission or campaign-level requirements, the tradeoff is not far from
the system-to-subsystem trade. Without requiring an optimization, the need to explore the
inherent uncertainty in meeting the constraints is provided by the propagation process pro-
posed by Hypothesis 2.2. The missing piece which this research question is asking is for
the design tradeoffs, the ability to change design characteristics and uncertainty parameters
to meet the needs of the problem or identify the viability of the estimated performance.
From tradeoffs, margin allocation effectiveness is more informed. The effectiveness can be
translated by the probability of meeting those constraints and the margins that envelope the
uncertainties with suf cient reserve. Conversely, low success can be translated as the like-
lihood the con gurations could result in burning down the margins due to the uncertainties
in the design.

From the provided platform, the comparison between the design variation and the meet-
ing of the constraints will allow the effectiveness of the margins to be assessed. Whether
testing the standards in industry or historical documents, or evaluating a best estimate from
a SME, this type of tradeoff platform is modular enough for scenarios needed to evaluate
margins and constraints within the requirements decomposition explored. These conclu-

sions lead to the following hypothesis:
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Hypothesis 3.1

If uncertainty informed CDFs are given for the explored TPMs and con guratign,
then a probabilistic design tradeoff approach will provide the necessary platforn] for
constraint and margin evaluation to account for design variability within a desifed

probability of success

The hypothesis presents the needed platform, the simulation environment, which pro-
vides the foundation to enable decision-making with which designers can understand the
estimated effectiveness of the allocated margins. The outcome of one simulation stage
re ects whether the estimated performance measure has the desired probability of satisfac-
tion or allowable variance that the explored con guration can have in the margins effec-
tively protecting allowable constraint violations. The actual trades and margin decision-
making come from the designer or program needs for probability of success, where trades
to the uncertainty parameters and design con gurations can be explored to meet require-
ments and margins to the probabilistic thresholds. Otherwise, evaluation of the margins
and adjustments is also a plausible scenario. The performance uncertainty associated with
the response distributions provides important insight into the variability of the design as a
function of the uncertainty. To support the decision-making process, the tradeoffs can be
considered more effective than applied standards without a formal understanding of under-
lying design behavior. The tools allow designers to weigh their own risks and communicate
guanti ed measures of uncertainty more effectively.

From this hypothesis, the building of the simulation space into a formal trade-space
platform is the rst component. Scenario-based trades are the second component of this
hypothesis. The tradeoff analysis requires a scenario-based demonstration to explore the
capacity with which the vehicle can meet the constraints for the margins allocated. This

component of the hypothesis is depicted in Figure 4.7.
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4.4 Summary of Methodology

This chapter presented the formulating research questions for an alternative method to mar-
gin allocation and decision-making during the early phases of design. The capability gaps
presented in Section 3.5 covered two primary areas, which led the formulation of the ques-
tions to identify a representative quantitative modeling approach for the requirements phase
of design and a platform to inform margin allocation decisions of the uncertainties embed-
ded in the design. The hypothesized approaches for each of the questions are depicted
in Figure 4.7, de ning a modeling tool for performance requirements and an uncertainty
simulation environment. The outcome and synthesis of these two components produce
the probabilistic design approach needed for design trades, with the platform to evaluate
the variation of performance recovered by the margins allocated for each of the selected

performance constraints.

Figure 4.7: Research Objective and Sub-Research Question Methods Decomposition

The summary of the proposed solution includes the following items:

1. Translating performance requirements in a simpli ed numerical and physics-based

model

2. Sensitivity and variability analysis to identify drivers of uncertainty and evaluate

behavior for probabilistic characterization
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3. Apply effective model reductions to enable the needed simulations of uncertainty to

produce the response distribution

4. With the available platform, run simulations or approximation experiments for the

probabilistic design tradeoffs
5. Evaluate and iterate for the desired margin effectiveness and constraint satisfaction

The hypotheses presented in this chapter de ne the steps of a greater methodology that
aims to meet the overarching research objective. To implement the steps, further questions
to guide the literature on tool selection or speci ¢ approaches will be explored in Chapter 5
and Chapter 6.

The research road map described, in Figure 4.7, provides a set of building blocks from
which to produce a method that enables informed decision making around uncertainty in
the design. The methodology is built upon the predication that there are accessible mod-
eling tools, which is required before the implementation of uncertainty quanti cation and
probabilistic design can be done. The necessary steps to implement this method begin in
Chapter 5, with the selection of a launch vehicle case study to build the foundation of the
models. From this case, the problem and mission requirements will be decomposed and
mapped to de ne the modeling architecture of a multidisciplinary performance require-

ments MDA.
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CHAPTER 5
QUANTITATIVE REQUIREMENTS MODELING ENVIRONMENT

The consistent thread throughout the literature has been that the quantitative tools used by
disciplinarians, for modeling and decision-making, are typically inaccessible during early
phases of vehicle de nition and requirements decomposition. Capability Gap 1 was rec-
ognized as the underlying need for a quantitative modeling environment to support early
phases of design. Speci cally, the needs re ected by Capability Gap 2 include the explo-
ration of design tradeoffs between the system and subsystem levels and enable the integra-
tion of estimation of uncertainty in meeting performance requirements prior to conceptual
design analysis. The product of Capability Gaps 1 and 2 is an informed margin allocation
decision-making process.

The research question formulated to address Capability Gap 1, in Section 4.4, asked
how to bridge the gap between the qualitative systems engineering tools and the quanti-
tative conceptual design tools. In a more detailed survey, the research questions explored
what physics-based environments exist to act as a skeletal framework for modeling. The
explored literature identi ed alternative environment architectures that represent different
types of design problem, providing either disciplinary design-level solutions or more high-
level systems-of-systems solutions. It was not found that one type of environment ade-
guately represented the tradeoffs needed on the system-level for performance requirements
trades. With that, it was concluded that there are components of the lower-level perfor-
mance requirements and design trades that were identi ed in the disciplinary MDAO ar-
chitectures. Similarly, although the system-level problem identi ed in this research cannot
be exclusively identi ed as trading mission- or campaign-level scenarios, the multilevel
trades from the system-of-system structures are acknowledged to be representative of the

system-level requirements decomposition that are present in this research problem. The ob-
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servations in Chapter 4 identi ed the solution as more of a synthesis between the existing

architectures with Hypothesis 1:

Hypothesis 1

If system-to-subsystem design environment maps system-level metrics and dgsign
characteristics to lower-level multidisciplinary design analysis, then a numericallap-
proach to trade design impacts on performance requirements will be accessiblg ear-

lier in design

The hypothesis proposed an enabling modeling capability for the requirements decom-
position phase that is not necessarily found in the literature, lling Capability Gap 1. For-
mal experimentation for this hypothesis will come in the form of a validation that the design
and requirements decomposition mapping has been effectively modeled. The acceptance
or rejection of this hypothesis will require the implementation and demonstration of the
design capabilities to estimate performance from the de ned requirements decomposition.
The implementation and development of a physics-based modeling analysis for a quantita-

tive environment drives the objective of this chapter:

Research Objective 1.1

To develop a quantitative modeling environment that is representative of high-I¢vel

requirements decomposition and can be used to perform design tradeoffs

This chapter will investigate the modeling and simulation analysis needed to develop a
modeling environment that will support the expectations of this objective. The development
of a physics-based modeling architecture that ful lls this purpose will be done by breaking
the objective into implementation questions. This chapter will rst explore the objective
by asking what the necessary characteristics, uncertainties, and performance metrics are
needed to be able to select models. From the decomposition of the requirements prob-

lem, representative modeling analyzes will be explored to build formal modeling platforms
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that perform the desired trades representative of the early phases of decision-making for
requirements decomposition.

To be able to decompose the problem, the problem must be formally de ned. Similar
to environments developed for aircraft design, or campaign tradeoffs, the models were
developed with a purpose in mind to answer speci ¢ needs. The de nition of the problem
is the rst component of this method, primarily because identifying a modeling solution
requires an understanding of design characteristics and performance metrics, which are
dependent on the vehicle and problem being studied. The problem must be de ned to
craft an effective layout of a systems engineering simulation environment for performance
requirements tradeoffs. Once the case has been outlined and the key components of the
modeling analysis have been determined, the research will investigate the implementation

through tool selection and experimentation.

5.1 Launch Vehicle Performance Requirements Case

In the de nition of a vehicle, the decomposition of functional and performance require-
ments provides critical information on the layouts of physical subsystems, their design and
integration characteristics and performance expectations. The high-level vehicle system
can be broken down into all disciplines, their subsystems, all the way down to the com-
ponents and parts that make up the full vehicle. The rst phase of decomposition is com-
partmentalization, by discipline and then function. The notional decomposition presented
in Figure 4.1 breaks down the launch vehicle system into eleven disciplines, including the
system as a whole and considering each of the disciplines their own system. That is due
to the complexity of the subsystems that make up the whole. A theoretical example would
be the decomposition of the structural system and subsystem, depicted in Section 4.1 with
Figure 4.1, which includes the primary structure subsystem, the aeroshell, the tankage, the
intertank structures and the payload bay structures [8]. Although this is not a comprehen-

sive list, it gives an example of how a complete vehicle structure is comprised of many
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smaller subsystems that have their own dimensions, constraints, performance metrics, and
more.

The complexity of the modeling analysis and dimension of variables need to map the
entire breakdown could be considered one of the current reasons the systems-engineering
discipline rarely has a full-scale quantitative model now. Not only is extensive expertise
needed to integrate anywhere from a half dozen to a dozen different models, but the uncer-
tainties in a design and the numerous subsystem performance responses for each discipline
would create a complex design problem. Conceptual designers are limited with this issue,
too, necessitating reductions and assumptions to bring the candidate modeling architectures
down to a handful of disciplines. Along with the disciplinary truncation, there is the need
to reduce the con guration design space down from the millions, or billions, of possible
combinations into the thousands and hundreds.

Although conceptual design utilizes reduced modeling, surrogates coupled with design
space exploration, and different sampling methods, it is actually the preliminary mission
requirements de nition that reduces down the candidate space rst. For the application of
this research, the complexity and dimensionality drives the need for a real design prob-
lem to be scoped down to a smaller scale. In doing so, the needed de nitions to build a
representative model will be represented by a clear architecture of the problem's baseline
requirements decomposition.

The following section will identify a candidate vehicle concept and mission to sup-
port the benchmarking of any models, but more so to support the top-level requirements
de nition and decomposition process that will de ne the needed modeling environment ar-
chitecture. In traditional requirements de nition phases, an iterative process de nes basic
mission requirements and some lower-level requirements as the starting point for concep-
tual designers to identify potential concepts that meet those needs. In efforts to bridge the
gap between modeling and qualitative decision-making, the top-level concept can be as-

sumed as a completed component for the application, which can be done by selecting a
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candidate case study with adequate requirements decomposition information. The prob-
lem de nition will include the speci cation of a vehicle under consideration, identify the
system performance models and design trades, and specify design uncertainties existing

within the decomposed system.

5.1.1 Vehicle ConceptSelectiomandDesignSpaceDe nition

The launch vehicle development process, discussed in Section 1.3, begins with the re-
guirements of the stakeholders or the customer. From the speci cations, expectations, and
overall mission needs, the key components of a CONOPS and system-wide constraints are
translated into what is referred to as the characterization of the baseline, or reference point,
for the requirements decomposition process and the design re nement [8].

To de ne a vehicle concept, one that will provide the baseline for a modeling environ-
ment, the mission or the vehicle problem must be de ned. The mission and vehicle problem
are de ned by the early contract process, usually external stakeholders or customer needs,
which dictate the expected mission and vehicle capabilities. Often, these are set as an im-
provement or completely new need in vehicle capabilities from the existing market. For this
research, it would be more bene cial to have a standard, or well-de ned, vehicle example
to demonstrate and validate the performance requirements modeling environment. While
many vehicles and missions will be explored for a viable baseline concept, the information
that will identify a baseline candidate should be one with quality and accessible design,
mission, and performance information.

Accessible information that would ful Il the desired categories includes industry vehi-
cles with suf cient design information from which to deconstruct a relative design space
and mission performance to match. Ideally, design information would include a breakdown
of the physical structure and design characteristics, as well as details of the requirements
and performance data for the mission.

To scope down the detail and type of information needed from a candidate vehicle con-
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cept, one can look at the primary mission and constraints that are set during requirements
and the components used by conceptual design to down-select a candidate vehicle. Con-
ceptual design concept selection uses a subset of the full disciplinary systems that drive
concept selection. This will bene t the search by reducing the level of detail needed from

a candidate from the industry or the research vehicle.

In launch vehicle design technical handbooks, it is the mission de nition, payload,
orbital delivery, cost, schedule, and other primary constraints from which potential con-
cepts are formed. The concept de nition includes overall vehicle architecture, staging,
expendability or reusability, and broad de nitions of high-level driving systems (propul-
sion, structural, avionics, and thermal) that meet the requirements provided [8, 3]. For
the top-level analysis and sizing of vehicle concepts, the rst ve steps are informative in
de ning the needed characteristics and representative performance outputs that are taken
from the requirements decomposition. These ve steps are de ned by Humphries et al.,

from the Launch Vehicle Design Process documentation [8]:

1. Preliminary estimates of geometry, mass, environments and propulsion characteris-

tics
2. Trajectory and performance de nition
3. Induced environment de nition
4. Top-level sensitivity studies

5. Margin determination necessary to envelope uncertainties

To provide a representative modeling analysis to support the acceptance of Hypothesis
1, a vehicle concept candidate for this research application must provide a benchmark for
mission requirements, as well as staging, general architecture of the vehicle, and broad

de nitions of geometry, mass, propulsion, and trajectory and performance expectations. To

214



limit the complexity of a multidisciplinary system-wide model, a few disciplinary consid-
erations will scope down the problem.

First, the thermal and avionics systems in those candidate lists are typically isolated.
The compartmentalized nature of the process leads the thermal management and avionics
systems to de ne high-level mass and energy needs for concept selection, but are designed
in less detail during this phase. Avionics and thermal systems are critical to ight, but in
design process documentation, for both launch vehicles and aircraft design, the systems re-
quire more maturity of the vehicle de nition to be designed in detail. Therefore, these are
more simply de ned up front, with assumptions in mass and energy for early candidate as-
sessments, and use concept selection to iterate in detail during the detailed and preliminary
design phases [44, 8].

A similar approach is used with trajectory design. Often, trajectories include more it-
erations during the conceptual design phase, but are optimized once the vehicle is more
de ned. Given the critical loads and performance needs that drive the feasibility of a ve-
hicle concept to meet a speci ¢ launch trajectory, a trajectory must be de ned during this
concept candidate step. While optimization occurs during the conceptual and detailed de-
sign phases, full top-level sizing and analysis includes a rough de nition of the trajectory
environment to support the steps mentioned above. The iterative and complex nature of
trajectory design is one of the main reasons why it must be included in the sizing and anal-
ysis of conceptual designs. This is a crucial discipline, but for requirements de nition, the
sizing and optimization of a concept is a time prohibitive step already. The mission and
system-level performance needs of a trajectory de nition are often more focused on energy
and loading constraints to get to orbit [8, 3]. This means that the trajectory de nition must
occur, but will be considered a component of aerodynamic loads or propulsion performance
needs, which will be addressed in more detail in the following section.

The subsequent steps which are not re ected by this list take the de ned concepts to

assess performance and risk, then repeat the whole process until top contenders are iden-

215



Table 5.1: Candidate Vehicle Information

Mission Characteristics Payload, Orbital Delivery, Trajectory

Design Characteristics Geometry, Staging, Propellant Type (Liquid,
Solid, Hybrid), Propulsion System (Engines, Ef-
ciencies)

Disciplinary Performance Needs | Structures, Propulsion, Aerodynamic Loads,
Mass Properties

tied. For this research, these ve steps demonstrate a single pass for a vehicle concept,
with design and performance measures that inform the margins for the underlying uncer-
tainties. Overall, the complete sizing and analysis iteration during conceptual design rarely
integrates all disciplines at once. As was acknowledged by Section 1.3, the process is often
compartmentalized by system to reduce the complexity of a candidate concept. From this
process, the speci cs de ned in Table 5.1, re ect the information needed to provide a com-
prehensive de nition of a candidate vehicle and mission, as well as develop a representative
system performance requirements tradeoff environment.

The de nition of a baseline concept and mission from existing launch vehicles in the
industry or historical vehicles will have limitations, speci cally those with proprietary or
limited data and design information. Alternatives to existing vehicles would be from the
launch vehicle design community, with a research vehicle providing suf cient informa-
tion for the information needed to deconstruct a design to match a speci ¢ mission and
performance need. One major difference for research vehicles would be the assumptions,
estimations, equations or references provided that are used to construct the vehicle and per-
formance models. Either a well-demonstrated example or well-de ned own mission must
be identi ed to generalize a representative vehicle problem for this study.

Existing vehicle documentation is broadly spread across vehicle class and mission pur-
pose. With a large amount of historical documentation for sounding rockets and older mil-
itary rockets, consideration of a benchmark for this type of vehicle would require assump-
tions to expand the application to meet a launch vehicle mission. Descriptions and perfor-

mance information are often limited to speci ¢ publicly documented tests as well. Docu-
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mented vehicles that are most commonly seen are the Black Brant iteration, the Orion or
Terrier-Orion, Terrier-Malemute, the Hawk and Nike Hawk, Star re, and the Texus/Maser
vehicles [159, 160, 161, 162]. Although these offer insights into available performance
data, such as thrust curves and trajectory performance, the use is not ideal, given the appli-
cation of this research is intended for a much larger vehicle.

A few boosters seen in a the sounding rockets listed above are also common stages in
launch vehicle applications, speci cally the Castor boosters [162], which are solid rocket
motors used in orbital launch vehicles. The orbital launch vehicles will be the next set
explored. Across the orbital launch vehicle class, there are two main separations based on
orbital delivery mission and payload type. The different vehicle designs across the industry
can be compared based on the payload weight capability, orbital delivery or access point,
fuel type and stages selected, and projected thrust require for that vehicle. The comparison
of the available information for the vehicles in the industry are seen in Figure 5.1, from
a table collecting what information is accessible. The data was collected from a wide
range of publicly accessible sources, ranging from the developers websites to historical
documentation web pages [163, 167, 168, 169, 170, 171, 172,173, 174, 164, 165, 166]. To
read this table from left to right, each vehicle's accessible information presents what type of
trajectory with respect to the orbital altitude and inclination, reference altitude or delivery
orbit altitude, weights, thrust, and identi able boosters supported. The missing information
is either due to lack of availability, inconsistency i the data, or because the vehicle performs
many and the information is not clear to which orbit the performance corresponds.

The commercial satellite delivery community is much more represented in this list;
there are even more not included in because they are relatively young developers with
limited publicly available documentation. Many larger vehicles deliver satellites to LEO
or GEO, but the vehicles which have been built to deliver payloads for integration with the
ISS are much more limited. This is not a comprehensive list, but provides a list of vehicles

with the most comprehensive publicly available data.
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Figure 5.1: Orbital Vehicle Comparison Data
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To consider a viable concept where the industry is already not over saturated, suitable
vehicles for delivery to the ISS or further can be assumed as a concept that is in constant
iteration. From the list of applicable vehicles (Atlas V, Antares, Falcon 9, Saturn V), the
detailed design and performance documentation is even smaller. Since Atlas, Antares, and
Falcon vehicles are developed solely by private industry companies, their data are mostly
proprietary. Outside of mission capabilities, payload bay integration or height, diameter,
and rocket fuel selection, their detailed geometries are unavailable. There is not enough
information to draw the necessary conclusions about the properties of the masses, the per-
formance information, and the historical launch trajectories.

The available information is predominantly represented by NASA, as a public govern-
ment entity, with the Saturn V and Space Transportation System STS vehicles. The Saturn
V documentation is widely distributed over the numerous iterations of the Apollo mis-
sions. Some documentation, such as the Technical Information Summary, includes detailed
structural architectures and technical layouts, but the details of performance and broader
mission-speci ¢ information is less accessible [165]. Dozens of technical requirements
documents were found for different subsystems or Apollo missions. With these resources
and the variety of missions, it is not simple to con rm the performance information with
decades-old documentation. The lessons learned and design documentation for STS is
more detailed in the process, the actual designs, and single mission performance informa-
tion is found for different lessons learned documents [8, 16]. With that, the vehicle is much
more complex of a multi-stage and external booster-assisted design and could drive a more
complicated candidate model, which would increase the dif culties with validation.

What can be concluded is that comprehensive mission and performance information is
not easily found for a single vehicle. To use any of the existing vehicles listed in NASA,
many assumptions would be needed and would embed further uncertainty in benchmarking
a representative model. In efforts to nd a current, or historical, vehicle example, the data

issues acknowledged were demonstrated in affect.
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In terms of research vehicles, the best example of the needed information is re ected in
the aircraft design community. The commercial aviation vehicle development community
has the Common Research Model (CRM). The CRM is an industry collaborated commer-
cial transport vehicle, developed and then collaboratively tested to compile comprehensive
design and performance data for a set of missions for the international public to use in re-
search programs [175]. The closest alternatives to the CRM, but for launch vehicles, was
presented by Edwards. He provides a comprehensive review of the many empirical perfor-
mance models for launch vehicles in the eld from the 1960's to the 2010's [37]. In this
review, he explains how models are uniquely built for a wide variety of purposes. Some of
the research by NASA includes performance charts for multistage rockets or disciplinary
performance design handbooks, where others from private contractors or researchers were
presented to capture speci c missions or apply unique assumptions. In the summary of
these options, it was observed that even with the more contemporary methods, a major-
ity of them utilize black-box approaches to modeling and apply statistics for the iterative
construction.

There is still no formalized CRM equivalent for launch vehicles, which leaves open
an area for future industry partners to collaborate and develop a similar launch vehicle
research model in the future. Because no formally published research vehicles or models
were identi ed, another alternative is needed. For this research, individual research done in
the eld around launch vehicle modeling must be explored. Speci cally looking into where
launch vehicle concepts are designed and optimized with multidisciplinary performance
speci cations.

The wide body of research in the eld of multidisciplinary launch vehicle design op-
timization provides crucial guidance to simplify the complex modeling breakdown used
during conceptual design optimization. Finding a well-posed vehicle design and perfor-
mance model for validation is more dif cult. The research explored in the previous chapters

provides very different modeling methods to launch vehicle design and performance esti-
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mation, with each of them the information de ning the cases is most often on the mission-
level and not the design characteristics or vehicle structural de nition. Similarly, for per-
formance data or disciplinary response information, the sparse representation of the data
depends on whether the research aimed to present a methodology or a speci ¢ performance
optimization of a vehicle or system [37, 106, 141, 127, 120, 176, 143, 144, 145, 146, 147].
The numerous research articles explored do not contain the full comprehensive breadth of
launch vehicle design research, but instead cover a subset of research containing a targeted
problem related to higher-level system design or vehicle performance.

The most comprehensive design and performance information applied to launch vehicle
research was within an internal NASA design tool, VLOADS, and a NASA research report
for the standardized risk assessment of a launch vehicle design. Vehicle loads (VLOADS)
program is a vehicle loading analysis tool, developed for launch vehicle design at the
NASA Marshall Space Flight Center in 1996 using Visual BASIC macros in Microsoft
Excel [177]. Although this tool was developed for preliminary loads analysis, with single-
stack and booster-supported launch vehicle examples, the baseline de nition for the vehicle
structure is limited to a single reference input le. The performance is mostly focused on
structural loads, hence the name, but it does provide some physics-based estimates for
propulsion and thrust, along with the primary outputs of weight and structural loads. To
use this as a baseline, many assumptions would be needed about propulsion and design, but
it would provide simple baseline estimates for a subset of the needed performance metrics.

However, the risk assessment research done by Motiwala et al. [178], through another
research program from NASA Marshall Space Flight Center in 2014, is much more de-
tailed and provides the assumptions and physics used to select the design. Research sized
a generic vehicle with the corresponding high-level performance of propulsion, trajectory,
loading, and mass. The documentation and the system decomposition information charac-
terizes a single-stack style Two Stage To Orbit (TSTO) launch vehicle. The research aimed

to produce a traditional vehicle, agnostic to existing vehicles and technology, for more
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modularity [178]. The research did not incorporate commercial off the shelf technologies
for various disciplinary designs and assumptions, instead used numerical equations and
historical vehicle performance baselines to create a more comprehensive vehicle de ni-
tion. Vehicle design was developed to meet a mission and payload delivery to the ISS,
using a crewed mission with a payload design similar to that of the Orion capsule. The
detailed structural design and performance information is suf cient to benchmark a vehicle
design space and further provides simple mass, structural, propulsion, and aerodynamic
disciplinary performance of the vehicle, and otherwise provides many assumptions where
models are not presented. Although it can be assumed that this is not a perfectly de ned
and demonstrated vehicle model, the information provides suf cient room to de ne the
measures needed in Table 5.1 or derive them through numerical equations.

To implement this vehicle as a benchmark, the disciplinary performance needs must be
mapped to the characteristics of the decomposed vehicle. From this decomposition, the for-
mulation of the necessary design characteristics, uncertainty parameters, and performance
measures will be identi able for a model architecture. This will be the primary role of the

following section and will begin outlining the needed modeling analysis architecture.

5.1.2 SystemPerformancéecomposition

The selection of a single stack, TSTO, earth orbit vehicle as a benchmark enables the next
component of problem de nition. To de ne the simple modeling analysis and performance
needs which will be tested against benchmark of the candidate vehicle performance in
Motiwala et al. This section will build a foundation from the candidate vehicle information,
which will inform the modeling analysis needs. From this, experimentation will be required
as validation that the multidisciplinary analysis has been built properly for the represented
problem decomposed in this section. To provide the needed framework upon which to build
a multidisciplinary analysis, one that estimates performance as a function of design trades,

a representative vehicle decomposition is needed. This can be done using a few systems
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engineering technique, but motivates Implementation Research Question 1.2:

Implementation Research Question 1.2

How to map system-level requirements decomposition and design uncertaintig¢s to

performance models on the subsystem level?

The fundamental systems engineering processes that will be followed include a func-
tional breakdown of the mission and vehicle, a breakdown of physical decomposition, and
the breakdown of performance requirements [3, 4]. De ning the design characteristics and
uncertainties that are represented during requirements decomposition begins by decompos-
ing the problem de nition into functions expected of the vehicle, which are represented by
the functional decomposition. The systems that provide that function will de ne the key
components of physical structure and re ect the needed models, then the performance met-
rics will de ne the necessary outputs of the models. Each system, or disciplinary model,
that is needed must be selected to meet a speci ¢ performance metric de ned by a perfor-
mance requirement.

From the candidate vehicle and supporting research, the decomposition of high-level
functional and performance requirements will be done. Translation of external stakeholder
speci cations during early requirements decomposition de nes the highest levels of func-
tional, operational and performance requirements. Although the traditional systems engi-
neering process follows functional analysis and performance trades to generate architecture
candidates [3, 179], this research will assume that analysis and trades have been performed
that led to candidate vehicle information.

Given that the requirements decomposition process was not the focus of the candidate
vehicle research, formalized decomposition of functional and performance requirements
was not provided in technical formats. To support the development of the modeling ar-
chitecture and performance model selections, the generation of a simpli ed functional and

performance decomposition will provide the needed mapping. The high-level concept def-
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Table 5.2: Candidate Vehicle Mission Speci cations [178]

Mission Delivery of Crewed Payload to LEO Orbit

Vehicle Con guration Single Stack (No Boosters), TSTO

Trajectory Launch From Cape Canaver@g5° lat) into 350 km Cir-
cular Orbit at51:6° Inclination to Dock With ISS

Design v 9:5km/s

inition provided, con guration information, and architecture overview will support func-
tional decomposition. With the operational and mission objectives, the high-level func-
tional requirements can be decomposed. Typically, functional analysis is used to de ne
the functional and performance requirements that meet the objective criteria, but the pro-
cess will be limited to what is accessible. The functional requirements for con gurations
and mission segments describe the inputs, outputs, and interfaces of the primary functions.
Without detailed functional and performance requirements given, the relationships de ned
by the vehicle problem will help de ne functions allocated to subsystems and processes to
achieve mission objectives [3, 179]. A few terms that will be seen in Table 5.%Z,gre
(thrust required), v (delta-v),T=W (thrust-to-weight ratio).

From the vehicle mission speci cations in Table 5.2, de ned by Motiwala et al. [178],
the concept is a Two-Stage-To-Orbit vehicle (TSTO), designed for a crew payload delivery
to the ISS and return to land. The original research models included the detailed design of
a crew module as a main part of mission and operations, but the purposes of this research
drives the focus on the full vehicle system. This means that the research will remain on
the vehicle mission to deliver a payload to orbit. This assumption includes the design of
a vehicle for orbital delivery purposes, which will account for any representative trades
associated with the crew module, but will the mission operations for the vehicle itself will
end after the second stage separates from the crew module to be considered “delivered”.
This de nes the concept of operations for the candidate TSTO that is used in this research
for design trades, which is adapted from Motiwala to end after separation, in Figure 5.2.

With the mission de nition and mission pro le, functional decomposition can be de-
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Figure 5.2: Adapted CONOPS For TSTO Vehicle Mission [178]

rived to inform detailed functional requirements owdown. The functional decomposition
of the candidate shown in Figure 5.3 de nes the critical systems associated with the avail-
able candidate. In the case of standard launch vehicle functional decomposition for early
candidate selection, the Thermal, Guidance Navigation & Control, and Avionics systems
are typically included, but are not performance drivers until later phases unless there are
reusability or recovery requirements [179].

From the candidate selection process reviewed in Section 5.1.1, observations were also
made that detailed trades for these disciplines are made after concept analysis but are
assumed at a high-level during requirements decomposition. Research that provided the
candidate vehicle focuses primarily on those three systems for the crew module payload.
Rather than making assumptions for components of the launch vehicle that can be assumed
within an auxiliary mass margins or designed later on, they will not be included in the

breakdown for this research and are not represented in Figure 5.3.

225



Figure 5.3: Candidate System Functional Decomposition [Derived from [178]]

From the functional decomposition and mission CONOPS, the rst two levels of a sim-
pli ed functional requirements decomposition, in Figure 5.4, re ect the key functions of
the systems provided by the functional decomposition. It is easy for functional require-
ments to become complex and very detailed, which means the set of derived functional
requirements is limited to the speci ¢ phases of operation for high-level functions. Only
the rstthrough third levels are included, representing the most minimal disciplinary needs
for each function.

The primary represented functions are the propulsion system providing thrust, and the
structure containing the propellants and payload. The functions associated with separation
typically relate to an internal mechanical release or pyrotechnic system. These are much
lower-level details that will not be included in this research. The other subtle requirements
are for the trajectory, with dictated desired altitudes and speeds to meet separation points
for a given stage. The trajectory conditions will be decomposed into the staged perfor-

mance requirements and ight conditions. Staged performance measures will be assigned
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Figure 5.4: Candidate Functional Requirements [Derived from [178]]

to structural and propulsion performance measures and ight conditions will be assigned
to aerodynamic loading performance speci cations.

From the functional decomposition and simple functional requirements, a translated
vehicle system breakdown can be developed using the candidate vehicle speci cations.
The compartmentalized vehicle systems are represented primarily as hardware, or physical
components, and typically do not include aerodynamics unless there are ns or wing fea-
tures. To remain transparent of the available information and needs of the modeling, the
owdown presented in Figure 5.5 presents all the relevant disciplines. This diagram is a
representative example of the necessary design components of the launch vehicle architec-
ture modeling, which include aerodynamics as a loading consideration.

To convert the breakdowns presented into performance requirements, a few de nitions
from the background literature will be reviewed. The requirements process literature in

Section 1.3 de nition of technical measures are repeated here [3, 13]:
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Figure 5.5: Candidate Vehicle System Compartmentalization

* MOE: Mission operational objectives or capabilities that de ne measures of success

to accomplish the needs of the mission, regardless of the design

* MOP: Physical or functional attributes of the system relating to the operations, pro-

viding quanti able features of performance capabilities

» TPM: Performance measures that de ne how well the system elements must perform

to satisfy the technical requirements

» KPP: A de ning subset of performance parameters to provide mission critical ca-
pabilities, minimum thresholds associated with project requirements critical to the

customer

The translation of physical and functional decomposition into performance require-
ments is re ected in the breakdown between mission-level and vehicle system-level re-
quirements. Table 5.2 rede ned along with the other high-level MOEs and the top-level
MOPs. The study explored in the candidate case has de ned some MOEs for the mission,

speci cations for the MOPs on the disciplinary level, and a limited set of TPMs. From the
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Table 5.3: Candidate Vehicle Mission MOEs and MOPs

Technical Measure | Speci cation

MOE 1.1a Launch From Cape Canaver@B®5° lat) and deliver payload to ISS
MOE 1.1b Deliver payload to 350 km Circular Orbit &1:6° Inclination to
Dock With ISS

MOP 1.1.1 Overall Vehicle Weight 247814kg]
MOP 1.1.2 Total Liftoff Thrust Required> 3:28[MN]
MOP 1.1.3 Vehicle Liftoff T=W 1:35

MOP 1.1.4 Stage 2 Separatioh=W 0:75

MOP 1.1.5 Total Mission v 9500[m/s]

MOP 1.1.6 Material and Structural Loads Within 2.0 and 1.5 Safety Factors for
Ultimate and Yield Loading

MOE 2.1 Vehicle payload bay must be integrable with Commercial Crew Pro-
gram Spacecraft and Launch Abort System (LAS)

MOP 2.1.1 Commercial Crew Program Spacecraft must be sized for 4 crew

members, with habitation for 7-day contingency

available information, the disciplinary performance metrics and constraints were decom-
posed and derived into TPMs in Table 5.4. Although KPPs are mission critical, the focus
of this research is on technical performance measures due to their direct relationship with
the design of a system and margin allocation. The performance requirements decomposi-
tion includes the disciplinary performance measures speci ed by the represented physical
elements that make up each stage.

In this research, TPMs will de ne the estimated performance for the vehicle operational
functions (i.e., thrust required, delta-v, loads, etc.) as well as the lower-level elements that
make up those metrics (i.e., allocated masses, engine performance, etc.). While many
TPMs are dependent, the compartmentalized ow diagram in Figure 5.5 identi es the as-
sociated discipline that is considered in the control of the performance measure. In cases
such as the vehicle structure, the propulsion system and structural de nition are highly cou-
pled. While this will need to be considered in the model integration, the speci cations are
still separated.

The system TPMs in Table 5.4 is separated by the system and the metric. The assump-

tions of margin allocation are more unique, because this was not completely de ned by the
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Table 5.4: Candidate Vehicle and System TPMs

System || Performance Metric | Benchmark Value

Structure || Stage 2 Mass 534383 [kq]

Structure || Stage 1 Empty Mass 21376 [kg]
(Dry)

Structure | Stage 2 Empty Mass 6349 [kq]
(Dry)

Propulsion|| Stage 1 Propellant 172954 [kg]
Mass

Propulsion|| Stage 2 Propellant 33331 [kg]
Mass

Propulsion|| Stage ITgeq 3280800 [N]

Propulsion|| Stage ITreq 393369 [N]

Propulsion|| Stage 1 ¢, 350 [s]

Propulsion|| Stage 2, 450 [s]

Trajectory || Stage 1 v 4250 [m/s]

Trajectory || Stage 2 v 5209 [m/s]

Trajectory || Stage 1 Burn Time 181 [s]

Trajectory || Stage 2 Burn Time 330 [s]

candidate research. What can be said is that the research communicates the assumption of
adding a design margin @5%to the payload, given their primary research focus on crew
payload optimization. £5%design margin for all subsystem masses on the launch vehi-
cle was not applied, and will not be assumed for this research either. What can be shared
about this is a point of information, the high-level MOPs for the change in payload carrying
capacity due to the growth of the payload mass is a real problem in the design process and
has been seen to affect performance. This component is not directly related to the perfor-
mance margin uncertainty, caused by vehicle design uncertainty, rather this component is
a volitional or requirements uncertainty due to changes made down the line. Although this
type of study will be possible with the modeling environment, it will not be included as a
parameter of study for the vehicle performance.

The set of performance measures that were not de ned within the candidate but are rep-
resented in the launch vehicle design documentation are those related to structural stress,

strain, dynamic modes, and aerodynamic force loading on the vehicle. These will be taken
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into account with the needed performance measures, but will have to rely on standard mea-
sures of expected performance or tolerances from launch vehicle certi cation documenta-
tion.

It is acknowledged that this is not a representation of a full set of MOEs, MOPs, or
TPMs. This acknowledgment includes the detail of language, the breadth of systems and
metrics, as well as the associated margins or tolerances. Due to the complexity and breadth
of background information required, developing them from scratch would be both time pro-
hibitive for a case study and will not be the primary focus of this research. With the simpler
details available for this candidate vehicle, the performance requirements de ned are rep-
resentative of many standard high-level disciplinary metrics for early performance-based
trade studies involving structures, propulsion, and trajectories. The margins and tolerances,
not de ned in the candidate research, will be de ned using the baseline approach identi ed
in Section 2.5 as a comparison to the nal margin decision-making methodology presented
in Chapter 6. The rest of this chapter will focus on the development of a multidisciplinary
analysis and environment that re ects the decomposition derived in this section. The foun-
dational modeling analysis will then be tested to validate operational capability, which is
needed to support the high-level concept design tradeoffs to estimate performance require-
ments and enable margin allocation decision-making.

The candidate vehicle selection de ned both the platform from which this research will
benchmark, but also demonstrated the physical components and performance requirements
that map the early concept tradeoffs. To fully answer Implementation Research Question
1.2, design characteristics and design uncertainties must be de ned, which will of cially
close out the mapping between early phase design characteristics and uncertainty parame-

ters to high-level TPMs.
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5.1.3 DesignCharacteristiceandUncertaintyParameteDe nition

From the lowest branches of each of the considered vehicle systems, re ected in the com-
partmentalization diagram in Figure 5.5, the needed disciplinary components de ne the
physical and technical design aspects contributing to the estimation of the geometry, masses,
propulsion and environmental characteristics.

The candidate vehicle research makes the assumption of a xed trajectory. It is un-
derstood from the research on launch vehicles and hypersonics that trajectory design and
optimization is a critical aspect of concept selection and vehicle robustness. This topic has
been touched on previously to acknowledge the role of conceptual design and preliminary
design for trajectory analysis, where the vehicle concept has been selected and experts can
apply the accessible tools. Given the lack of vehicle de nition and the complexity of a
complete trajectory model, this research will follow a more standard requirement de ni-
tion process using an assumed trajectory and extreme loading conditions. The environment
characteristics include ight conditions such as dynamic pressyrg, @ltitude, velocity,
acceleration, and ight path angle over the whole trajectory of the vehicle CONOPS.

The propulsion characteristics are de ned by the selection of an engine(s) for each
stage. Engine parameters that de ne performance include aspects of chamber pressure,
expansion ratio of the inlet nozzle area to the exit, and mass ow rate of the nozzle ow. The
mass ow rate () of the engine is a performance outcome as a function of the combustion
of the engine and the design of the nozzle, which de nes a component of ef ciency in
the engine that translates into traditional thrust equations for speci ¢ impldse (The
candidate research does not de ne a speci ¢ engine, but instead generalizes assumptions
and provides baseline parameters for exit velocity bdassociated with the selected
stages and combinations of fuel and oxidizer for each stage. Of these parameters, the
uncertainties of engine ef ciency are much simpler to explore due to the variability of
combined combustion rocket performance. Instead of making new design assumptions to

resize an engine, it will be assumed that the uncertainty parameters are a function of the
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mass ow rate ot s,. Given that the critical component of propulsion is interfacing with
the vehicle structure, both as the engines and propellant containment, the nozzle structure
will be xed, but the external housing and tank sizing will be associated with the structural
design characteristics and uncertainties. The candidate model uses a telescopic, crank-
down, nozzle for each engine, with provided dimensions, which de nes the thrust structure.

The breakdown of the vehicle structure into design characteristics and uncertainty pa-
rameters will be more related to the constraints and assumptions to x certain aspects of the
design, where almost everything else in the design at this point is uncertain. The primary
structure and propulsion components de ned by the candidate vehicle are re ective of a
simple outer mold line (OML), inner tank structures, and payload structures. The candidate
vehicle was optimized to meet a speci ¢ payload carrying capacity. The associated design
was sized for selected design characteristics, including diameter, shell thickness, staged
tank sizing and shapes, intertank and interstage structures, and payload adapter [178]. The
dimensions of these are all dependent on the vehicle performance function of carrying a
speci ¢ payload mass and the contained propellants. With those functions, there are rela-
tive measures for the vehicle mass and lifting capability that allow the structure to meet the
performance speci ed. Parameters such as mass fractions, mass ratios and thrust-to-weight
(T=W) ratios connect the structure and propulsion designs to an estimated feasibility of
meeting performance capabilities. Where thrust-to-weight is listed as a performance met-
ric in Table 5.4, the measure is de ned as a design-to point or an iterative intermediate
factor depending on the stage of design. Traditional mission analysis trades weight frac-
tions and thrust to weight ratios to estimate preliminary weight parameters. Due to the
presence of weight and thrust measures as non xed values between structural and propul-
sion performance metrics, the thrust-to-weight will be de ned as an uncertainty parameter
in this study to have traceable impacts on the dependent design changes.

At this phase, most design characteristics are uncertain but not driving uncertainties in

performance, and so what can be assumed is that the modeling environment must be able
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Table 5.5: Design Characteristics and Uncertainty Parameter Table

System Design Characteristics Uncertainty Parameters
Environments| Trajectory Flight Conditions | Assume Fixed
Propulsion || Engine Size, Nozzle Shape | mg orlg,, Engine Mass
Structure Experiment Dependent Diameter, Thickness, Lengths,
Mass Fractions
Vehicle Payload Structure and MassT=W
LAS Structure and Mass

to take in both the structural design characteristics and estimated performance feasibility
ratios for all the disciplinary models. The designation between a more innocuous design
characteristic and uncertainty parameter will come from the system-level design experi-
mentation, but internally the model must be able to pass them through and estimate the
needed performance measures regardless of their designation.

The nal design component relates to the payload and Launch Abort System (LAS).
While these can be uncertain, in this research it has been acknowledged that the variability
of a payload mass or design relates to a different form of uncertainty because the integration
of the payload into the launch vehicle is a xed adapter technology. Therefore, the sizing
of the payload to meet the candidate model will be the same, with the modularity to change
it for future research.

Geometric, environmental and propulsion characteristics have been identi ed for mod-
eling analysis. What has yet to be de ned from the original concept analysis needs is mass
estimation. With each of the structural and propulsion systems containing their own compo-
nents of mass, what can be de ned is that the necessary engine and propellant masses must
be included in the propulsion model, the payload will be xed, and the structural masses or
any auxiliary mass properties must be estimated as a part of the structural model. The de-
sign characteristics and uncertainty parameters, along with assumptions, can be seen in the
summary table in Table 5.5. With the de nition of the key characteristics that make up the
rst steps of the concept selection, Implementation Research Question 1.2 has been fully

answered answered via demonstration. The demonstration in this section represents the
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problem de nition process step in this research, applied to the selected candidate vehicle.
What can be acknowledged is that the de nitions in this section are aimed at replicating
the problem de nition and requirements decomposition of early requirements design by
systems engineers, for the breadth of disciplinary speci cations, which would be assumed

as the rst step to application in the eld.

5.2 Multidisciplinary Analysis Framework

The objective of this chapter is to demonstrate a quantitative modeling analysis for the re-
guirements decomposition phase of design. Hypothesis 1 de ned the needed multilevel
simulation environment to produce the trades needed for decision-making, but the founda-
tion of any simulation environment is accessible models with which to experiment. With
the de nition of a candidate vehicle and the problem de nition step explored, the missing
component is the selection and integration of the model.

The driving design and modeling architecture that enables an integrated multidisci-
plinary performance estimation model must capture the multilevel decomposition of a ve-
hicle system, which was demonstrated in Section 5.1.1 to answer Implementation Research
Question 1.2. The functional and physical decomposition process will be crucial resources
for de ning the necessary components that are needed from a representative multidisci-
plinary analysis with system-level tradeoff capabilities. Vehicle systems, characteristics,
uncertainty parameters, and disciplinary performance metrics begin to touch on dependen-
cies of disciplinary designs and performance, but not comprehensively. This section will
use the de ned design characteristics and uncertainty parameters to map the needed disci-

plinary models, and ask the following implementation research question 1.3:

Implementation Research Question 1.3

What disciplinary models are needed to represent the vehicle requirements degom-

position and estimate technical performance measures?
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From the research methods explored by the existing launch vehicle design community,
which led to the development of Hypothesis 1 in Section 4.1, the architectures demonstrate
an important concept of dependent variable mapping that will inform the structure needed
to integrate a propulsion, structural and aerodynamic model into a performance require-

ments multidisciplinary analysis (MDA).

5.2.1 Multidisciplinary Modeling Architecture

The reference launch vehicle research explored provides numerous examples of multidis-
ciplinary modeling architectures to incorporate the dependencies of the many systems that
drive conceptual design [37, 106, 143, 150, 149, 144, 142]. While the general ow of in-
formation is dependent on the type of data or design goal used in reference examples, they
provide helpful demonstrations for a system-level analysis that incorporates trades of the
design through multidisciplinary modeling integration. The main goal for the implemen-
tation of a MDA, which is representative of the requirements decomposition, is to ensure
that the information ow comes from what is most often available during this phase. Most
importantly, the physical models must not need more detailed de nitions than those avail-
able for vehicle design or technical characteristics. That is, modeling architectures must
not require the depth and detail needed to optimize lower-level subsystems or functions not
represented in the decomposition. This is important to limit the necessary assumptions at
this phase of design while developing a novel modeling capability. What can be assumed
is that the dependencies of the different disciplinary systems would bene t from not run-
ning independently, instead running concurrently, to remain consistent that all performance
measure outputs are for the same design with a speci ed set of uncertainties.

From the observations surrounding the different architecture literature in Section 3.3,
the most simple structure is represented by a single-level MDA. In the reference research
demonstrations, the MDA represents the internal models often incorporated into the opti-

mizations, but with simpler coupled relationships. When the normal governing optimizer
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is removed, the MDA has the needed feed-forward and feed-back information ow that
manages the couplings of the disciplinary models. For this research, the couplings will
be determined with the selection of each tool. To identify a plausible modeling analy-
sis integration, without extensive optimization loops, this research will follow a primarily
feed-forward design.

Launch vehicle modeling consistently represents the coupling of propulsion and struc-
tural systems, with highly dependent metrics of weight and thrust to size the systems. The
importance of weight and thrust is because of the cycle of lifting power needed to design a
propulsion system that provides the necessary thrust to lift the vehicle and concurrently de-
sign a vehicle capable of carrying the needed propellant. Weight has a compounding cost,
both in thrust needed and additive to monetary costs as well. For every added kilogram to
the vehicle, the propulsion system requires thrust, and therefore propellant, which creates a
cycle to meet the thrust and weight needs to get off the ground without over-designing the
vehicle. The selection of modeling must consider this coupling and identify an appropriate
approach to minimize optimization of a structural design, as this model re ects the require-
ments estimates and not the nal concept. With that, where aerodynamics and trajectories
are not the sole focus of the research examples, the integration of aerodynamics or trajec-
tory loading is done after the structural analysis because of the need for a de ned vehicle.
This is because low- or high- delity aerodynamic analysis requires either a structure to de-

ne the deterministic wetted area needed using drag and lift equations or a structural mesh
to run through the CFD tools.

The most generic mapping of information ow and model integration is re ected in the
MDA architecture in Figure 5.6. With the available input information from the previous
section de ned as MOEs, xed MOPs, design characteristics, and uncertainty parameters.
As models are selected to ful Il the propulsion, structural and aerodynamic modules of this
architecture, it can be assumed that more details will be added within the models to ensure

that the constraints and detailed coupling variables are carried between modules. It can be
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Figure 5.6: Launch Vehicle Performance Requirements MDA Architecture

acknowledged that, as the models are de ned, there is a likelihood of internal optimizations
or consistency checks being introduced.

The architecture provides a simple mapping to build upon, where the disciplinary mod-
els utilize a feed-forward information ow that provides the same set of design information
from the system-level de nitions. Each system is projected to have the design de ned be-
fore passing the necessary de nitions onto the next module. The following section will use
detailed design and uncertainty de nitions, along with the performance measures needed,
to select speci c models or tools that support the integration of performance requirements

MDA into this architecture.

5.2.2 PropulsionSystemModeling Selection

Model selection for a propulsion system design is very different from selecting a subsys-

tem engine or combustion design. The system-level performance estimates that are needed
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to project the performance requirements are high-level and do not dive into the trades of
engine design or combustion. The identied TPMs needed to de ne a propulsion sys-

tem model are encompassed within rocket vehicle dynamics equations [180, 181]. This
is a common approach for high-level propulsion models because of adaptability and well-
proven capabilities.

At the highest level, rocket dynamics is characterized by the rocket equation in Equa-
tion (5.1). The rocket equation describes the idealized cases for launch vehicle perfor-
mance, as a function of the the propulsion speci ¢ impulgg, and the mass ratio of the
stage of interest. The v describes the total change in velocity, speci cally referring to
the lift of the initial rocket massn{y) to the nal mass ;) after the speci ed propellant
has been consumed. This is often for the gross liftoff mass, or GLOM, but has become an
adaptable and encapsulating process to address staging and different real-world scenarios.
In some caseds, O is used because it de nes the engine exhaust velocity, which was
mentioned previously in the candidate vehicle research in relation to the engine mass ow

rate.

V= Glsin() (5.1)

The propulsion system operates for a given engine or motor, which de nes the thrust or
components that equate to thg with the relationship between thrust and the specic
impulse in Equation (5.2). The dependency between the speci ¢ impulse as a function of
thrust and exit mass ow ratenfe) provides a relationship to the speci ¢ impulse needed,
given the motor or engine capabilities or vice versa.

T

ISp = @ (52)

The TPMs necessary for propulsion and trajectory performance are thrusl,s,
and propellant masses. The de nition of a TSTO vehicle dictates two stages to meet the

overall mission trajectory objective; both performance equations above can be adapted to
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produce the performance for each stage to estimate the engine performance measures. The

two-stage performance measures are re ected in Equation (5.3) and Equation (5.4) [180].

Mgryct 1 + mpropl + Mgyryct 2 + mpr0p2 + MpL ) (5 3)
Mstruct 1 + 0+ Mstruct 2 + mprop2 + Mp

Moz
Vi = gOISplln(_) = golsplln(
Ms 1

Mstryct 2 + mpropZ + Mp
Mstruct 2 + Mp L

) (5.4)

Mo2
Vo = 90|sp2|n(— ) = 90|sp2|n(
ms >

With two equations and many more than two unknowns, more steps are needed to
break down the problem for a performance model. Mass fractions are a primary tool used
across launch vehicle estimation, but in propulsion equations their relationship is often with
respect to the GLOM, or total mass of the stage. The masses listed in Equation (5.3) and
Equation (5.4) break down each stage as a component of structural empty mass, propellant
mass, and payload mass. The mass ratio de nes the nal mass by removing the propellant
to represent the consumed mass, or for subsequent stages, removes the structural masses as
well. Mass ratios are de ned using the terminologyas a fraction of the vehicle relative

to the total mass of the stage.

y prop — v PL — ’

m m
. - prop . — PL . (55)
Mo Mo

_ Me
£= —&
Mo

With more unique cases of analysis, there are secondary mass terms that de ne the
payload or structure as a ratio of different components. These are de ned by the payload
ratio and structural ratios in Equation (5.6) and Equation (5.7). With the corresponding
masses of the payloadng, ), empty weight fng), propellant massnfpop), and gross
mass o).

Mp L Mp

PL = = (5.6)
meg + mprop Mo MpL
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Mg Mg
struct — = (5.7)
Mg + mprop Mo mprop

The terms de ned have different characteristics that drive the vehicle mass, and per-
formance, but because of the dependency on knowing one or more of these masses to
determine performance the ratios are often estimated or assumed for design-to measures.
The GLOM is highly dependent on the nal design and the make up of the different mass
ratios, this is usually a minimum value constraint for the propulsion system to be able to
lift a minimum of the expected GLOM with respect to the thrust-to-weight ratio. In this
case, GLOM is a critical measure, but making assumptions about this value would inher-
ently X certain mass properties without effective understanding of performance impacts.
To decompose the vehicle model with minimal limiting assumptions, but acknowledge the
limited information available, the GLOM will not be assumed up front and the alternative
variables in the equations will be used to derive the needed masses.

It has been acknowledged that rocket performance during early phases of system de-
sign is a driver of overall vehicle mass measures, both as a constraint in maximum liftoff
mass and the propellant mass and tank volumes needed to be contained in the structure. To
maintain relative consistency in the dependent propulsion and structural designs, the mass
fractions and thrust-to-weight ratios are used. The ratios act as scaling measures to repre-
sent the mass budgets allocated throughout the vehicle between propellant, empty weight,
and payload. Where the thrust-to-weight ratio provides a relative vehicle propulsion to
weight ef ciency to get off the ground and accelerate. In this model, these intermediate
factors will be considered uncertainty parameters to estimate the effects of mass changes
in performance. These will be built into the design trades to explore the effects of different
factors of mass and ef ciency on propulsion performance TPMs. With these measures, the
mass ratio in the rocket equation in Equation (5.1) can be decomposed as a function of
ratios and fractions, rather than the actual mass properties.

The mass properties provided by the candidate vehicle are limited to the payload frac-
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tions and the structural ratios for each stage. While historical measures of the structural
ratio and propellant ratio for similar payload and orbital delivery vehicles provide a set of
examples, the use of the structural ratio would require an assumption about highly variable
aspects of the design. Using the philosophies mentioned by SMEs, in the interviews from
Chapter 2, apply constraining to the measures with less uncertainty early on in the process
to allow exploration to be carried forward without embedding more uncertainty. Using the
structural and payload ratios, as ranges to explore for given uncertainty, allows driving per-
formance measures ofv in Equation (5.1) to be derived with two known factors o&dnd

pL, re ected by Equation (5.8) [180].

V= gOISpIn( struct +(1+ struct) PL) (58)

Although Equation (5.8) will be separated by stage, where the payload for Stage 1 is
assumed to be the full mass of stage 2, there are still two performance measures with one
equation. Given that the speci c impulse is a re ection of the propulsion system capability,
rather than the system-wide performance, the uncertainty of the engine can be re ected as a
part of the uncertainty parameters to measure the impact on meeting the needed velocities.
This assumption leaves the rst aspect of the propulsion performance derivation complete,
and now turns towards the thrust and masses.

Although each engine provides a speci ¢ impulse and thrust, which can be uncertain,
the thrust performance measure of interest is the thrust required. The total thrust required to
lift the venhicle off the ground, or accelerate from stage 2 to orbital delivery, is most simply
represented as a function of total weight &reWV. The relationships between vehicle mass
ratios and rocket equation are decomposed to rst estimate the gross mass, then propellant
mass, and nally the thrust required from the assumed uncertainty paramdteibf

With a model that estimatesv and thrust required, the two main measures of propul-
sion and trajectory performance have now been derived as functions of uncertainty and

design characteristics. Thus, the calculations are also enabling the estimates of the number
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of engines needed, for a selected engine, and the total total mass of the propellant for each
stage. The total staged propellant masses are derived from the relationships of the newly
estimated GLOM and the mass ratios by rearranging Equation (5.3) and Equation (5.4).
For the candidate vehicle, with a liquid propulsion engine system, each stage propellant
mass is a total of both oxidizer and fuel propellants. De ning the propellant mixture ra-

tio or oxidizer-to-fuel ratio, the estimate of each staged proportionate propellant fuel and
oxidizer mass is de ned. Where the end of the propulsion system model must deliver
the performance measures and estimated stage propellant masses to the structural model,
the structural model will then need to derive tank sizing and containment within the full
stage from these measures. This is done to ensure consistency between needed thrust and
propellant for the overall mass contained within the structure and show the effects of the
propellant mass on the structural design.

There are many ways to derive a propulsion system, the chosen approach aimed at
leaving the critical measures of mass and performance of the system unde ned because
the vehicle can become easily constrained by dictating certain masses up front. With the
approach de ned, the payload mass is an input de ned by the system sizing estimates but
is modular and can further in uence variability for future expansions of this work. Where
wider con gurations or concepts needed exploration, the models for propulsion can be
derived to match different types of staging or booster-core vehicle systems, but are not
explored in this research.

Because this model is done through numerical methods and not integrating a formal
tool, the coding language and programming method are more trivial. The selection of the
programming language or program will be done with the selection of the other models
to provide the most exibility for implementation in an ef cient way. The primary re-
guirements are to have a programming language capable of providing a parametric input
of design characteristics and uncertainty parameters into the equations, and to produce a

traceable performance measure for data analysis.
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5.2.3 StructuralDesignModel Selection

The implementation of the propulsion model through numerical methods leaves the inte-
gration platform wider for using either a scripting language or a high-level multi-platform
tool integrator to build the formal performance requirements MDA. To answer Implemen-
tation Question 1.3 for the needed disciplinary models that estimate the performance re-
quirements, the structural model plays an important role. When both structural design and
mass properties are needed, the necessary platform for structures will need to satisfy a few
requirements.

The main expectations for a structural model, as mentioned previously, is to have the
capability to produce a parametric vehicle structure that meets the de ned con guration
from minimal vehicle design characteristics and uncertainty parameters. This means that
the tool or model can be exible but also has the ability to produce more complex models.
While the modeling does not need to be comprehensive design de nition, the model should
support parametric de nitions with the changing propulsion.

The second expectation relates to the mass property estimation, which is a fundamental
issue across early launch vehicle design. The need of having mass estimates from the
structural design for empty weights is standard because of the performance measures, but
it is also important for structural analysis. The tool or model should ideally have the ability
to estimate the necessary mass properties. The modeling method must also be able to
handle added mass properties speci ed by the propellants in their contained tanks, payload
masses, or auxiliary masses.

The third expectation re ects the transition to aerodynamic analysis, with a structural
de nition that is supportive of the needs of an aerodynamic analysis. It was previously
acknowledged that different aerodynamic tools require different inputs. Simpler aerody-
namic tools rely on metrics such as wetted area, diameters, or sectional lengths. Where
more complex CFD methods need a structural mesh of the outer mold line (OML) to run

uid dynamic equations for aerodynamic pressure distributions over the vehicle. Whether
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it is a structural tool that produces the mesh or an integrated mesh design tool, this is a
needed component if more complex aerodynamics analysis is selected.

The nal consideration is time-cost, which most relates to delity. While low- delity
structural models are back-of-the-envelope beam theory, or discretely evaluated structural
analysis equations, these types of models are simpler to implement through numerical equa-
tions. With simpler methods, the models do not always provide the information needed in
this research and may, in fact, require the assumptions of those values. High- delity mod-
eling tools are much more comprehensive but can both require much more detailed infor-
mation about the vehicle and the analysis is more computationally complex. High- delity
structural modeling can impact the runtime, especially when using this to parametrically
explore uncertainties in the design.

The following subsections will explore the different available tools based on these re-
quirements, evaluating the limitations of the alternatives, and any necessary considerations

for their implementation within an integrated modeling environment.

Low-Fidelity Numerical Methods

The low- delity models used in structural analysis methods most often use simpli ed equa-
tions to evaluate structural stress and strain, applying methods of the Euler—Bernoulli beam
theory to describe nondeformable body motion or Timoshenko beam theory for deformable
bodies. Otherwise, the use of exible body dynamic theory for different degrees of free-
dom is used to explore mechanical vibration and dynamic equations of motion for modal
analysis [60, 182]. These lower- delity approaches are very limited, they do not have mass
property estimation capabilities and rely on the user's de nition of the system to be able to
evaluate the needed measures. With limited detail of the structural interior or mass prop-
erties, these methods alone would not be suf cient. Low- delity equations would require
assumptions about the internal structural de nition, mass property estimating models, and a

formal OML de nition to implement meshing software if high- delity aerodynamics were
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selected.

The more complex numerical approach uses Finite Element Analysis (FEA) or Finite
Element Model (FEM). FEA is a more discretized numerical analysis that estimates the
behavior of complex structures using individual elements with mass and cross-sectional
design properties [183, 60]. These methods evaluate stress, strain, and dynamic analysis by
approximating solutions using functional analysis. FEM methods have become much more
integrated into structural design given the computational power of computers to solve com-
plex equations [60]. The limitations of FEM are that discretization of the model is needed,
both in masses and dimension and material properties, which can be dif cult to estimate
at this phase of design. The need for numerous designs to be evaluated can also be time
prohibitive. The numerical implementation of FEM would also require an OML de nition,
like those of the low- delity models, to build a mesh if high- delity aerodynamics were
chosen. Similarly, a separate structural sizing of the propellant tanks that would inform
the structural design would be needed to implement the numerical equations in low- delity
approaches.

If either alternative was chosen, the needed mass properties would have to come from
somewhere. Mass Estimating Relations (MERSs) are the most traditional approach. The
industry has developed equations for MERs by using historical launch vehicle data to es-
timate vehicle mass properties [184, 185]. The MER Database presents an example, but
among this is also research to build regressions from MERS or historical data, which has
been demonstrated to be very dif cult to validate for unconventional vehicle designs[145].
The empirical nature of MERs limits the application to similar vehicles and technologies,
otherwise employing extrapolation or expert judgement [145, 186, 187]. While the research
for developing alternatives to MERS, or adapting them to novel problems, is a large body of
research, studies often focus on individual disciplinary aspects of weight [145, 188, 189].
That is, the research methods explore structural design weights, propellant or propulsion

system weights, and more. This research does not aim to build a new approach to MERs
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but rather select a tool that has weight estimation properties to Il the needs associated with

structural analysis performance measures.

High-Fidelity Structural Analysis Tools

Looking toward the majority of structural design and analysis tools, those that are accessi-
ble are high- delity full computer-aided design (CAD) software. Tools such as AutoCAD,
SolidWorks, ANSYS, Catia, Nastran, and many more provide immense capabilities for
structural design and analysis, but are also very computationally complex. Tools such as
these can de ne designs as simple or detailed as one needs. Each tool has many different
types of analysis. The different tools have a number of speci cations required to evalu-
ate structural analysis for stress and strain, as well as dynamic modal analysis. With the
different analysis, some require conditions of external loading and mass property distri-
butions, which are not inherently calculated outside of the structural material properties.
Most programs will use the details of the CAD model to create FEM and run Finite Ele-
ment Analysis. FEA itself is often more computationally time consuming, with functional
eqguations to solve and simulated through the speci ed environments, but depending on the
assumptions made by the programmer, these can be reduced. Examples include programs,
such as Nastran or ANSYS, that have capabilities to reduce the needed input speci ca-
tions down from a complex structure to a beam, or a set of point masses, to enable simpler
analyses with 1-D or 2-D responses. High- delity tools most often include capabilities to
produce a mesh but is dependent on whether the model is developed within the tool or just
analyzed with the tool.

The high- delity tools are the most commonly used tools in disciplinary design, be-
cause of their exibility and wide capabilities, but the limitations of analysis availability
based on a xed set of design speci cations means the analysis is only as good as the
provided information or level of detail. In cases of needing mass properties, some pro-

grams can estimate structural mass based on the speci ed design and materials, but this
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is also limited to the complexity of the structure being de ned. Building a staged vehicle
with interior components can be increasingly complex, and the integration of mass prop-
erties or design characteristics parametrically adds to this complexity of implementation.

In the cases where the programs do not estimate masses, MERs mentioned above are also
an option, but the limitations with that approach remain tied to translating the relations to
the vehicle parametrically. Similarly to the low- delity model, the limitation of needing a
structural sizing for the vehicle structure would be required as an integrated step or alter-
native tool, to enable the use of CAD software. Sizing for propellant tanks and the external
shell to contain them would also need to be explored, either through a numerical approach

or through a separate vehicle design optimizer.

Alternative Numerical Methods

The intermediate alternative between low- and high- delity tools is the more generically
developed conceptual design methods. Few multidisciplinary modeling tools are publicly
available, many independently developed for research. A tool that enables geometric design
and mass property trades with minimal design de nition would be needed. The application
of simpler alternative numerical methods for structural de nition would reduce the need
for a complete vehicle sizing program to be developed. Rather than a full high- delity
three-dimensional CAD modeling for structural analysis, the tool must be integrable with
structural analysis tools but limit the complexity of the design to reduce the time of the
analysis. The Launch Vehicle Structural Analysis (LVSA) tool built within the Aerospace
Systems Design Laboratory (ASDL) is a multidisciplinary vehicle design environment that
leverages accessible data to build a simpler structural design for multidisciplinary analysis.
The program is a Python object-oriented platform that utilizes a multi- delity approach
to de ne the launch vehicle stack geometry and structural mass properties, append exter-
nal masses and loads, and from this assembly translates the vehicle de nition to a sim-

pler structural FEM for Nastran. Nastran (NASA STRucture ANalysis) is a high- delity
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