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“Science may be described as the art of systematic oversimplification.”

Karl Popper
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SUMMARY

The design of a ight vehicle is a lengthy, expensive process spanning many years.
Thanks to increasing computational capabilities, designers have been relying on computer
models to make predictions about the real-life performance of an aircraft. However, the
results obtained from computational tools are never exact due to a lack of understanding of
physical phenomena, inadequate modeling and abstractions in product details. The vague-
ness in quantities of interest is calledcertainty The uncertainty in simulations may lead
to erroneous predictions regarding the product; creaislg Because most of the cost is
committed early in the design, any decision made on quantities involving signi cant un-
certainty may result in budget overruns, schedule delays and performance shortcomings, as
well as safety concerns. Reducing the uncertainty in simulations will reduce the risk in the
design. Therefore, the goal of this thesis is to develop a systematic methodology to identify
and mitigate the sources uncertainty in aircraft design, with a focus on uncertainties due to
a lack of knowledgei(e., epistemig, namely model-form and parameter uncertainties.

An aircraft is a complex, multi-disciplinary system that is built as integration of other
intricate subsystems. In modern practice, virtually all subsystems are modeled using com-
putational tools under a set of assumptions and model abstractions. To make sure that all
subsystems and the integrated system meet the pre-de ned requirements, Systems Engi-
neering (SE) practices are widely adopted throughout the aerospace industry. However, SE
methods fall short of accounting for the implications of using a speci ¢ modeling and sim-
ulation environment, and simulation-borne uncertainties. The rst objective of this thesis is
to enhance SE by providing a way to incorporate components of a modeling and simulation
activity while adhering to established principles. Following a decompose and integrate ap-
proach, the simulation requirements obtained from top-level requirements, functional and
physical decompositions are mapped onto the proposatkling architecture This con-

tribution will enable engineers to keep track of the set of abstractions and assumptions at

XX



play, and how they relate to other pieces in the design. The framework described in this
section is intended to guide decision-makers and model developers in methodologically
creating or selecting the mogtfor-purpose simulation environment. In the case where
more than one viable modeling and simulation environment alternatives exist, a top-down
decision-making framework can be followed to ensure the most appropriate environment is
selected through an intelligent comparison. Evaluation criteria may include considerations
such as output variance, prior experience and validation data.

A modeling and simulation environment developed for complex, multi-disciplinary
aerospace systems includes numerous parameters representing physical components and
the physics phenomena. Because of the sheer number of such parameters in aircraft de-
sign, there will be many sources of uncertainty present. Given computational uncertainties
and nite resources, modeling every component under every possible operational scenario
with high- delity tools is currently infeasible. Therefore, identi cation of critical uncer-
tainties that have the most impact in the design is necessary, so that they can be addressed
further. The second research area of this thesis addresses some of the issues faced in iden-
tifying these uncertainties. Sensitivity analysis techniques attempt to quantify the impact
of changes in input variables on outputs. The rst question of this research area involves
selecting the most appropriate sensitivity analysis method for a given problem. This will
involve conducting a comprehensive literature survey, and highlighting the important at-
tributes of the problem. The impact of the surrogate modeling on the sensitivity analysis
results is then investigated. The third question pertains to the subjectivity of input probabil-
ity density functions assigned to the input parameters. Finally, the inverse problem, which
seeks to allocate uncertainty for parameters in the presence of pre-de ned output uncer-
tainty, is addressed. The output of this research area aims to be a guide for conducting an
effective sensitivity analysis in any mathematical model representing physical problems.

After the critical uncertainties are identi ed, computational and/or physical experi-

ments can be designed to create new information, so that any epistemic uncertainty can
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be reduced. A computational experiment can be designed using different sets of assump-
tions and different solution algorithms. The rst research question of this area pertains to
the identi cation of a threshold beyond which it is not viable to increase the delity, due
to uncertainty and computational constraints. When a physical experiment is needed to
gather new information, a common practice in the aerospace industry is to design tests that
replicate the full-scale physics at a reduced scale. Under idealized conditions, duplicating
dimensionless similarity laws would enable this replication; however, exact duplication is
almost always impossible even for moderately complex problems. The second part of the
third research area identi ed in this work aims to leverage computational experiments so
that physical experiments can be designed in a way that they can better represent the full-
scale while accounting for any constraints that may be present due to various reasons such
as test facility dimensions. The full-scale modeling problem is converted into a constrained
optimization problem to nd the “best” experiment conditions that would represent the full-
scale behavior. The main output of this research area will be a framework for designing
computational or physical experiments guided by computational experiments. The results
obtained from these targeted experiments can be propagated to a higher-level analysis to
reduce the overall uncertainty.

For each focus area, the solution approaches to each research question will be demon-
strated on an appropriate, self-contained problem. The cumulative output of this thesis
will be a complete, four-step methodology that can be tailored for a speci ¢ application,

effectively guiding it and highlighting the pitfalls to avoid.
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CHAPTER 1
MOTIVATION

1.1 Introduction

There are newaspirationalperformance and environmental goals changing the aerospace
industry. A signi cant portion of goals are directly related to new designs that are planned
to y in upcoming decades. On the civil aviation side, the National Aeronautics and Space
Administration (NASA) has set several goals in the form of a sedtftegic thrustg1].

Some of them are:

» Strategic Thrust 2: Innovation in Commercial Supersonic Aircraft, a program aim-

ing introduce an affordable, low-boom, low-noise, low-emission supersonic aircraft.

 Strategic Thrust 3: Ultra-Ef cient Subsonic Transports, aiming to reduce atmo-

spheric emissions and community noise

» Strategic Thrust 4: Safe, Quiet, and Affordable Vertical Lift Air Vehicles, aiming

to introduce new vertical lift con gurations to enable new markets, increase mobility

(e.g., Urban Air Mobility (UAM)) and reduce environmental impact.

On the military aviation side, the scene is no different. Next generation aircraft are
required to be more capable and economic compared to their predecessors. For exam-
ple, current military mobility transports are expected to complete their operational life by
2040s. Although the design requirements for their successors are not publicly available
yet, one can safely assume that they will share some key aspects with their civilian coun-
terparts such as the ability to operate in a multi-role fashion (tanker/transport) to reduce the

development costs, short take-off and landing (STOL), and less fuel burn and emissions



compared to the aircraft of today. In order to meet these aspirational goals, stringent re-
guirements need to be imposed on new aircraft designs. Novel aircraft con gurations and
new technologies are needed to meet these stringent requirements that may include longer
range, less emissions, more payload, quieter aircraft and even stealth. Some of the explored
concepts as a potential answer to such requirements are shown in Figure 1.1. As such, these
novel designs utilize several new technologies such as advanced materials, novel propul-
sion and con gurations technologies [2]. With a stronger interaction of bene ts obtained
from each discipline, it is hoped that these advanced designs will meet the ambitious goals

that they are being designed for.

Figure 1.1: Novel aircraft concepts to answer stringent requirements. a. NASA X-59
QueSST, credit: NASA, b. UAM Concept, credit: NASA c. transonic truss-braced ring
concept, credit:NASA/Boeing d. Lockheed Martin Hybrid-Wing-Body (HWB) Concept.
credit: Lockheed Matrtin

Design of a complex product such as an aircraft is a long and complicated undertaking.
Entities involved in the design have to make many decisions throughout the process. These

decisions have often been guided by established SE methods such as Integrated Product
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Figure 1.2: Steps for a Top-Down Design Decision Support Process for IPPD [3]

and Process Development (IPPD) [3]. This process, like other top-down decision making
frameworks, involve six top-down decision support steps as shown in Figure 1.2. It is

a generic method that can be applied to many engineering problems. The process starts
with establishing the need of the designed product. Then, using SE and Quality Function
Deployment (QFD) methods are used to de ne the problem. System at hand is further
decomposed and functions are allocated to establish value objectives. At this stage criteria
(aggregate or individual ones) and constraints that de ne the feasibility of the product are
established. The next step is to generate feasible alternatives and based on the previously
derived constraints and evaluate their performance in metrics. The information created
in this process enables to pick an optimal alternative that performs the best for the given
metrics.

The generation of alternatives and evaluation steps in IPPD typically leverage multi-
disciplinary optimization (MDO). Although some of the tools used in MDO may be physics-
based, certain abstractions are still -and will always be- present, Moreover, rst-order en-
gineering practices such as using semi-empirical methods still play their part in the current
state of the industry. These historical data based methods relies on the assumption that
computational tools used can predict the consequences of a reality of interest somewhat
accurately. The worddccurately is crucial. The designers are able to trust the results
they obtained from their analyses in the rst place, because they have been tested and/or
developed on ying aircraft. However, when the number of alternatives based on conven-
tional con gurations is small due to stringent constraints arising from aspirational goals,
such concepts may not be the answer to new requirements. Especially with the success
of non-conventional UAV programs such as Helios [4], engineers are turning to advanced

concepts such as the ones given in Figure 1.1.



Observation

Traditional design methodology relies on the assumption that computational tpols

used can predict the consequences of a reality of interest somewhat accurately.

The lack of historical data for advanced aircraft con gurations and/or new technologies
may have result in some of the actual behavior not being captured in the computer models.
This will have impacts ranging from the simulation results not being accurate to certain
physics not being captured at all. Moreover, the traditional certi cation/quali cation re-
guirements may not be appropriate for the system of interest altogether. Unwanted or
unanticipated responses, inaccurate predictions and improper requirements intrskiuce
in the nal design. This risk will cause performance shortcomings, and if the route for
redesign is taken, this will result in excessive cost and schedule delays. In NASA's Risk In-
formed Decision-Making Handbook, risk is de ned @3otential for shortfalls that might
be related to safety, technical aspects, cost and schg§8ll®isk can de ned in terms of

a triplet of questions [5], [6] :

1. What are the scenarios?
2. What is the likelihood?

3. What are the consequences?

This triplet can be illustrated with a risk matrix such as the one given in Figure 1.3. In
this matrix, events that have a high likelihood and a severe consequence are the most detri-
mental ones, and if possible, they should be addressed rst. The likelihood of a scenario
occuring is not a binary metric. It is generally described with a cumulative distribution
function (CDF). For example, one can think of it as a CDF of a certain performance metric
being greater than a previously de ned value. This representation introduces the concept
of uncertainty into the de nition of risk. Therefore, if the likelihood of a detrimental event

can be reduced, then the associated risk of the program will be reduced as well.
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Figure 1.3: A notional risk matrix. Adapted from [7]

Motivating Research Question

How can the uncertainty associated with incorporating new technologies and/of ad-

vanced con gurations in aircraft design be reduced?

1.2 The Role of Computer Simulations in Design

Computational tools are almost exclusively used to make predictions about the response of
a system under a set of inputs and boundary conditions [8]. At the core of computational
tools lies a model, representing the reality of interest, commonly in the form of mathemat-
ical equations (e.g., a set of non-linear differential equations) that are obtained from theory
or previously measured data. How a computer simulation works is summarized in Fig-
ure 1.4. Development of the mathematical model implies that there exist some information
about the reality of interest (i.e. a physics phenomenon) at different conditions so that the
form of the mathematical equation and the parameters in the equations can be derived. The
parameters include the coef cients and mathematical operations in the equations, as well
as anything related to representing the physical artifact, boundary and initial conditions,
system excitation [9]. A complete set of equations and parameters are used to calculate the
system response quantities of interest (SRQ). Depending on the nature of the problem, the
calculation can be straightforward or may require the use of some kind of discretization

scheme. A simple example of this case would be a boundary condition not having the same
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value on every point on the physical artifact, the area can be divided into smaller sections
and the calculation would be carried out at each of these sections. If physics phenomenon
is understood well enough such that the form of the mathematical representation equation
is trusted, a new set parameters in the equations (e.g., coef cients) may be sought in order
to better match the results with an experimental observation. This process isoedilbed-

tion. With the availability of data on similar artifacts, in similar experimental conditions;
calibration enables the utilization of existing simulations to make accurate predictions for

artifacts/conditions.

Figure 1.4: lllustration of a generic computer simulation and how System Response Quan-
tities are obtained. Adapted from [9]

Most models ar@abstractionf the reality of interest as they do not consider the prob-
lem at hand in its entirety but only in general aspects that yield useful conclusions without
spending time on details that do not signi cantly impact the information gain. Generally,
models that abstract fewer details of the problem are able to provide more detailed infor-
mation with a better accuracy, but they require detailed information about the system of
interest and external conditions to work with. Such models are chltgd delity mod-
els Converselylow- delity modelsabstract larger chunks of the problem and have a quick
turnaround time. They may be able to provide valuable information without so much effort
going into setting up the model; unlike high- delity models, they can do it with very low
computational cost. The choice of the delity of the model is typically left to the practi-

tioner. It is their responsibility to nd a balance between accuracy in representation and
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computational cost.

1.2.1 Increasan ComputationaCapabilities

A few decades ago, enginedrad torely on physical experiments to come up with new de-
signs or tune them as their computational capabilities were insuf cient. Such experiments
that include artifacts and instrumentation systems are time consuming and expensive to de-
velop. Furthermore, design is an inherently iterative process and these experiments would
need to be rebuilt and reevaluated. Therefore, while they are effective evaluation purposes,
they cannot be treated as parametric design models unless they have been created with a
level of adjustability. With the advance of more powerful computers and widespread use
of them in all industries, engineers turned to simulations to generate information about
the product they are working on. Although very detailed simulations can be prohibitively
expensive in terms of work-hours and computation time; the use of computer simulations
is still cheaper and faster than following a build-and-break approach for most large-scale
systems.

Until recent decades, computational power has arguably been a bottleneck for the pur-
poses of aircraft design. Although comparing the computational capabilities of computers
to their predecessors is different than before as more complex computers and computer
systems (e.g., super-computing data centers) are built, it is known that the computational
power has been almost exponentially increasing for decades [10]. Moore's Law [11] can be
interpreted as a metric of increasing computational power per dollar [12]. Moore predicted
it would be possible to t twice as many transistors to a computer chip of the same size ev-
ery two years [10]. Moreover, newer computer chips are generally more energy-ef cient.
Faster computers play a crucial part in the design of complex systems. A prominent ex-
ample of this fact is the approximations to Navier-Stokes Equations, a set of equations that

govern the motion of uids. Although formulated more than a century ago, an open-form

1In the design process of vehicles such as UAVs that are manufactured with relatively cheap components
may skip high- delity simulation altogether, as following build-and-break approach may be affordable.



solution to this problem is not yet available and it remains to be one dfithenium Prize
Problems[13]. Direct Numerical SimulatiofDNS) can be used to solve Navies-Stokes
equations without using any models but its computational burden is very high, especially
for higher Reynolds Number ows [14]. With the increase in computational capabilities,
models that better approximate the Navier-Stokes equations are more commonly used in
design and analysis communities. Of course, this is only the aerodynamics perspective.
Having faster computers help in other disciplines such as Computer Aided Design{CAD)
Computer Aided Manufacturing (CAM) and Computational Structures Modeling (CSM).

As the predictions obtained from simulations played a larger part in the design, con-
cepts such assimulation driven desighhas been more prominent in many disciplines.
Reference [15] provides a good overview of how simulation-driven design was de ned by
different researchers and how these de nitions evolved throughout the years. If the physics
models are accurate, constructing solution environments with very ne grids to capture
complex physics phenomena accurately become possible. The cost of making a change in
the design increases exponentially from initiation to entry into service [3]. If modeling and
simulation environments that accurately capture the physics are used in the design loop, it
will be possible to identify necessary changes earlier. Because making design changes later
may require additional changes in other connected sub-systems, it will lead to an increase
in the overall cost [16].

Another bene t of having faster computers is the capability of evaluating certain simu-
lations many times (i.emany-queryfor outer-loopapplications such as uncertainty quan-
ti cation (UQ), optimization, sensitivity analysis and design space exploration (DSE) [17].
These applications require many evaluations of the simulation. For instance, in order to

nd the best performing design, generated alternatives are evaluated at many different de-
sign variables combinations. Because evaluation these simulations many times may be

prohibitively expensive in terms of computational cost; faster-runsungogate models

2In its early days, CAD stood fdiComputer-Aided Drafting’, because its primary purpose was to help
human drafters



(meta-modelsthat have a simpler structure and utilize fewer design variables are used [18].

1.2.2 ModelingPhysicalPhenomena

When the task of designing complex products involves the design of certain systems that are
unlike their counterparts or predecessors, the capability of known physics-based modeling
techniques will come short. For example, consider the structure of a physics model given
in Figure 1.4. If the goal is to make predictions about a novel con guration aircraft such as
the ones given in Figure 1.1), there will be problems with the modeling approach. If the go-
to tools are developed for traditional aircraft concepts (e.g., tube and wing con gurations)
there might be a physics phenomenon occurring that will not be captured. Even if it is, the
accuracy of models in such scenarios are still to be questioned. Finally, because these tools
are used for design purposes rather than analysis of an existing product, there still will be
changes in the modeled physical artifact, such as the outer mold line (OML) of the aircraft.
It is an inherent abstraction pertaining to the design and the best way to quantify the impact
of variations in the quantities of interest by changing the geometric or material properties
is by making a comparative assessment with respect to the historical data. However, in this
case, historical data simpto not exist

Because of a lack of knowledge or inherent randomness, the parameters used in mod-
eling equations, boundary/initial conditions, and the geometry are inexactincertain
The uncertainty in these parameters and the model itself, manifest themselves as uncer-
tainty in the model output. As mentioned before, any decision made on uncertain predic-
tions will create risk in the design. In order to tackle the overall uncertainty, the sources of
individual uncertainties must be meticulously tracked. By studying the source and nature
of these constituents, they can be characterized and the necessary next steps to reduce them

can be identi ed.



Observation

Components of a simulation may have uncertainties associated with them. In order to
reduce the overall uncertainty in the SRQ, these uncertainties must be charactgrized

and analyzed individually.

In a modeling and simulation environment, every source of uncertainty has a varying
degree of impact on the overall uncertainty. Then, they can be addressed by a speci ¢ way
depending on their nature. For example, if they are present because of a lack of knowledge
about it {.e., epistemic uncertaintycan by de nition be reduced [19]. The means to
achieve this goal can be through designing a study or experiment that would generate new
information about the model or the parameters in question. Throughout this thesis, the
focus regarding this goal will be on how to desigmaageted experimerfor uncertainty
reduction purposes. Such experiments are not be a replication of the same experimental
setup in a more trusted domain, but a new setup that is tailored speci cally for generating

new knowledge pertaining to that source of uncertainty.

Figure 1.5: An overview of the thought process used to develop the framework.
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In summary, the train of thought that leads to experimentation to reduce the epistemic
uncertainty in modeling and simulation environments is illustrated in Figure 1.5. If the
physics of the problem are relatively well understood, then a computational model can be
developed. If not, one needs to perfodiscovery experimentsimply to learn about the
physics phenomenon. Then, if the results of this model are consistent and accurate, then it
can be applied to the desired problem. If not, aforementioned lower-level experiments can
be pursued to reduce the uncertainty in the models. Created knowledge should enable the

reduction of uncertainty in the parameters, or the models; reducing the overall uncertainty.

A more accurate lower-level, targeted experiment can be designed to create more
knowledge and reduce the uncertainties that have the most impact on quantities of

interest.

An important consideration is in pursuing targeted experiments is the allowed time and
budget of the program. If a lower-level experiment to reduce uncertainty is too costly or
carries even more inherent unknowns due to its experimental setup, it might be undesirable
to pursue by the designers. Therefore, these lower-level experiments must be analyzed on
a case-by-case basis, and the viability need to be assessed. There will be a trade-off on
how much reduction in uncertainty can be expected, against the cost of designing and con-
ducting a tailored experiment. Still, design and implementation of such an experiment will
require time and effort. From a realistic perspective, only a limited number of them can be
pursued. Therefore, analyzing the aforementioned trade-off will be required. Considering
the number of simulations used in the process of design of a new aircraft, trying to validate
the accuracy of every parameter or assumption of every tool will lead to an insurmount-
able number of experiments. For the ultimate goal of reducing the overall uncertainty, the
sources of uncertainty that have the greatest impact on the quantities of interest must be

identi ed. Some parameters that have relatively low uncertainty may have a great effect on
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a response whereas another parameter with great uncertainty may have little to no effect on

the response.

The number of lower-level experiments that can be performed is limited due to Qud-
get and time considerations. Most valuable experiments must be identi ed before

committing to them.

1.3 Chapter Summary

In this chapter, an overview of the design of a novel aircraft and how modeling and sim-
ulation tools are utilized in design are given. Uncertainties in modeling and simulation
environments propagate to system response quantities, and impact the overall uncertainty;
creatingrisk in the program. The uncertainty can be reduced to by means of acquiring more
knowledge. The reduction in overall uncertainty will reduce the program risk. Therefore,
identifying the sources of important uncertainties, characterizing them and the ways to mit-
igate them are of utmost importance. During this introduction, the following observations

were made:

Aspirational requirements necessitate the use of advanced concepts that have the

potential of outperforming conventional aircraft

Lack of historical data about the novel aircraft and physical understanding create

uncertainty in computational tools

Uncertainties manifest themselves as program risk, i.e., have an impact on whether

the design meets the requirements

Uncertainties need to be characterized before they can be mitigated by further action

A lower-level, targeted experiment can be designed to reduce a speci ¢ uncertainty

source
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* The number of experiments that can be performed is limited due to budget and time

constraints. Most valuable experiments must be identi ed before designing them.

In the light of the observations listed abowbge overall research objectivihat this

thesis will try to answer can be formulated as:

Overall Research Objective

Develop a methodology that reduces epistémitcertainty in modeling and simu-
lation environments used in aircraft design processes by identifying the sources of

important uncertainties and mitigating them.

a“knowledge-basédThe details about this type of uncertainty will be explained in the next chajp-
ter.

The overall research objective can be further broken into three motivating research
guestions in order to come up with an effective methodology. These questions are listed as
follows:

Motivating Research Question 1:How can one systematically develop a t-for-purpose
modeling and simulation environment that enables uncertainty characterization?

Motivating Research Question 2:How can one identify the critical uncertainties in a
modeling and simulation environment?

Motivating Research Question 3:After the critical uncertainties are identi ed, what
is the best strategy to mitigate them, considering the nature of the uncertainties?

The activities mentioned in motivating research questions take place consecutively in a
design process. A methodology that will address the requirements of the overall research
objective needs to have four important steps in order to successfully achieve this objective.

These are listed below:

1. De ne the problem for which a novel solution is sought, carefully outlining the re-

quirements
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Figure 1.6: Four step methodology proposed in this work.

2. Develop a systematic way of building a modeling and simulation environment to

characterize uncertainties so that they can be addressed later
3. Identify the critical uncertainties that have most impact on desired metrics

4. Burn down identi ed uncertainties by designing lower-level experiments, either from
trusted higher- delity tools or physical tests, considering the limitations of the do-

main

These four steps are illustrated in the schematic Figure 1.6.

As can be seen, there is a one-to-one mapping between the motivating research ques-
tions and the last three steps of the methodology. The following chapters will substantiate
the reasons for the pursuit of the research objective while addressing the arising research

guestions that need answering, in order to have an encompassing methodology.

» Chapter 2 provides the necessary background and the techniques regarding the ac-
tivities one needs to carry out in order to develop the proposed methodology. Ob-
servations regarding the shortcomings of current techniques are the backbone of the

formulation of the research questions

» The steps of the methodology will be formulated in Chapter 3. The methods and
techniques introduced in Chapter 2 are used to complete the methodology. Identi ed
gaps are formalized as a set of research questions and a research plan is developed.
Based on previous observations, hypotheses are formulated in this chapter. In order
to substantiate each hypothesis, an overview of each experimental plan is presented.
Following chapters delve into the motivating research questions, as well as answering

the research questions
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Chapter 4 investigates the systems-engineering based framework to devefiop a
purposemodeling and simulation environment to characterize, and keep track of the

present model-borne uncertainties

Chapter 5 discusses the ways to perform a sensitivity analysis and make a comparison
among different state-of-the-art methods. In this process, some of the highlighted

shortcomings are addressed.

Chapter 6 discusses the ways to best utilize computational experimentation in order
to burn down uncertainty and guide physical experimentation. To this end, a frame-
work that identi es the optimum constrained physical experimentation conditions is

presented.

Chapter 7 will discuss the contributions and summarize the thesis.
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CHAPTER 2
BACKGROUND AND LITERATURE

Requirement compliance is necessary for all engineered systems, not only for the aerospace
industry. As mentioned in Chapter 1, risk is always prominent in the aerospace industry,
where the primary product, an aircraft, is a highly complex, multi-disciplinary, expensive
vehicle that is designed for carrying a payload, potentially including humans. In such a
case, the rst and foremost attribute that a ight vehicle need to possesdasy

Airworthiness is de ned aspossession of the necessary requirements for ying in safe
conditions, within allowable limits[20]. To ensure a safe ight in the operational en-
velope of an aircraft, the aircraft should primarily be designed to meet pre-de ned safety
and performance requirements, such as withstanding aerodynamic loads and structural de-
formations arising at critical ight conditions. As is the case in most other engineering
practices, how the aircraft would perform under such conditions are simulated by using
computational tools. With the knowledge gained from simulations, engineers make edu-
cated decisions and make changes to the design so that the requirement compliance of the
product can be achieved.

In the early phases of the design, it is relatively easy to make changes because there has
not been a signi cant commitment to manufacturing. Therefore, the decision to incorporate
a new technology or develop a novel con guration altogether is made very early. After the
key decisions are locked in, engineers begin to focus on more details, such as what sub-
systems to use, how to integrate and manufacture them. At this stage, knowledge about
the nal product increases [21], [22], and most of the cost is committed in early stages
of design, about 80% before preliminary design review (PDR) and about %90 before the
critical design review (CDR) [23]. For example, earlier iterations of the design use a rough

con guration of the aircraft with the main details such as the wing pro le, airfoil shape an
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Figure 2.1: Product knowledge vs cost incurred. Taken from [21]

approximate CG (center of gravity) location. As the design activity proceeds, details such
as wing sections, internal subsystems (e.g., fuel tanks, hydraulics), assembly methods need
to be considered. Therefore, making a change in the design will be increasingly dif cult
and expensive, as a single decision impact decisions already made about other components.
This relationship is illustrated in Figure 2.1.

The decision making process between the design phases listed in Figure 2.1 is illus-
trated in Figure 2.2. The decision points of Conceptual Design Review (CDR), Prelimi-
nary Design Review (PDR), Evaluation and Test Review (ETR), and Final Design Review
(FDR) roughly correspond to the end of a each phase in design. Because the failing of
a requirement would necessitate going back and making changes, and most of the cost is
already committed before detail design or PDR, reducing the uncertainty in the tools and
the design will have signi cant implication in terms of budget and schedule. One of the
main expected impact of this work is to reduce the economic burden in design cycle by

systematically burning down uncertainty.
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Figure 2.2: Formal design reviews to accept or reject the design. Taken from [22]
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All computer models used in engineering applications are abstractions of reality with
simpli cations and assumptions. There will be abstractions regarding the physics in ques-
tion or the design itself, such as the details emerge as the design proceeds. No simulation
will capture every bit of physics phenomena on every single part; but engineers still need to
rely on simulation results to make intelligent decisions. To avoid unforeseen risks, design-
ers and engineers need to understand the limitations of the models they employ. Therefore,
the gap between the real-life test and simulation results is of great importance. Having
more con dence in the ability of the computational tools to represent the system and con-
ditions of interest will result in less risk of nal product failing to satisfy program goals and
requirements. Another bene t of having highly reliable computational tools is the potential
of bypassing some or all of the physical tests necessary to certify the aircraft. Because
physical tests are very expensive and long campaigns [24], replacing them with virtual
counterparts can potentially vast amounts of time and money [25], [26]. Cerfifging
craft parts by using computational tools only is cal@etti cation by AnalysigCbA), and
is a long-term goal of stakeholders such as the FAA (Federal Aviation Administration) [24].

The goal of this chapter is to provide the necessary background to clearly de ne how
a methodology can be developed as an answer to the overall research objective. This will
require discussions on how a computational model is developed, the uncertainties involved
in the process and techniques to characterize and quantify them. Then, the methods to
address these uncertainties by different types of experimentation will be discussed. Finally,
the methodology will be formulated on top of the building blocks discussed in this chapter,

and identi ed gaps will be addressed with a set of research questions.

2.1 Computational Model Development

Development of a computational model and verifying that is provides correct results is

quite an involved process and illustrated in Figure 2.3. Some level of understanding re-

1The word ‘guali cation” is generally used for military applications
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Figure 2.3: Computational model development. Taken from [27]

garding a physics phenomenon is developed after observing and analyzing it carefully. It
takes additional work and mathematical rigor to translate this understanding into a math-
ematical equation, calledraathematical modelComplex phenomena are modeled with
complicated equations, analytical solutions to which may not be trivial or even possible.
Therefore, a numerical solution algorithm is necessary to get approximate solutions that
are close to the truth. These algorithms then need to be codi ed into a computer code that
solves the problem in a reasonable time. Representing the problem with continuous func-
tions is inef cient to solve, therefore the problem needs to be discretized. For a complex
problem, there will be many different parameters that represent an aspect of the modeled
physics phenomenon and some for discretized structure of the problem. Their values can
only be estimated observing and measuring the quantities pertinent to the event. When
a complete set of physical and discretization parameters are obtained, then the developed

code can be executed to get results from the computational model.
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Depending on how much information is available about the reality of interest, model
development process will differ. However, aforementioned key components such as under-
standing the phenomenon and developing the mathematical model will be similar across the
applications. The physical aspect of this process, where the information about the physical
phenomenon is created is complementary to the modeling side. Figure 2.4 illustrates the
relationship between computational and physical domains. First, an observed phenomenon
is identi ed and some understanding of it is generated. This will enable a model to be
constructed. The next step is the tune the models so that physics (virtual or in real world)
matches the observations. This step is also caléditbration. For applications where the
accuracy of predictions are of utmost importanaidationprocedures will be carried out.

This step is to assess the credibility of predictions and verifying that the model is accurate
enough for an intended use. The speci c type of experiment caididation experiment

will be discussed later. The nal step in this procedure is to assess the quali cation of the
system, where it will be tested for requirement compliance. In his works and Figure 2.4,
Oberkampf uses the word “experiment” referring to a “physical experiment” [28]. They
involve a setup that a certain phenomenon is replicated and the results are measured via an
array of sensors. However, in this thesis, the existence and utildgroputationakxper-

iments are also acknowledged. Carefully designed computer experiments can be used to

reduce the overall uncertainty and inform the design of physical tests.

2.2 Multi-Disciplinary Analyses

A modeling and simulation environment can be thought of as a product, as it is developed,
checked for requirement compliance, and used for a desired purpose. It can be an overall
M&S application or a work product during its development [29]. Similar to a product, the
interdependencies between its components, the integration scheme should be clearly ex-
pressed. In a complex, multi-disciplinary analysis and optimization (MDAO) application,

a Design Structure Matrix (DSM) is traditionally used to convey the information regarding
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Figure 2.4: Interaction of computational and physical experimental activities. Taken
from [28]

the work ow between all the entities involved. An example DSM is provided in Figure 2.5.

In a DSM matrix, the analyses are on the column and their outputs are on the row. In the
given representation, the diameter of the off-diagonal circles depict the strength of the feed-
forward or feedback relationship between analyses.

Creation of an MDA environment of a complex problem is easier said than done. There
are often uncommon parameters that represent the same aspect of the problem. Abstraction
of the geometry of the problem is different for every computational tool. For example, in
Figure 2.6 the geometrical representation of a four-engine aircraft is demonstrated. Given
structural model is a concentrated mass model on top of condensed nite-element (FE)
models and the aerodynamic model is a Double Lattice Method (DLM). In the structural
model, sections are represented as lumped masses and elastic connections in between. The

entire engine of the aircraft is abstracted as two lumped masses. Conversely, the aerody-
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Figure 2.5: An example design structure matrix (DSM). Taken from from [30]

namic forces acting on these surface are more important. Therefore, the nacelle structure is
preserved in the aerodynamic model. In the given example, the differences between com-
putational meshes are obvious. Therefore, aerodynamic loads and displacements need to
be carried over to the other model, without losing their impact on the system. Geometry
generation can be also treated as a different disciplinary analysis in some cases. To repre-
sent the coupling options graphically, one can use two DSMs with different feedback loops.
However, there are some shortcomings associated with the DSMs. They typically do not
show what variables are passed between analyses, whether there is a loop or not, and the
details of connections between analyses. These issues have been addressed in the form of
an ExtendedDesign Structure Matrix (xDSM). The details about xXDSMs can be found in
Reference [30]. In a nutshell, analyses are on the diagonal, the columns and rows are inputs
and outputs, respectively. Thick gray lines between blocks represent a process connection
and a thin blue lines represent a process connection. Two very simple xXDSM examples are

given in Figure 2.7 representing different coupling strategies between aerodynamics and
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Figure 2.6: An example to how different disciplinary modeling tools abstract the geometry
and mass distribution. Therefore, coupled analyses require transferring of forces and dis-
placements to another geometry structure.

structures an alyses.

2.3 Uncertainty and Probabilistic Analysis

Modeling and simulation of applications in engineering is generally carried out through
using deterministic calculations. A generic computer simulation such as the one given
in Figure 1.4, takes in a set of inputs and it will generate a set of SRQs. Modeling and
simulation of complex systems require the non-deterministic features of the system and
the environment to be captured [31]. In such non-deterministic process, it is impossible
to precisely know the values of simulation parameters used and difference between the
reality of interest and abstractions made in modeling. Probabilistic methods have been
used extensively to model variations in parameters that represent sources of uncertainty
and to quantify by propagating them through deterministic computer simulations.

If one desires to reduce the overall uncertainty in a design endeavor where decisions are
made through information gained from simulations, then the uncertainties of these simula-
tions need to be reduced. Gatian [7] de nes a ve step approach for uncertainty quanti ca-
tion (UQ): identify, characterize propagate analyze andreduce The following sections

will lay the groundwork to complete this ve step procedure.
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Figure 2.7: Two different xXDSM approaches for aeroelastic analyses. Loosely-coupled
aero-structures (top) and tightly-coupled analyses (bottom)
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2.3.1 Typesof Uncertainty

There are many sources of uncertainty involved in the process of designing a complex,
multi-disciplinary product, such as an aircraft. In such long programs, it is of utmost im-
portance to identify these sources, classify them accordingly and follow a consistent ter-
minology throughout the program between all involved parties. Researchers have come
up with several taxonomies, depending on their area of application and their preference.
There cannot be a single correct uncertainty taxonomy that would work the best for all
disciplines. However, a taxonomy that is consistent with its intended use will eliminate
possible ambiguity, enabling correct characterization of various uncertainty sources.

Two types of uncertainty that can be commonly come across in literature@stemic
andaleatoryuncertainty. The word “epistemic” is derived from a the Greek wapidt mh
(eng. knowledgg This type of uncertainty is due to a lack of knowledge [32], [33]. In
theory, it is reducible by obtaining more information about the system in question. There-
fore, it is also referred to as reducible uncertaimty, dictq and Type B [33]-[36]. The
word “aleatory” is derived from the Latin worale& (eng.a die). Aleatory uncertainty is
attributed to the inherent randomness in the problem [33]. Therefore, itis also referred to as
stochastic, randonale re or Type Al32], [33], [36], [38]. Oberkampf et al. [31] proposed a
uncertainty taxonomy created for modeling and simulation purposes that is consistent with
aforementioned uncertainty types. In this taxonomy, errors are distinguished from the un-
certainties. Furthermore, errors are divided into two categosiglmowledgeerrors such
as modeling approximations, andacknowledgeeérrors, such as computer programming
mistakes [31].

In his paper, Thunnissen provides a survey of uncertainty de nitions and taxonomies
used in design and development of complex systems [39]. After comparing and evaluating

the differences between different classi cations used in various disciplines such as man-

2“Alea iacta est!” (eng“The die is cast!”) is a famous phrase attributed to Julius Caesar. It is believed
that he uttered these words as he led his armies across the Rubicon. Ironically, it is more probable that he
gave life to this phrase in Greek, not in Latin [37].
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Figure 2.8: Thunnissen's Uncertainty Taxonomy. Taken from [39]

agement, physical sciences, and computer simulation; the taxonomy given in Figure 2.8
is proposed. Two of the four main types of uncertainty —epistemic and aleatory— can
be seen across many uncertainty formulations used in physical sciences. Epistemic un-
certainty is divided into three groups: model, phenomenological, and behavioral. Model
uncertainty is simply related to the construction and execution of a model in question. Al-
though programming and numerical errors are self-explanapproximation errorgefer

to the approximation of the problem with respect to the reality that the model intends to
capture. It has nothing to do with a mathematical nature. It is actualpcknowledged

error and de ned also as model-form error [33]. Phenomenological uncertainty is due to
a lack of knowledge in the physical phenomenon that is in question. If the phenomenon
is not fully understood, or some information about it is unavailable, it will introduce un-
certainty in the decision-making process. This is also sometimes referred to as "unknown
unknowns”. Thunnissen states?lienomenological uncertainty is particularly important

for novel projects or those which attempt to extend the “state of the @rily subjective
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approaches can be used in characterizing this type of uncertainty as there is no a priori
information available. In the taxonomy given in 2.8, the last component of epistemic un-
certainty is behavioral uncertainty. It is related to how individuals or organizations col-
laborating in a project act. For the scope of this thesis, the only relevant component is
the requirement uncertaintyvhich is related to the variables that stakeholders determine
independently of the designers. Difference between design and requirement uncertainties
depend on the context and perspective of the individuals. Further discussion and examples
can be found in Reference [40]. Finally, the remaining types of uncertainty in Thunnis-
sen's taxonomy are ambiguity and interaction. Ambiguity arises when the way individuals
convey information between parties are imprecise or not well-de ned. This leads to the
receiving end of the information making assumptions and distorting the original informa-
tion. In order to minimize it, all parties involved in the design endeavor should try to avoid
using ambiguous expressions and be as clear and direct as possible; albeit it is impossible
to eliminate it completely. Interaction uncertainty describes the interaction between any of
the aforementioned types of uncertainty.

Gatian follows a similar approach to extend and modify Thunissen's uncertainty tax-
onomy for the purposes of technology selection and and development [7]. Her taxonomy
is given in Figure 2.9. The primary difference is the introduction of measurement uncer-
tainties, which is quite relevant and important for the purposes of acquiring data through
experimentation. This category is further divided into two groups. The rst one, device
precision, refers to the capability of a device used in a physical setup. Any measurement
device is able to capture so many signi cant digits accurately (i.e., resolution). The other
one is the capability of making a speci ¢ measurement. Unlike computer simulations, it
may not be possible to take measurements of desired quantities of interest precisely at the
desired locations due to physical constraints. For example, an engineer can simulate the
pressure distributions over a wing in a digital environment quite easily, but it is infeasible

to place hundreds of pressure transducers over a wing without disturbing the air ow or
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Figure 2.9: Gatian's Uncertainty Taxonomy. Taken from [7]

mass distribution. In Gatian's taxonomy, physics characterization refers to a lack of under-
standing regarding the phenomenon of interest. However, this de nition ts better with the

phenomenological uncertainty de nition provided before, which also exists in duplication.

2.3.2 ErrorversusUncertainty

In previous section, the words “error” and “uncertainty” coexisted in the provided tax-
onomies. Itis crucial to make a distinction between these two concepts. Error is de ned
as “arecognizabldnaccuracy in any phase or activity of modeling and simulation that is
not due to lack of knowledge” [31]. This de nition, adopted also by ASME V&V10 (ver-

i cation and validation), implies that errors acerrectable provided that is identi ed and
properly addressed. However, a quantity associated with an uncertainty (even epistemic)
is knownto be uncertain and the process can continue. However, it can be reduced by
appropriate means of acquiring knowledge.

Arguably one of the most prominent documents pertaining to the accuracy of computer
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simulations iISASME V&V 20: Standard for veri cation and validation in computational
uid dynamics and heat transfgtl]. This document adopts the de nition of given in the

ISO standardinternational Vocabulary of Basic and General Terms of Metrol@t}:
Error: Result of a measurement minus a true value of the measurand

Uncertainty Parameter associated with the result of a measurement, that character-

izes the dispersion of the values that could reasonably be attributed to the measurand.

The reader should bear in mind that the ASME V&V standards are written with a val-
idation perspective and the primary motive of the document is to assess the accuracy of
computational models by comparing them to a physical experiment that is speci cally col-
lects data towvalidatemodel. Such an experiment is calledalidation experimentFor this
section, the focus is the types of uncertainty and how they can be leveraged to distinguish
uncertainties arising in a design context. Accordiny& 20: simulation and experiment
errors s and p are de ned as corresponding discrepancies with an (unknown) true value

T [43].

s=S T (2.1)

=D T (2.2)

E=S D = S D (23)

s, the simulation error, then can be divided into three contributions. This is consistent

with the taxonomy given in Figure 2.10.

S = model T num input (2.4)
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In Equation 2.4, moqel IS the modeling error born of modeling assumptions (medel
form), input IS the input (parameter) error due to inexact boundary conditions and simu-
lation parameters, angym is the numerical error due to the solution algorithms used in
solution. This de nition clearly separates the error due to how the model is constructed
and the set of parameters used in this model to make a calculation. Combining the above

equations, an explicit form for thg,oqel IS given in Equation 2.5.

model = E (pum + input D) (2.5)

Although the form given in Equation 2.5 can be complicated due to the dependecncies
between the terms, for simple cases, it can be useful [43].

Following the same logic, uncertainty arising from model-form and input parameters
can be separated. Combining the taxonomies given in Figures 2.8 and 2.9, a new taxon-
omy can be generated that will better t the purpose of this thesis. The new taxonomy is
given in Figure 2.10. The parameter uncertainty here is de ned similarly to the parameter
error given in Reference [43]. In a simulation, the exact values of parameters used in the
simulations are almost always unknown. Furthermore, reducing coef cients to a single or
a limited set of values involve some abstraction of reality. This introduces an uncertainty
parameters used in the mathematical form of the simulation. Naturally, the number and the
types of these parameters depend on the model form. However, for the same model selec-
tion, different selections for parameters can be made. Therefore, having a separate type
of uncertainty for them can be justi ed. Furthermore, a closer look draws the similarities

between the taxonomy given in Figure 2.10 and the activities listed in Figure 2.17.

2.4 Systems Engineering Perspective for Modeling

The success of a product development activity is de ned by the if and how well the prod-

uct meets the requirements set by internal and external authorities. A relevant example to
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Figure 2.10: Uncertainty Taxonomy used in this work

this is the Aircraft Structural Integrity Program (ASIP) adopted by the United States Air
Force (USAF) and the Department of Defense (DoD)[3]. ASIP de nes the requirements
necessary to achieve structural integrity in USAF aircraft through a series of well-de ned,
consecutive tasks. ASIP lists these requirements for any type of aircraft, for the entire prod-
uct life cycle—from inception to operations—and for the entire structure. Such programs
highlight the importance of computational models to aid risk-informed decision making
throughout the entire product life cycle, not just product design. The ve primary tasks
of ASIP and some of the relevant sub-tasks are given in Figure 2.11. At rst glance, it
can be seen that each aspect of ASIP and similar programs can benet from improved
accuracy and predictive capabilities of modeling and simulation tools. However, complex,
multi-disciplinary design endeavors such as aircraft development programs make use of nu-
merous computational tools throughout the product life cycle. Validating each tool for their
intended uses in their corresponding application domains for the entire product life cycle
is an insurmountable task. Therefore, identi cation of a pragmatic and ef cient means for

model validation is of crucial importance. A key question that naturally follows\Wgh&t
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to validate?.

Figure 2.11: ASIP Primary Tasks. Adapted from [44]

Computational models are currently used to support all of the tasks illustrated in Fig-
ure 2.11. However, the end-goal of reduced reliance on physical testing during development
campaigns causes established engineering processes to be re-considered. For this end, con-
cepts such as Model-Based Engineering (MBE) and Model-Based Systems Engineering
(MBSE) have emerged in the 70s have been gaining popularity [45]. MBE and MBSE use
systems V&V techniques to support model development process, informed by the system
requirements for system test and evaluation. In the US, the DoD is spearheading change
in towards MBE and MBSE [46]. Corporate and research strategies are adopting accord-
ingly in anticipation of a future in which:Over the product lifecycle, increasing detail and
delity will be added to virtual products, production systems, and product support ecosys-
tems to enhance the quality, cost, performance and safety of their physical counterparts.
But more important, the data will be connected through models and simulations to provide

a single source of information that is authoritative, live, and consunigfig.

2.4.1 \eri cation andValidation(V&V)

The ability to accurately predict the behavior of a system using computational tools is di-
rectly tied to the availability of validation data of the system response. By comparing the
simulation outputs with the available validation data, one can make an informed decision

on whether the computational tool is adequate for the intended use. Traditionally, vali-
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dation practice has been left to individual research organizations or industry practitioners.
Even though there are many groups around the world who are working on the same, or at
least similar, simulation codes, there is a signi cant lack of validation data to determine
the adequacy of these codes for their respective uses. Relying on the predictions of an
unvalidated simulation for developing a novel system may result in sub-optimal designs,
performance shortcomings, delivery delays, and potential catastrophic failures. Better val-
idation practices and higher-quality validation data should be a key enabler in reducing
acquisition costs, schedule, and overall program risk.

In product development, well-established Systems Engineering (SE) principles have
been commonly used for decades. Veri cation and Validation (V&V) activities have been
a key enabler of SE activities. Brie y speaking, V&V in the SE context assures that the
system meets the previously de ned requirements, and that those requirements were the
correct ones to begin with, respectively [48]. It is crucial to emphasize that de nitions of
V&V and their respective interpretations can differ widely from one domain to another and
whether what V&V activities are applied on. Terminology given in Reference [48] de nes

V&V activities on requirements and systems as follows:

“Verifying requirements: Proving that each requirement has been satis ed.
Veri cation can be done by logical argument, inspection, modeling, simula-

tion, analysis, expert review, test or demonstration.

Validating requirements: Ensuring that (1) theetof requirements is correct,
complete, and consistent, (2) a model can be created that satis es the require-
ments, and (3) a real-world solution can be built and tested to prove that it
satis es the requirements. If Systems Engineering discovers that the customer

has requested a perpetual-motion machine, the project should be stopped.

Verifying a system: Building thesystem rightensuring that the system com-

plies with the system requirements and conforms to its design.
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Validating a system: Building theright system making sure that the system
does what it is supposed to do in its intended environment. Validation deter-
mines the correctness and completeness of the end product, and ensures that

the system will satisfy the actual needs of the stakeholders.”

One of the most mainstream approaches to highlight the V&V activities in the systems
development life-cycle is th8ystem V-modeRlthough it might differ for applications, a
generic example is illustrated in Figure 2.12. From left to right, the blocks are consequent
activities. The left side of the “V” represents the development plan and the decomposition
of requirements at different system levels. The bottom of the V is where the actual testing
and implementation starts. After this step, created subsystems are integrated one-by-one
to obtain the integrated systems. Following steps are simply, veri cation at subsystem
and system levels and system validation. Finally, the product can be commissioned to
begin its operational life. The horizontal dashed arrows between the two sides of the V
represent the V&V activities; namely, checking if the created subsystems and systems meet
the requirements de ned in the de nition and decomposition phase (left side of the V). If
the entities involved in the design do a meticulous job in re ning the requirements and the
systems are designed according to them, the product will fail fewer requirements; enabling
the project to save time and cost.

Recent increases in computational capabilities and consequently the role of computers
in the design of complex systems, has paved the way for established methods to adapt.
A prominent example is the Boeing's Model-Based Engineering Diarholtsl graphical
representation is illustrated in Figure 2.13. In this approach, the bottom part is the classical
system V (Figure 2.12). However, there is another part that mirrors the “physical V” in a
virtual domain, on the top part of the gure. The two parts of the diamond are connected
to each other by digital threadwhich links models and simulations to the product design.

Virtual and physical parts inform each other throughout the life cycle of the product, from

3widely known as “Boeing Diamond”
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Figure 2.12: Systems Engineering V-diagram. Taken from [49]

design to operations. Although, the Boeing Diamond links modeling and simulation tools
to system design, it does not have an emphasis on what attributes a modeling and simula-
tion environmenshould have Similar to V&V activities performed on the product, same
principles can be invoked for the process of selecting or developing a computations tool
that models an engineering problem.

Balci argues that the requirements imposed on a modeling and simulation environment

need to following quality indicators [51]:

» Accuracy: the degree to which the requirements possess desired attributes

 Verity: can be assessed by M&S veri catiorg., creating the requirements right

 Validity: the requirements need to be assessed to the degree that the represent the
real needs of the stakeholders which suf cient accuraey, creating the right re-

guirements
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Figure 2.13: The Boeing Diamond. Taken from from [50]

Clarity: the requirements should be unambigious and understandable. See require-

ment uncertainty in Section 2.3.1 and Figure 2.8
Completeness: self-contained requirements with no missing information.

Consistency: the requirements need to be speci ed with uniform notation and termi-

nology, and they does not con ict with other requirements
Feasibility: the dif culty of implementing a single requirement, or con icting ones
Modi ability: the dif culty of changing requirements, if needed

Stability: how much the requirements change throughout the life-cycle of the M&S

environment, and the risk it imposes on the project
Testability: the requirements should abide by clearly de ned pass/fail criteria

Traceability: the requirements that depend to another should be easily cross-referenced
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For a given engineering problem, established systems-engineering principles jhave

little to no emphasis on what an appropriate modeling and simulation environment

should be.

2.4.2 DecisionMakingin Engineering

Designing and creating a product involves a sequence of choices made by engineers that
shape the form and function of the design [52]. Engineers depend on their understanding of
the machine they are creating and the scienti ¢ knowledge available to make these choices.
The nal design outcome is a compilation of all the decisions made during the design
process. Overall, the knowledge of nature is used to make informed decisions that lead to
better results.

There are various structured and methodical approaches for making decisions within
the eld of engineering design [53], [54]. These procedures typically adopt a top-down
approach, which is a commonly seen in requirements engineering practices. As the dis-
tinctions among them are not crucial for the purpose of this work, we will focus on the
decision-making process within the Integrated Product and Process Development (IPPD)
Methodology [3]. IPPD is a method that includes six logical steps for design decision sup-
port and product design, and it was developed at Georgia Institute of Technology. Being
a general framework, it can easily be applied to a wide range of engineering problems.
The steps are ordered to make sure that a comprehensive list of factors are taken into ac-
count before making any design decision. The framework is depicted in Figure 2.14. In the

context of systems engineering, the steps and their descriptions are as follows:

1. Establish the need:ldentify the lacking capabilities and why a system is needed.

2. De ne the problem: Clearly de ne the objectives that would satisfy the need.

3. Establish value objectivesFind measures of effectiveness that can be used in eval-
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Figure 2.14: Georgia Tech Integrated Product and Process Development (IPPD) methodol-
ogy. Taken from [55]
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uation of the system.

4. Generate feasible alternatives:List alternative solutions that are possible candi-

dates for the given problem.

5. Evaluate alternatives: Compare the performance of the alternative solutions based

on previously de ned measures of effectiveness

6. Make decision: Choose the best alternative from the list of all successful alterna-

tives.

The rst two steps involve identifying the purpose of the design activity. These steps
can be supported by some kind of computational analysis, speci cally by evaluating the
current systems and processes to identify their shortcomings. This step is kngap as
analysis The second step involves specifying the nal objectives of the design process.
These objectives can be compared to existing, contemporary systems to con rm that they
address the identi ed gaps, but the analysis in this step is more focused on highlighting the
shortcomings of the existing solutions rather than predicting the performance of a potential
design.

The third step involves the de nition of the key metrics of the problem, by which the
success of a possible design will be determined. For example, if the desired product is a
military mobility transport, some key metrics can be its range, payload carrying capability,
take-off distance etc. Ideally, the determination of the metrics should be independent of
the analysis methods, meaning that the engineering problem should be guided by the needs
established earlier. However, if these needs cannot be calculated with the analysis methods
at hand, either the needs need to be modi ed or proxies need to be created. As a result,
existing analysis methods play a signi cant role in determining the metrics for the design
problem. Throughout the whole design process, it is important for decision makers to keep

in mind the practical limitations of the simulation environments they use.
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The fourth step is closely connected to the simulation. For some problems, it might be
impossible to assess the feasibility of the alternatives until simulations are carried through.
In this case, the best that the engineers can do is to focus on compatibility instead. In this
step, capabilities, practicality and the limitations of the simulation environments need to
be adhered to. Another concern is the cost of computation as the number of alternatives
that need to be eliminated is limited by the computational cost of the analyses. Using
the determined analysis frameworks, the alternatives will be evaluated based on previously
de ned the metrics of success. In most engineering problems, there will be no solution
that is superior to other alternatives in all criteria. Engineers are almost always to prioritize
which metric of success is more important than the others.

As discussed before, it is often impossible to know the exact parameters that re ect the
reality of interest in its entirety. Therefore, there will be some uncertainty involved in the
parameters, and the modeling process. The next section will discuss how these uncertainties

re ect on the metrics, and how they can be addressed.

2.5 Uncertainty Propagation

Uncertainty propagation can be de ned as mathematically mapping sources of uncertainty
to the uncertainty in the simulation outputs [33]. Therefore, if the inputs of a simulation are
uncertain, then the responses should be uncertain as well. The uncertainty in a parameter
can be described by assigning a probability density function (PDF) or an interval to it [56].
Sampling methods are used to pick combinations of input variables and then, quantify
the uncertainty in the response. A commonly used sampling technique is in aircraft de-
sign is Monte Carlo (MC) simulation [57]-[59]. In MC sampling, the values are picked
according to the PDF associated with the variable. Then, a set of inputs is created using the
sampled values. These samples are used to calculate the simulation result. Although the
simulation in question is deterministic, techniques such as MC allow to observe the impact

of uncertain inputs on the simulation results. This process is illustrated in Figure 2.15.
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2.5.1 SubjectiveProbabilities

Consider the PDFs used to pick inputs through a deterministic process for MC sampling;
i.e., left-hand side of Figure 2.15. Given examples are for illustrative purposes only but
they highlight the importance of the issue. These distributions can be classi ed as uniform,
triangular and skewed-normal. An uncertainty distribution in the form of a PDF can be
mathematically represented as a function of different parameters. For example, a normal

distribution can be represented as given in Equation 3.1.

X1 N (; 2 (2.6)

where is the mean and? is the variance of the normal distribution. Similarly, a
uniform distribution in an interval whose lower and upper bounds respectively, aed

p2, can be represented as given in Equation 3.2 below.

X2 U (p1;p2) (2.7)

These parameters that de ne the probability distributions are often picked by the ana-
lyst [60] based on previously encountered values such as a nominal value, or a percentage
of change from the nominal. The subjectivity in selecting these values might have a signif-
icant impact on the response. The critical uncertainties that already cause a high variance
in the response may skew the results even more if they were wrongly de ned in the rst
place.

Representing the true form of a probability distribution requires many samples. There-
fore, MC sampling will require many function calisg., many-query61]. Additionally, if
the run time of a simulation is slow, then turnaround time will be too long with a very high
number of sampled points. For this, inexpensive models that approximate the true behavior
of an expensive function without sacri cing too much accuracy are needed. Such models

are calledsurrogate models
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Figure 2.15: lllustration of uncertainty propagation by Monte Carlo sampling. Taken from

[7]

Observation

Subjective probabilities are typically de ned on uncertain input parameters ag an

interval or probability distributions by the analyst or the subject matter expert.

2.5.2 InverseSampling

For multi-dimensional problems, nding analytical solutions for the inverse problem can
be very dif cult, or even impossible. In such cases, posterior distribution de ned by the
response is sampled to nd input points. This procedure is broadly calledse sampling
Inverse sampling methods are popular for nding solutions of non-linear inverse prob-
lems. If the purpose is to nd solutions tting the data within a pre-de ned tolerance
given by uncertainties in the data, methods such as Monte Carlo prove to be very use-
ful [62]. There are many popular ways to sample from a probability distribution, such as
inverse transform sampling [63], [64], Markov Chain Monte Carlo (MCMC) [65], [66],
acceptance-rejection sampling [67], Metropolis-Hastings sampling [68]. These methods
differ from each other by the algorithms they use to accept sampled points and the selec-
tion of the next point. An appropriate method can be selected based on the complexity of
the problem. For example the application of inverse transform sampling is relatively easier
compared to MCMC for simpler problems. Inverse sampling methods can be utilized to

nd probability distributions of inputs given data.
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2.6 Surrogate Modeling

Most modern, complex products necessitate the use of some high- delity simulation to
make a very detailed analysis. However, these type of analyses traditionally come with
a signi cant computational burden. For applications such as Design Space Exploration
(DSE), optimization and uncertainty quanti cation (UQ) and propagation; running these
high- delity analyses for thousands of times is simply infeasible. A surrogate model is a
mathematical model that approximates a computationally more expensive process with in
a fraction of the run time. Assume that the set of important outputan be calculated

via an expensive simulatidn, so thaty = f (x). An accurate surrogate modelwill be

¢ = f(x; )suchthay . The process of creating a surrogate model from an expensive

simulation is illustrated in Figure 2.16.

Figure 2.16: Notional surrogate modeling process

Although multiple classi cations exist for the types of surrogate models, just one clas-
si cation will be discussed here as a baseline. Peherstorfer classi es low- delity surrogate
models in three groups[69]. The rst type is tdata- t models. Such models emulate
the function output with respect to the inputs, without inner workings of the true func-
tion. Some well-known and widely used methods include: response surface equations
(RSE) [70], [71], Gaussian processes (GP) [72], radial basis functions (RBF) [73], neural
networks [74], [75], and genetic algorithms [76]-[78]. The second categaiynigli ed

modelswhere certain aspects of the problem or the solution approach are neglected or cut
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short. Hierarchical models (in terms of delity and problem abstraction) are a prime ex-
ample to such methotisSome examples are early stopping and coarse-gid approximation.
The nal type is theprojection-based modethat exploit the mathematical structure of the
problem. Such models reduce the dimensionality of the problem by projecting the high-
dimensional nature of the problem to a sub-space. Some well known examples to such
approaches are proper orthogonal decomposition (POD) [80]-[83], and dynamic mode de-
composition (DMD) [84], [85].

The choice of an appropriate surrogate model to enabter-loopapplications such
as sensitivity analysis and uncertainty quanti cation is dictated by the attributes of the
problem at hand. Due to various requirements and constraints, using one type over another

can be bene cial in terms of development time, computational cost, and model accuracy.

2.7 Sensitivity Analysis

Sensitivity analysis (SA) is a family of methods to nd out what inputs or model parame-
ters have the most impact on model outputs. In uncertainty quanti cation and propagation
context, SA is used to apportion the uncertainty in a given output to the uncertainty asso-
ciated with various input parameters [86]. Many different techniques have been studied in
literature for SA. Broadly, they can be divided into two groupsal andglobal sensitivity

analyseg487].

2.7.1 Local SensitivityAnalysis(LSA)

LSA methods calculate the variation of a single point while keeping the others at xed
values, generally their nominal values. The simplest way to achieve this is to obtain the

derivativeY °of the input parameter of interest at its nominal valye

“4Hierarchical models were also calleallti- delity[79]. However, this term is now used exclusively for
systems (ensembles) that use models of different delities in conjunction. This is one of the primary reasons
why the taxonomy given in Reference [69] was used
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LSA provides valuable information about a certain point in the input space. There-

(2.8)

fore, if one needs to use LSA for an interval, they need to repeat this derivative calcula-
tion process at different points. Morris' method proposes experimental plans to calculate
derivative-based changes in the output solely due to a change in the input [88]. Because
such method involve derivatives, they cannot account for the shape of PDFs. These con-
straints make LSA approaches particularly useful when the variation around the nominal

value is small and model exhibits linear behavior [7].

2.7.2 GlobalSensitivityAnalysis(GSA)

Unlike LSA methods, GSA methods account for the range and shape of inputs. GSA
methods typically address the question of how much of the output variability is caused by
the variability in an input parameter. A widely used method that is used for GSA is the
calculation ofSobol indice$89].

Sobol index for a variabléX ' is the ratio of the variability obtained by calculating
variability due to all other inputs to the overall variability in the output. Following this
de nition, the rst-order effect index of inpuK ' is de ned in Equation 5.13. The denom-
inator represents the total variability in the respoMsehereas the numerator represents

the variation ofY while changingX ' but keeping all the other variables constant.

o = Ve (Ex (Y XY)
: V(Y)

(2.9)

Following the same logic, combined effect of two variablesandX ! can be calculated

by using the second-effect index as given in Equation 5.14.

Vii (Ex o (Y jXT))
V(YY)

Si+8+8l= (2.10)
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Finally, the total effect of a variable is de ned as the sum of all rst-order effects and
the sum of all interactions of all orders with other input variables. Because the sum of all
sensitivity indices must be unity, then the total effect indeX btan be calculated as given

in Equation 5.15.

i _ Ve i(Exi(YjX 1)
Sr=1 V(Y)

(2.11)

2.8 State of the Art in Experimentation: Physical vs Computational

In large projects such as the undertaking of the design of a novel aircraft, modeling and
testing often go hand in hand, making the design an iterative and cyclic process. The term
“spiral development” has been coined by the software development community for such
projects but it has been applied in other disciplines as well [90]. Computational models that
model physical phenomena are built using previously acquired data from similar systems of
interest. Using these models, new product are developed and in order to verify the results,
prototypes are built and tested. This cycle provides the engineers a new set of data and
a chance to go over their predictions. The iteration continues until various tollgates are
passed, and product and model matures as desired. However this process can take very
long and can be quite expensive [91].

The experimentation needed in product development processes will take its place in the
spiral development and follow the modeling activity. Traditionally, four different types of
experiment can be listed. Physical discovery (or phenomena discovery) experiments is the
rst of these four types and aims to improve the fundamental understanding of a physical
process [56]. Another type of experimentation can be used to build a computational model
that digitally represents the physical process in question and to improve the set of input
variables. These are traditionally called model calibration experiments. When a product is
complete, it needs to undergo a series of tests for requirement compliance such as reliabil-

ity, and performance tests. These are broadly calteptance tes{®2]. Finally,the last
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Figure 2.17: Modeling acts as a thread to guide and support physical and computational
experiments. Adapted from [91]

type of experiments is the validation experiments. This type is relatively new compared to
others and the formalism is still in development. The purpose of validation experiments
is to “guantitatively determining the ability of the model and its embodiment in a com-
puter code to simulate a well-characterized physical process” [56]. These experiments are
fundamentally different from the model calibration experiments as the purpose is not to
update the model but to understand how it is different from the reality via a set of precise
measurements taken in a controlled environment.

Figure 2.17 shows the three different domains in which testing of aircraft systems can
be conducted: computational, ground, and ight testing. Modeling and simulation tools are
an enabler not just for computational tests but physical tests as well. Provided that some
modeling capability exists about the quantity of interest, engineers can create a model to
guide these tests. Even lower delity computational models can be used to design a higher
delity tool to avoid unwanted number of iterations. Computer testing usually comes with
the least initial cost commitment among the three. They have a quicker turnaround and
tend to be highly controllable in terms of measuring and tracking quantities of interest as
measurement is a built-in functionality. Unless the practitioners desire to make so many

runs of a computationally very expensive simulation, especially in the detail design phase,
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the run time is not going to be excessive. Ground tests cover the family of experiment that
are performed typically in a lab setting. A controlled environment enables engineers to
eliminate outside effects as much as possible. However, working with a physical artifact
means that manufacturing and having an appropriate data acquisition system are necessary.
Constraints regarding the testing facility need to be accounted for if the duplication of a
physical process in real life operating conditions is sought for. The need for a sub-scale
system that is geometrically the same with a full scale lifting body can be a good example
of this situation. Any engineer would like to conduct their tests on a full scale model
but it might be impractical to manufacture a prototype or even infeasible considering the
dimensions of the wind tunnel test section. Flight testing is the nal type of testing used in
the aerospace industry. Because they need to be done on a free- ying large or small scale
artifacts, they are primarily used for system validation, acceptance tests and nal tweaks.
They are typically used very late in the design stage as they need to represent the real system
as closely as possible, and it is often impractical to manufacture a series of ying models
to acquire parametric data. A summary of strengths and weaknesses of these domains are

listed in Table 2.1.

Experiments conducted on different domains are targeted for speci ¢ purposes,and
they may have high time or nancial costs. Therefore, an intelligent selection needs
to be made as to which experiment would be more valuable for overall uncertajnty

mitigation

These tests can be used for uncertainty reduction purposes as well, provided that they
are tailored for that purpose. Especially reducing of model related uncertainties such as
model-form uncertainty and parameter uncertainty can be addressed by creating a series
of physical experiment setups and observing the model de ciencies. Furthermore, even

computational models of varying delities can be used for uncertainty reduction purposes.
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Table 2.1: Summary of strengths and weaknesses of different ways of testing

Testing Types Pros Cons
Computational Testing Various delities Quicker turnaround
Highly controllable High- delity costs can
be overwhelming
Ground Testing Real physiesaybe duplicated Hard to explore design
Cheap data generators space
Controlled environment Facility constraints
High initial cost
Flight Testing Most representative data Very late in design
Enables system validation Hard to control/measure

Considering the de nitions given before, such a scenario will not be consideneadal
validationper se, but it will still help to understand where the computational models break

apart, which ts in well with a utilitarian perspective of model-driven design.

An experiment can be devised to speci cally address a type of uncertainty. This
experiment should be tailored to address the nature of the uncertainty and the cpndi-

tions at which this uncertainty manifests itself.

2.8.1 Reduced-ScalExperimentation

Consider the types of tests illustrated in Figure 2.17. An accurate test would normally
require the building duplicates of the system of interest in the corresponding domain so that
obtained results re ect actual conditions. Although this poses no issues for computational
experiments, as the scale of the simulation artifact does not matter for a computational tool,
it has major impacts on the design of ground and ight tests. Producing a full-scale replica
of the actual product with its all required details for a certain simulation is a expensive

and dif cult in the aerospace industry. Although full-scale testing is necessary for some
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cases and reliability/certi cation tests [93], it is desirable to reduce the number of them.
Therefore, scientists and engineers always tried to duplicate the full-scale test conditions
on a reduced-scale model of the test artifact.

Figure 2.18 illustrates an example of different design and modeling activities through-
out the design of an aircraft. The actual conditions (high-lift/take off in gure) can be
replicated by either computational test or sub-scale wind tunnel testing.

The principles ofsimilitude have been laid out by Buckingham in early 20th cen-
tury [94], [95]. By expanding on Rayleigh's method of dimensional analysis[96], [97],
he proposed th&uckingham-Pi Theorem This method enables to express a complex
physical equation in terms of dimensionless and independent quantitigeo(ps). Al-
though they need not to be unique, they are independent and form a complete set. These
non-dimensional quantities are used to establish similitude between models of different
scales. When a reduced scale model satis es cedianilitude conditionswith the full-
scale model, the same response is expected between the two. Similitudes can be catego-

rized in three different groups[98]:
1. Geometric similitudeGeometry is equally scaled

2. Kinematic similitude:*Homologous particles lie at homologous points at homolo-

gous times” [100]

3. Dynamic similitude:homologous forces act on homologous parts or points of the

system.

In aircraft aerodynamics applications, two of the fundamental similitudearagke of
attack( ) and the geometry. The most important non-dimensional parameter is arguably,
Reynolds Numbewhich represents the ratio of inertial forces in the ow to the viscous
ows. Itis commonly used to describe the ow features; for example, turbulence in the

ow. Reynolds number is mathematically de ned in Equation 2.12, whei®the density

5“having the same relative position, value, or structyés]
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of the uid, V is the ow speed, is the kinematic viscosity, and is the characteristic
length of the object over which uid is owing (e.g. chord of a wing section).

Re= VL (2.12)

Another dimensionless parameter is iach NumberAlthough it is widely conceived
as a simple ratio of the ow speéd to the local speed of sound ; it is a measure of
compressibility of the ow [101] and its mathematical expression is given in Equation 2.13.
Because of compressibility, Mach number has a signi cant effect on the stability derivatives
of the aircraft. Its effects can be neglected for low-subsonic ight conditions, generally
Mach < 0:3. Reference [102] lists the stability derivatives for various aircraft as a function

of Mach number.

\%
Ma = — 2.13
a= g (2.13)

Other similarity parameters exist, and in theory, many more can be de ned if needed.
The ones given above are the ones frequently seen in aerospace applications, and given as
mere examples. Using dimensional analysis, the forces and moments acting on an aircraft
in ight can be expressed as a function of fourteen dimensionless parameters as given in

Equations 2.14 and 2.15 [103].

F o, 1LA2all VL VEV m | El G W

V2iz=2" N V2V g Ve 1318V 2 V24
(2.14)

M e | J2all VL V2V m | El GJ v,

V22" N VIV g Ve 1318V 24 V24

(2.15)

With close inspection, one can notice that dimensionless parameters (Re, Ma etc.) de-
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Figure 2.18: Traditional ordering of design and modeling activities for a conventional air-
craft con guration

ned above appear as inputs to the scaling functions in Equations 2.14 and 2.15. If all of
these parameters are matched, thdlhsimilitude can be achieved between the full-scale
model and the sub-scale model. However, since scaled models often lack geometric details
and Mach number similarity for scaled testing does not allow us to achieve Reynolds-
number similarity at the same (or any other similitude for that matter) time [103], [104],
achieving full-similitude is extremely dif cult, at best. Most physical tests are designed to
meet some similitude conditions more closely, at the expense of missing important details

in other similitude conditions [103].
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CHAPTER 3
METHODOLOGY FORMULATION AND RESEARCH PLAN

Recall the objective of this thesis as was stated in Chapter 1.

Overall Research Objective

Develop a methodology that reduces epistemic uncertainty in modeling and simu-
lation environments used in aircraft design processes by identifying the sources of

important uncertainties and mitigating them.

Four steps were identi ed at the end of Chapter 1 to achieve this objective. This chapter
will go through these steps, explain the reasoning the why and how of methods explained
in Chapter 2 will be utilized, and formalize research questions for identi ed gaps.

The four steps were brie y introduced as follows. First, the problem for which a novel
solution is sought is clearly described, and associated requirements need to be carefully
outlined. Afterwards, the problem will be broken down into constituent functions, physics
and model-related attributes using established Systems Engineering principles. A t-for-
purpose modeling and simulation environment will be constructed by leveraging these de-
compositions. Among these constituents, there will be uncertainties due to a lack of knowl-
edge or the set of assumptions. The critical ones will need to be identi ed. The nal step is
to design carefully tailored, lower-level experiments for these identi ed critical uncertain-
ties. The details regarding each step of the methodology will be explained and associated
research questions will be introduced in this chapter. The four steps that the methodology
need to address as a part of the Overall Research Question needs was visually represented
in Figure 1.6 at the end of Chapter 1.

Throughout the development of the methodology, research questions will be asked to

address the gaps identi ed in this work. To preserve the ow of the methodology and avoid
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detours, we will go over these questions, formulate hypotheses and experimental plans to

test these hypotheses in this chapter.

3.1 Step 1: Problem De nition

All aircraft are designed to answer a speci ¢ set of requirements that are borne out of needs
of the market or stakeholders. De nition of tle®ncept of operationsutline the broad
range of missions and operations that this aircraft will be used for. After the overall pur-
pose of the aircraft is determined, the designers can decide on the required capabilities and
the metrics that these capabilities are going to be measured with can be derived. Consid-
ering these information, a concept of the aircraft and the rough size of the aircraft can be
determined. This process can be completedibgomposing the requiremerand track-
ing their impact on capabilities and metrics. Some aircraft may have a multi-role nature in
their design. In those cases, additional capabilities will emerge and parallel decompositions
may need to be used. A multi-role aircraft will almost always have a more stringent set of
requirements compared to a comparable single-objective aircratft.

How the problem is de ned with respect to the requirements and their decompositions

will be demonstrated in Section 4.2.

3.2 Step 2: Formulating the Problem Ontology

The second step of the methodology is to carefully describe the problem ontsiogyat

a modeling and simulation environment (MSE) that best represents the problem at hand
can be created. This is important because most problems in aerospace engineering are very
complex and often multi-disciplinary. Therefore, holistic approaches are often infeasible

and the use of highly accurate methods is limited to a single or few design points [106].

1The de nition used in this context is closer to what has been de ned asnaputational ontology:
“Computational ontologies are a means to formally model the structure of a system, i.e., the relevant entities
and relations that emerge from its observation, and which are useful to our purposes. An example of such a
system can be a company with all its employees and their interrelationships.” [105]
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Practitioners need to break down the problem into smaller bits, carry their analyses at a
lower level and integrate later. This process is similar to the mindset of Systems Engi-
neering. Therefore, SE principles are widely used in the aerospace industry. Consider
the discussion in Section 2.4. The observation regarding the lack of rigor for modeling
and simulation environments in established SE principles were noted. However, they are
widely employed in the industry to check for requirement compliance in product design
and manufacturing. The guiding idea for the following chapter, and the proposition on how
the modeling and simulation environments should be selected lies in the idea of borrowing
the same principles for the modeling side of the process.

In Chapter 2, contemporary practices of systems engineering and how they are used
in the industry have been discussed. Although new work ows are coming into play, and
the rise of digital engineering; they still have some shortcomings. First one of these short-
comings is that they do not lay an outline of how top-level requirements ow down into
development of at-for-purpose modeling and simulation environment. It is important to
make sure the tools used in the design work ow are appropriate for the intended purpose
beforehand. If not, and there is a con ict with operational conditions and the model ca-
pabilities in terms of representing them, then whatever results obtained will be unreliable,
or even irrelevant. In the aerospace industry, the challenge is often to model some kind
of complex physics phenomenon with a computational tool before the complete design is
at hand. However, established SE methods typically do not consider simulation capabili-
ties regarding whether the physics of the problem is captured adequately. These gaps pave
the way for the rst research area of how to make sure that a modeling and simulation

environment is appropriate for the intended use.

3.2.1 Researchreal: SystematidVay of Model Development

The systems engineering approaches commonly used in the practice have been successfully

used for product development for several decades. The main observation regarding those
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that they follow adecompose and integraég@proach. The same approach can be leveraged
to decompose thmodeling-related processaad map the requirements obtained from var-
ious decompositions onto the modeling infrastructure. Similar to product V&V activities,
the same logic can be followed for the process development. Inspecting the components in
the model and cross-checking with the initial requirements should help with making sure
that the developed modeling and simulation environment is appropriate.

In order to answer this question, the decomposition approaches for the parts of the
problem must be investigated. Firstly, some elements of the modeling procedure need to be
decomposed so that candidate modeling candidate modeling and simulation environments
can be generated and checked for requirement compliance. For this case, the corresponding

research question is:

Research Question 1

What constitutes a “ t-for-purpose” modeling and simulation environment that

enables uncertainty characterization?

Research Question 1.1

As explained in the previous chapter, it is necessary to start with the purpose of the said
modeling and simulation environment, and its requirements. Because it is going to be
used to model a complex, multi-disciplinary physics phenomenon, the way to decompose

different elements of the modeling process is the rst question of interest.

Research Question 1.1

How can a complex modeling problem be decomposed?

The discussions regarding the state-of-the-art in Systems Engineering techniques back
in Chapter 2.4 gave us a clear way of checking whether a product is t-for-purpose. The
research argument here is that the same process can followed to treat the modeling and

simulation environment is a product, and verify that the process is generalizable for other
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modeling and simulation tasks. Therefore, the following hypothesis can be formulated:

Hypothesis 1.1:By systematically decomposing the physics involved and modeling ap-

proaches, a modeling architecture that enables the effective mapping of system-level re-
guirements can be formulated. This will ensure that the relevant physics is more accurately
represented, by incorporating additional requirements on the modeling and simulation en-
vironment.

Experiment 1.1 aims to substantiate Hypothesis 1.1 by demonstrating the process of
mapping system-level requirements and other decompositions onto the modeling architec-
ture, and evaluating their impact on decision-making in model development. The experi-
ment will focus on the aeroelastic analysis of an aircraft wing as a use case, and the require-
ments related to performance metrics such as speed, range, payload capacity, and access.
By constructing a t-for-purpose modeling and simulation environment based on the de-
compositions, the experiment examines the suitability of the environment for achieving the
objectives.

The experiment progresses through various steps, including describing the program ob-
jective, identifying mission requirements, performing functional decomposition, mapping
functions to physical components, and selecting appropriate modeling methods based on
available information and required metrics. By presenting an overview of different meth-
ods, their capabilities, and limitations, the experiment facilitates informed decision-making
on the delity of modeling tools based on the speci ¢ requirements and considerations de-
rived from the decompositions. The goal is to strike a balance between the level of detall
required and the available resources, ensuring that the selected models effectively capture
the necessary aspects of the system under analysis.

After the problem is decomposed, theilding blocksof a modeling environment will
be obtained. This will enable mapping of the top-level requirements on the attributes of the
modeling and simulation environment. The purpose of Experiment 1.1 is to show that de-

composing the modeling selections provides additional requirements on the MSE, demon-
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strating that the proposed approach is a better process of model development compared
to using standard systems engineering methods. This process will be explicitly de ned in

Section 4.2.5.

Research Question 1.2

The proposed approach only identi es additional requirements on the modeling and sim-
ulation environment. However, there can still be more than one candidate modeling envi-

ronment that would t the purpose. Therefore, the following research question will be:

Research Question 1.2

If there is more than one viable candidate for a given modeling problem, how cgn

one make a selection?

Hypothesis 1.2:Following a top-down decision making methodology along with the

construction of the modeling architecture will enable creation of a t-for-purpose MDA
environment. The evaluation criteria and attributes of the simulation environment, derived
from the steps of the top-down decision making process, will enable making a comparison
between alternative MDA environments

Experiment 1.2 aims to address Research Question 1.2, which explores a systematic
way of making a selection when more than one modeling options are present. The experi-
ment focuses on comparing two different Multi-Disciplinary Analysis (MDA) frameworks,
namely the loosely-coupled and tightly-coupled xDSM frameworks, for the same problem.
The goal is to make a comparison based on different metrics to select on MDA framework
over the other. The experiment involves simulating an aero-structures analysis of an aircraft
wing, considering different coupling mechanisms between the aerodynamic and structural
analyses. The tightly-coupled framework includes an additional loop to ensure convergence
between the aerodynamic loads and structural deformations, leading to a better representa-

tion of the problem but at a higher computational cost. The experiment evaluates various
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factors such as modeling architecture, delity, input-output set, validation data availability,
development and run-time, license restrictions, and uncertainty distribution.

It is often infeasible to setup several models in order to estimate the physical outputs for
a problem as developing models for complex systems require signi cant time and effort.
As part of this research question, enablers such as metrics and model properties will be
discussed at length, so that an intelligent assessment can be made as to which candidate
modeling and simulation environment will be the best for the job at hand.

Different candidate models will lead to different sets of modeling assumptions. This
means that, the impact of model-form uncertainty on the modeling predictions need to be

investigated as well, which brings us to the nal part of the rst research question.

Research Question 1.3

Research Question 1.3

Does a change in model-form uncertainty impact the model selection process|by

signi cantly changing output statistics, even in the presence of input uncertainty?

Hypothesis 1.3:Results obtained from running simulations with same set of parameter

uncertainties but with different levels of delity corresponding to different sets of modeling
assumptions, will enable making a comparison between different modeling candidates.
Experiment 1.3 compares the tightly-coupled and loosely-coupled MDA work ows by
analyzing the de ection of the wing box under different aerodynamic loading conditions.
The results demonstrate the in uence of modeling assumptions, model-related uncertain-
ties, and tool capabilities on the outcomes. Plotting the impact of uncertainties on geome-
tries provides valuable insights into the local impacts of uncertainty and modeling choices.
For uncertainty quanti cation, general statistics such as mean and standard deviation
are examined, but the change in posterior distributions with respect to the input parameters
will also be analyzed. A prediction pro ler is used to assess the relative importance of

the uncertain input variables on wing-level outputs. The purpose is to investigate whether
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the same parameter uncertainties impact the results signi cantly, when run on models of
different delities.

As part of Research Question 1, how the candidate modeling environment enables un-
certainty characterization will be demonstrated. Furthermore, how uncertain input and
model parameters result in the predictions becoming uncertain are going to be discussed.
Because uncertainties will always be present in the analysis of multi-disciplinary, complex
systems; their impact on the model selection process need to be investigated. Combining
all three research questions for this area will enable us to provide a complete answer to the

Research Question 1.

3.3 Step 3: Identi cation of Critical Uncertainties

In Step 2 of the methodology and corresponding research questions, the ways to develop
or select a modeling and simulation environment that would re ect the reality of interest
according to delity requirements were addressed. Now that the modeling environment is
ready for use, the next step is running it and collecting data. If the computational cost is a
limiting factor and not all points of interest can be run, design of experiments (DoE) is one
of the most mainstream methods to sample a set of points that populates a high-dimensional
design space. If sampling many points is prohibitively expensive for an accurate assessment
of sensitivitiessurrogate modelsan be constructed with the data obtained from these runs
so that sensitivity analysis can be performed in order to identify which parameters have the
most impact on the desired metrics as mentioned in the previous chapter. The type of the
surrogate model selected may help with this process.

A commonly used technique used in probabilistic analyses is Monte Carlo (MC) sim-
ulation. In MC analysis, the analyst assigns a probability density function on uncertain
parameters, and then gets samples from these distributions to create input vectors. These

vectors are then ran through the surrogate nfostetistribution form of the output can be

2|t can be the actual simulation (high- delity model) as well. Some advantages of the MC methods is that
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obtained.

3.3.1 ResearclArea?2: SensitivityAnalysis

As mentioned in Chapter 2, performing a sensitivity analysis is a common way to identify
and rank the variation caused by input parameters. When conducting an exploratory study,
a typical way of collecting the data is assigning probability density functions to the input
parameters and coef cients, and then using Monte Carlo sampling to obtain the response
PDF. If the variances on the input parameters are small and the response is linear, this
approach should suf ce. However, for many applications, this is not the case. There is still
a need to follow a systematic way to carry out sensitivity analysis, that is appropriate for

the problem at hand.

Research Question 2

Given a modeling and simulation environment, how can the critical uncertainties be

identi ed so that they can be addressed further?

Research Question 2.1: Sensitivity Analysis Characterization

Research Question 2.1

How can a sensitivity analysis problem be characterized so that the most

appropriate SA method be implemented?

The complexity and diverse nature of engineering models necessitate a comprehensive
understanding of both the models themselves and the inherent sources of uncertainty within
them. Sensitivity analysis methods play a pivotal role in understanding and quantifying
these uncertainties, yet their effectiveness can be limited if not appropriately chosen for the
problem at hand. As a way to address this, a methodological framework that incorporates

a systematic evaluation of model attributes, problem constraints, and uncertainty sources

they are parallelizable and the convergence independent of the uncertain input variables [107]. However, the
number of runs may be severely limited in that case.
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is employed. Following this investigation, the methodology leverages the rich body of
literature to guide the selection of the most appropriate sensitivity analysis techniques.
This leads us to the hypothesis:

Hypothesis 2.1:The characterization and selection of appropriate sensitivity analysis

methods can be effectively guided by a structured methodology that rst evaluates model
attributes and problem constraints, subsequently assesses sources and categories of uncer-
tainty, and nally selects a suitable sensitivity analysis technique based on these evalua-
tions and literature review.

The step-by-step methodology developed hypothesis will be substantiated throughout
the following research questions pertaining to this research area.

The output of a sensitivity analysis is the ranking of a metric that generates the highest
amount of change in the response of a model. However, there might be cases where these
metrics are too close the each other, in fact within the error margin of the model itself. If
one needs to make a selection among these variables for further scrutiny, then which one
to select becomes an important discussion point. If there are enough resources or some a
priori information exist about the variables, then this step can be skipped. In the case that

it cannot be, the question is how to make a selection?

Research Question 2.2: Impact of Surrogate Models on Sensitivity Analyses

The use of surrogate modeling techniques has been popular in various elds as an ef -
cient approach for dealing with computationally expensive models. However, the impact
of surrogate modeling on the sensitivity analysis results and the propagation of uncertainty
remains to be a concern. To address this gap, it is crucial to investigate how the introduction

of surrogate models affects the accuracy and reliability of sensitivity analysis outcomes.
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Research Question 2.2

How does uncertainty introduced by surrogate modeling impact the sensitivit

analysis results?

Surrogate modeling serves as a powerful tool in engineering analysis and design by
reducing the computational cost of running high delity models. However, the simpli ca-
tion and approximations inherent to these surrogate models also introduce a new source of
uncertainty. These uncertainties might distort the model response, potentially leading to er-
roneous conclusions or decisions. Therefore, a key question arises: “How does uncertainty
introduced by surrogate modeling impact the sensitivity analysis results?” This inquiry is
paramount in understanding the reliability of sensitivity analyses conducted on surrogate
models and warrants further investigation.

Sensitivity analysis methods can be leveraged to investigate the in uence of surrogate
modeling of the function, in order to answer Research Question 2.2. Accordingly, a hy-
pothesis can be formulated as:

Hypothesis 2.2:A sensitivity analysis carried out on a surrogate model should yield

a similar results to the Sobol analysis carried out on original data, provided that the t
is adequate. However, if the sensitivity indices of the factors are close to each other, the
ranking will differ due to introduced surrogate error.

To test Hypothesis 2.2, a simple experiment is designed using NASAs Flight Opti-
mization System (FLOPS) to calculate sensitivities of function outputs to various factors.
FLOPS, which estimates aircraft mission performance and weight breakdown using simpli-
ed equations and historical data, allows for computationally ef cient calculations. In the
experiment, 31 FLOPS input parameters are selected, including scaling factors and design-
related parameters. The scaling factors are assigned a range between 0.95 and 1.05, while
the design-related parameters are swept within reasonable ranges. Then, the sensitivities

will be compared, in order to assess the impact of surrogate modeling.
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Research Question 2.3: Impact of Subjective PDFs on Sensitivity Analyses

Subjectivity in the prescription of input parameter values is a common practice when con-
ducting sensitivity analysis. However, the extent to which subjectivity in uences the sen-
sitivity analysis results and the reliability of the conclusions drawn from them needs to be
investigated. Therefore, it is essential to explore the impact of subjectivity in parameter
prescription on the outcomes of sensitivity analysis to better understand the robustness and
validity of the obtained results.

The subjectivity associated with prescribing probability densities for input parameters
in sensitivity analysis introduces an additional layer of uncertainty and potential bias into
the analysis. Probability density functions (PDFs) represent our assumptions and beliefs
about the uncertainties in the input parameters, and different individuals or experts may
have different assessments on these PDFs. This subjectivity can stem from factors such
as personal judgment, available data, or previous experience. It is important to recognize
that the choice of PDFs can signi cantly in uence the outcomes of sensitivity analysis, in-
cluding the identi cation of in uential parameters and the quanti cation of their effects on
the model outputs. By addressing this issue, insights pertaining to the sensitivity analysis
process can be gained and, while also enhancing the understanding of uncertainty propaga-
tion, and informing decision-making by evaluating the robustness of the conclusions drawn
from sensitivity analyses in the presence of subjective choices in PDFs.

Consider the PDFs used to pick inputs through a deterministic process for MC sam-
pling; i.e., left-hand side of Figure 2.15. Given examples are for illustrative purposes only
but they highlight the importance of the issue. These distributions can be classi ed as uni-
form, triangular and skewed-normal. An uncertainty distribution in the form of a PDF can
be mathematically represented as a function of different parameters. For example, a normal

distribution can be represented as:

X1 N (; 2 (3.1)
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where is the mean and? is the variance of the normal distribution. Similarly, a
uniform distribution in an interval whose lower and upper bounds respectively, aed

P2, can be represented as:

X2 U (P p2) (3.2)

As mentioned before, these parameters that de ne the probability distributions are often
picked by the analyst [60] based on previously encountered values such as a nominal value,
or a percentage of change from the nominal. The subjectivity in selecting these values
might have a signi cant impact on the response. The critical uncertainties that already
cause a high variance in the response may mislead the analysts if they are wrongly de ned

in the rst place. This leads us the the rst part of Research Question 2.

Research Question 2.3

What is the impact of subjectivity prescribed on the input parameters on sensitiyity

analysis results?

Hypothesis 2.3:When performing tasks as design space exploration or uncertainty

guanti cation, the uncertainty on the inputs are assigned according to estimates of the an-
alyst. Changing the type of the probability distribution, as well as distribution parameters
will have signi cant impact on the sensitivity indices and rankings.

Experiment 2.3 aims to validate Hypothesis 2.3 by modifying the modeling approach
for a variable in the sensitivity analysis using FLOPS. Instead of using a uniform distribu-
tion, a normal distribution is assigned to variables of interest. Subsequently, the sensitivity
indices will be recomputed to assess the impact of the type of probability density functions
on the predictions. The hypothesis will be accepted if there is a signi cant difference in the

sensitivity analysis results.
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Research Question 2.4: The Inverse Problem

When there is a model at hand, be it a high- delity computational tool or a regressed
response surface, the traditional method is to create a design of experiments, and use Monte
Carlo sampling to obtain the probability distribution of the outputs. Then, one would check
the constraints and/or requirements to identify, which point solutions are feasible and which
are not. In multi-disciplinary and complex system design, there will always be some kind
of uncertainty involved in the process at various levels. Then, one might wandemuch
uncertainty is allowed at a certain process so that it does not impact the higher level metric

in a signi cant fashion This question inverts the the problem of sensitivity analysis, and
basically is aruncertainty allocatiorproblem. The answer should help in decision making

in whether to perform experiments to pursue uncertainty reduction in these parameters.

Research Question 2.4

Given an uncertainty bound (pre-de ned PDF) on the requirements-level

(response), how can the “allowed-for” uncertainty for a parameter be found?

Hypothesis 2.4:Given a multivariate surrogate model, inverse sampling techniques can

be employed to generate probability distribution of input parameters with “ xed” combi-
nations of remaining parameters. When the input variables are known, probability distri-
butions will converge to the true values. If they are not fully known, then they can be used
to generate close starting points.

Hypothesis 2.4 will be tested by designing a canonical example, that utilizes a response
surface equation generated from the same set of FLOPS results used in Research Questions
2.2 and 2.3. A Markov Chain Monte Carlo (MCMC) algorithm will be used to estimate the
regression parameters, and known and unknown input vector under three different scenar-
ios. Good convergence is expected for the simpler cases, while more complicated cases are
expected to give onlyeasonablestarting points for uncertainty allocation on problems.

All hypotheses that are formulated to address parts of Research Question 2 will be dis-
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cussed and developed according to Hypothesis 2.1, which will in turn allow us to substanti-
ate it. Furthermore, Research Questions 2.1-4 will be pillars of a comprehensive sensitivity

analysis methodology that would answer the overall Research Question 2.

3.4 Step 4: Designing a Lower-Level Experiment

In the fourth step of the methodology, the best experiment to reduce the critical uncertain-
ties identi ed in the process will be investigated. Recall the taxonomy given in Figure 2.10.
Each uncertainty listed here has their inherent characteristics and can be tackled in a unique
way.

Focus on the bottom part of Figure 1.5 involving a tollgate whether the overall uncer-
tainty in the computational tool is satisfactory for the intended use. Obviously, if it is so,
one can proceed the use the computational model to generate results. In the case that it is
not, additional steps will be necessary to mitigate the sources of uncertainty which were
identi ed in the previous step. The premise here is that, this uncertainty must be analyzed
and categorized carefully. Then, a targeted experiment can be designed to address a spe-
ci ¢ uncertainty. Some types of tests typically used to generate knowledge, and to reduce
epistemic uncertainty are given in Figure 3.1. As discussed in Chapter 2, conducting these
tests on a computer is often the cheapest option with a quick turnaround time. Even in the
case that a computational experiment (CX) do not yield an ultimate solution, they are still
useful to tailor physical experiments (PX) such that they have a likelihood of producing a

more informative set of results at an earlier iteration. This leads us to nal research area:

3.4.1 Researclrea3: Improvement®n PhysicalExperimentDesign

The nal research area is on leveraging computational tools in the support of designing
targeted physical experiments so that the overall uncertainty in the design, whether it be
from the tool shortcomings or phenomenological uncertainty, can be minimized. Recall

the third research question:
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Research Question 3

How can computer experiments be best leveraged to design effective physical

experiment setups?

After the critical uncertainties are identi ed, further action can be taken to reduce epis-
temic uncertainty involved in the simulations. Whether they are phenomenological, input,
or model-form uncertainty; a targeted experiment can be utilized to generate new knowl-
edge regarding that speci c uncertainty. The proposed steps to be followed for designing
lower-level experiments are illustrated in Figure 3.2. This framework starts with classify-
ing the attributes of the uncertainty, and asking the correct research question. Depending
on these, the purpose of the experiment needs to be nalized. For this goal, there will be a
set of experiments that aim to nd a speci ¢ (computational or physical) experiment. The

main purpose of RQ3 is to help guide experimentation in this aspect.

Research Question 3.1

Model delity refers to the level of detail and realism with which a system is simulated
in a computational model. Higher delity models often provide more reliable results, but
they come with increased computational cost, which can be a limiting factor in practical
scenarios. The question then arises: at what point does the improved accuracy of a higher
delity model outweigh the additional computational burden, and justify transitioning from
a lower delity model? This question becomes especially signi cant in the context of
sensitivity analysis where the reliability of the results is paramount. Therefore, one needs
to explore, how an increase in model delity in uences the balance between computational
cost and predictive uncertainty, and when is the transition from a lower- delity to a higher-
delity model justi ed?

In some cases, it can be mitigated only by running more cases in certain regions of the

input space where the uncertainty is prominent. Perhaps, this is the easiest case and is not
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Figure 3.1: Types of sub-scale tests used in design of an aircraft. a. Computational test b.
Ground test (wind tunnel) c. Flight test

often encountered in practice. If the analyst nds that a certain parameter causes too much
variance in the response and it cannot be mitigated by more runs of the same tool, then the
next step is to search for other (possibly higher- delity) tools that can generate results about

that parameter more accurately. Having developed a comprehensive modeling architecture
while formulating theproblem ontologyshould immensely help in picking or creating a

t-for-purpose tool to generate new knowledge that can reduce the desired uncertainty.

Research Question 3.1

How does an increase in model delity in uence the balance between

computational cost and predictive uncertainty, and when is the transition from|a

lower- delity to a higher- delity model justi ed?

Hypothesis 3.1:Increasing model delity does not necessarily lead to a decrease in

predictive uncertainty, in the presence of input uncertainty, but an increase in computa-
tional cost. There exists a point beyond which the additional delity does not lead to a sub-
stantial reduction in predictive uncertainty compared to the additional computational cost
incurred. This threshold can be identi ed by a comparative analysis of lower- and higher-
delity models, accounting for their predictive uncertainties and computational costs.

Experiment 3.1.:

This experiment aims to investigate the impact of model delity on the trade-off be-
tween computational cost and predictive uncertainty. The plan involves formulating aero-

structures models with two different delity levels and altering various parameters. Mul-

70



tiple simulations will be run for each model to generate outcome distributions. Mean and
variance of lift-to-drag ratios will be calculated as measures of predictive uncertainty, and
Sobol indices will be computed to determine the in uence of input parameters on uncer-
tainty. Computational costs will be recorded, and a delity-cost-uncertainty metric will

be de ned to compare the models. The experiment seeks to identify a threshold in model
delity where additional increases do not signi cantly reduce the delity-cost-uncertainty

metric, providing insights into the optimal model selection given resource constraints and

acceptable uncertainty levels.

Research Question 3.2

As described in the literature review, reduced-scale experiments are a common practice in
the aerospace industry because manufacturing full-scale prototypes is too hard, expensive,
or even infeasible due to external constraints on testing environments. For various reasons
mentioned in the previous chapter, reduced-scale models rarely replicate the full-scale be-
havior of the problem. The scale of the test model is usually selected based on subject
matter expertise or dimensionless similarity parameters. In the second part of RQ3, an
answer to the question of scale, while accounting for physical test constraints is sought.

Although it is known for a fact that dimensionless similarity parameters will not be
matched for most cases in MDA settings, they can still act as reasonable starting points
in picking an appropriate scale and testing conditions for the reduced-scale physical ex-
periments. Because the physical constraints exist in real-world settings and not in com-
putational tools, they can be arti cially modeled in order create digital counterparts of the
physical experiments.

If there is no other tool available for this purpose, or if the capability to accurately
capture the physics phenomena is in question, then a physical experiment is necessary. As
illustrated in Figure 3.1, traditionally these experiments can be a ground test such as a wind

tunnel experiment or a ight test, where an actual prototype or a sub-scale model of it is
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own to collect data. Anything but the actual prototype of the aircraft, whether be it a
full-scale or a sub-scale model, will have some differences from the nal product. These
can be small physical differences or some kind of abstraction in order to enable testing. For
example, under the non-complex conditions that similitudes can be met, wind tunnel tests
are able to replicate ow features of a full-scale prototype. However, as mentioned Chapter
2, matching the similitudes exactly is not often possible as they are de ned on simple,
isolated cases. Some important examples were the facility constraints (e.g., wind tunnel
tests section size, restrictions on ow characteristics) and simpli cations made in order to
create a test artifact. More importantly, geometric similitude will not be matched perfectly
either. These constraints need to be inspected and handled carefully if one desires to create
an experimental setup that matches the reality of interest as well as possible. Therefore, the

second sub-question that is required to answer Research Question 3 is as follows:

Research Question 3.2

How can a robust physical experimentation methodology be constructed,
considering both scale and physical constraints, to accurately represent and predict

the physical phenomena observed in full-scale complete aircraft models?

Developing a robust physical experimentation methodology that accurately represents
and predicts the physical phenomena observed in full-scale complete aircraft models re-
quires careful consideration of both scale and physical constraints. The challenge lies
in striking a balance between maintaining the essential characteristics of the phenomena
while operating within practical limitations. Therefore, exploring strategies and techniques
to construct such a methodology is crucial to ensure reliable and accurate predictions in
aerospace engineering.

For research purposes, it is also desirable to develop technologies to meet certain re-
guirements. For most of these endeavors, creating an entire aircraft just to mount the new

technology on is not viable. Therefore, entities involved in such projects often try to make

72



use of already existing systems. For example, NASAs X-53 Active Aeroelastic Wing
(AAW) project used the fuselage of an F/A-18 with the newly developed wing sections
in order to cut the costs and save time [108]. Provided that an inventory of useful artifacts
exists, the same philosophy would apply when one needs to create a physical experiment
to replicate a ight condition with a different physical architecture. In such a case, the
nal research question is about the best way to leverage these existing systems in order to
replicate the original ight conditions as closely as possible.

Hypothesis 3.2:Implementing an adequately designed, scaled physical experimenta-

tion methodology, incorporating relevant scaling laws and physical constraints, and solv-
ing it as a constrained optimization problem can provide accurate prediction of full-scale
aeroelastic behaviors.

The process for designing an experiment, while accounting for scale and constraints is
illustrated in Figure 3.2.

Experiment 3.2:

In order to test this hypothesis, the same software used for Research Question 3.1 can
be used. However, the similarity parameters need to be optimized in this context. The goal
is to construct a sub-scale model of a Blended Wing Body (BWB) aircraft for early design
stages. OpenAeroStruct is utilized for modeling aerodynamic forces and elastic deforma-
tions. Feasibility of the full-scale model is considered, and constraints are de ned for the
sub-scale model, including scale, Mach number, angle of attack, and Young's modulus.
A Sequential Least Squares Programming (SLSQP) method will be employed for opti-
mization, which is an iterative approach suited for nonlinear optimization problems with
constraints. The algorithm proceeds through quadratic approximations and line searches
until convergence. The algorithm iteratively evaluates a cost function, which penalizes de-
viations in lift-to-drag ratio, Reynolds number, and Mach number between the sub-scale
and full-scale models. The optimization aims to minimize the cost function by adjusting

scaling parameters, including scale, angle of attack, Mach number, altitude, and Young's

73



modulus. The algorithm will be run until convergence is achieved or a feasible solution
cannot be found. The optimized experiment conditions will be then interpreted and veri-

ed for feasibility.

3.5 Methodology Summary and Research Plan

As discussed in Chapters 1 and 2, the overall goal includes a four-step methodology, as il-
lustrated in Figure 1.6. Three research areas have been identi ed in this chapter, according
to the gaps and potential improvements pertaining to the last three steps. The rst one is
to develop a systematic, systems-engineering based approach to model creation. In doing
so, the impact of candidate models on the decision making process, and the results will
be investigated. The second area of interest is the sensitivity analysis step. In this step,
how to perform an appropriate sensitivity analysis for the problem at hand is investigated.
The nal research area pertains to the use of computational models to guide physical ex-
perimentation. While developing this methodology, the existence of a threshold between
computational cost and predictive uncertainty, and the selection of experimentation param-
eters for a sub-scale model to be used in physical experimentation will be investigated. A
chart illustrating the research plan in this thesis is provided in Figure 7.1.

All experiments that are designed to substantiate the research questions will be demon-
strated in two use cases: a traditional, tube-and-wing Lockheed C-5M Super Galaxy, and
a novel Blended Wing Body (BWB) aircraft. While the motivation of this work is to sup-
port the design of a novel concept such as a BWB, the rst research question will be better
substantiated by an already existing aircraft with publicly available data. This enables an-
swering the research questions by relying on more reliable computational models. The
second and third research questions are going to be demonstrated on the more hypothet-
ical BWB model. Because this aircraft does not exist, there is no data. Therefore, the
corresponding experiments are limited by low-to-medium delity computational tools.

The proposed methodology is developed by steps discussed in this chapter, that are
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required to identify and reduce the sources of uncertainty in aircraft design. First, the
problem is de ned, and corresponding high-level requirements are identi ed. In this step,
the disciplines that are involved in the problem at hand and how requirements ow down to
analyses are noted. Then, the problem ontology is formulated by using functional, physical
and modeling decompositions. A top-down decision making framework is followed to
create candidate, t-for-purpose modeling and simulation environments and select the most
appropriate one for the problem at hand. Upon completion of this step, a modeling and
simulation environment that covers evemyportantaspect of the problem and satis es the
set of modeling requirements will be obtained, while acknowledging the abstractions of
the environment. The third step is to run the model to collect data. Due to aforementioned
reasons, there will be many uncertainties in the model. Therefore the focus of the research
on this step is to identify critical uncertainties that have a signi cant impact on the model
response. If one deems this uncertainty to be unacceptable, or to have a signi cant impact
on the decision making processes; then a lower-level experiment can be designed in order
to create new knowledge pertaining to that uncertainty. This new knowledge can be carried
over to the modeling and simulation environment so that the impact of new uncertainty
characteristics (i.e., probability distribution) on the model response can be observed. The
main idea of the proposed methodology is to generate new knowledge in a systematic way,
and update appropriate components involved in the modeling and simulation environment
with the newly obtained piece of information. This process is illustrated in a schematic
way in Figure 3.3.

Based on the ndings and objectives of the research, the overarching hypothesis can be
formulated as follows and will be demonstrated on a use case example.

Overarching Hypothesis: If a methodology is constructed that (1) utilizes a systems-

engineering based formulation of the problem ontology which enables uncertainty char-
acterization, (2) uses appropriate techniques of sensitivity analysis and uncertainty quan-

ti cation to identify critical uncertainties and (3) leverages the simulation environment to
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guide sub-scale experimentation setups, overall epistemic uncertainties can be identi ed

and mitigated.

Figure 3.3: Schematic illustration of the reduction of epistemic uncertainty via following
the proposed framework.

77



‘ue|d yoseasal pasodoid ayl Jo MaIAIBAQ '€ 2inbiH

78



CHAPTER 4
A SYSTEMS ENGINEERING BASED MODEL SELECTION APPROACH FOR
COMPLEX, MULTI-DISCIPLINARY PHYSICS PROBLEMS

In light of the discussions up to this point, it is clear that there is a need for a process, that
ensures that the analysts are using the correct modeling and simulation environment for
their problem, fully aware of their set of assumptions, abstractions and the uncertainties

involved in the analyses.

Research Question 1

What constitutes a “ t-for-purpose” M&S environment that enables uncertaint

characterization?

4.1 Computational Tools and Their Role in Engineering Analyses

Computational tools are almost exclusively used to make predictions about the response
of a system under a set of inputs and boundary conditions. At the core of these tools lies
a model, which represents the reality of interest, commonly in the form of mathematical
equations (e.g., a set of non-linear differential equations) derived from previously measured
experimental data. How a computer simulation works is demonstrated in Figure 1.4. When
a physics phenomenon is understood well enough, but the mathematical coef cients need
to be tailored to accurately represent the case at hand, experimental measurements can be
used as calibration factors. The inputs to a computational model and the details about
the modeled physical artifact are obtained from the decisions made on and requirements
obtained from the functional architecture and physical architecture.

Most models are abstractions of the reality of interest as they do not consider the prob-

lem at hand in its entirety; but only in general aspects that yield useful conclusions without
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spending time on details that do not signi cantly impact the information gain. Generally,
models that abstract fewer details of the problem are able to provide more detailed infor-
mation with a better accuracy, but they require detailed information about the system of
interest and external conditions to work with. Such models are called high- delity models.
Conversely, low- delity models abstract larger chunks of the problem and have a quick
turnaround time. They may be able to provide valuable information without so much effort
going into setting up the model; unlike high- delity models, they can do it with very low

computational cost.

4.1.1 Multi-Fidelity Analyses

As discussed before, the advancements in computation enabled the analysts to practically
use high- delity codes that are capable of making accurate and detailed predictions regard-
ing a complicated physics phenomenon. However, this is a blessing and a curse. Tools
such as CFD require very detailed information regarding the artifact to be modeled, and
even then, they are prone to convergence issues [109]. The latter can be addressed as soon
as the model is developed and the results are observed to be inconsistent, but the former
must be questioned even before the modeling exercise is initiated. Especially in the design
of a product such as an aircraft, nal details are not exact. Therefore, attempting to develop
a generalized high- delity model without the required information is not possible. Even if
it was, it would still be subject to convergence issues and prohibitively expensive compu-
tational burden for exploratory, parametric analyses required for evaluation of alternatives.
Multi- delity analyses aim to leverage the low cost computation of low- delity tools
and detailed predictions of higher- delity tools. Although the use of multi- delity models
is a broad area where the execution philosophy, number of tools in an ensemble, sam-
pling methods, the set of assumptions and the computation methodology can vary greatly
between different problems, depending on the speci ¢ constraints of the problem and the

preferences of the analysts, they constitute the perfect test bed in order to demonstrate the
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proposed framework in this paper. While this means the comparison of such tools will en-
able selection of a tool that isfor-purpose, it also means the best tool for the job may be
some kind of a coupling of different analyses.

One of the most important questions in multi- delity methods is how high- delity re-
sults and run time can be balanced with the practicality of the low- delity analyses. One
such example is Xie et al. [110] using a multi- delity framework to estimate the aerody-
namic characteristics of a Hybrid-Wing-Body (HWB) aircraft and compare the obtained
results with the available data for the ONERA M6 transonic wing. Their analysis incor-
porates a 3-D Vortex Lattice Method (VLM) as the core tool for drag calculation, but it is
calibrated with drag coef cients obtained from a surrogate model created from 2-D CFD
airfoil results. In this work, the higher- delity tool is seen as a one-time investment and
need not be excluided in calculation. If they can be trusted and certain validation data ex-
ists, they can be used to calibrate the results obtained from lower- delity tools. However,
it can also be an online calculation where the high- delity tool is queried whenever nec-
essary. A prominent example is Reference [111], where three different levels of delity
(ASTROS, ZEUS, and inviscid FUN3D) are used for aerodynamic calculations, whereas
structural calculations are handled by a single solver. They calculate the critical utter
dynamic pressures for the AGARD 445.6 aeroelastic test case as a function of angle of
attack, Mach number and thickness-to-chord ratio, as some validation data obtained from
physical measurements exist for this wing. They note, using three different delity models
create more accurate results compared to the high- delity model alone, as well as savings
in computational time. Obviously, creating multiple models and ensuring that the results
are transferable and the framework works as intended will take more time and effort than
using any one model, but the convergence, uncertainty and code-to-code validation bene ts
may worth the effort; especially for complex simulations that take a long time to run.

Although the use of multi- delity analyses are more common for the calculation of

aerodynamic properties, structural calculations can be carried out with with the same mind-
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set. Solution methodologies, as well as geometric abstractions can be treated as different
delity levels. Yong et al. [112] present the comparisons of solid mesh studies versus me-
dial mesh studies in the context of structural optimization of an engine. They also note
the effectiveness of using multi- delity simulations in terms of accuracy at a relatively low
additional effort. Diazdelao [113] shows that multi- delity methods (a Bayesian method
based on Gaussian Process emulators in this case) work on non-convex geometries to ap-
proximate Finite-Element methods at a lower computational cost.

Whether the selected tool isfor-purpose can be checked in a systematic fashion.
Remember the discussions in Section 2.4, Systems Engineering practices are precisely used
for purpose for product design. In order to address Research Question 1, these principles
can be employed on model development and selection processes. This brings us to the rst,

and arguably the most important question under Research Question 1.

Research Question 1.1

How can a complex modeling problem be decomposed?

Hypothesis 1.1:By systematically decomposing the physics involved and modeling ap-

proaches, a modeling architecture that enables the effective mapping of system-level re-
guirements can be formulated. This will ensure that the relevant physics is more accurately
represented, by incorporating additional requirements on the modeling and simulation en-
vironment.

In this section, we will rst go over the proposed methodology, required components
in a systems engineering-based approach of a complex modeling problem, how a model-
ing architecture can be created and its role in the methodology. In order to substantiate
Hypothesis 1.1, an experiment will be designed and performed. Before substantiating this
hypothesis with the corresponding experiment, let's de ne the model development process
and its components. Outlining the whole process is crucial in how different parts of the

model development are related and how requirements ow down on to the modeling and
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simulation environment.

4.2 Formulating the Problem Ontology

A modeling and simulation environment can be thought of as a product, as it is developed,
checked for requirement compliance, and used for a desired purpose. It can be an overall
M&S application or a work product during its development [29]. Similar to a product,
the interdependencies between its components, the integration scheme should be clearly
expressed. In multi-disciplinary analysis and optimization (MDAQO) applications, a Design
Structure Matrix (DSM) is traditionally used to convey the information regarding how the
work ow is set up. However, they typically do not depict crucial information, such as what
variables are passed between analyses, whether there is a loop or not, and the details of
coupling between analyses. These issues have been addressed by devel&pitendad
Design Structure Matrix (xDSM). xDSM visualizations are designed to make the inter-
faces clear between the MDA components and specify the algorithm by which the MDA
problems are solved [30].

The proposed approach requires carefully describing the problem ontaogghat
a modeling and simulation environment (MSE) that best represents the problem at hand
can be created. The premise here is that a modeling and simulation environment built
by following requirements, functional, physical decompositions and their mapping onto a
modeling architecturavill enable tracking of model borne uncertainties. An overview of
the proposed solution is given in Figure 4.1. Each decomposition should enable keeping a
list of various types of abstractions and sets of assumptions in their own respective domains.
The union of processes within the a dashed line is callegrbieiem ontology

A modeling architecture can be de ned for a given project goal. It will include an

array of candidate computational tools whose underlying mathematical principles, as well

1The de nition used in this context is closer to what has been de ned asnaputational ontology:
“Computational ontologies are a means to formally model the structure of a system, i.e., the relevant entities
and relations that emerge from its observation, and which are useful to our purposes. An example of such a
system can be a company with all its employees and their interrelationships.” [105]
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Figure 4.1: Proposed method for system decomposition in this work. The construct de ned
as theproblem ontologys depicted by the dashed rectangle.

as the required set of assumptions and input parameters. In some applications, it might
be possible to capture some of the desired behavior by integrating an add-on module to
a lower- delity-than-necessary model. This will enable the practitioner to see the desired
response while keeping the computational cost and level of detail to a minimum.

When candidate tools are sorted by delity, there will be an emergent phenomenon to
be captured going from one tool to another. The impact of these phenomena on desired
response as well as the required level of abstraction will determine if the model is adequate
for the intended use. In two different levels of delity that capture the same problem, the
analysis capability can mask the real behavior [4]. There might be differences in how the
problem is represented, especially how the media of interest and boundary conditions are
modeled. How the properties of a medium are modeled can vary greatly depending on the

modeling delity. For example, the medium can be modeled as a bulk (continuum) or at
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a molecular level in the context of computational uid dynamics (CFD). Corresponding
assumptions regarding the medium (e.g., ideal gas, real gas effects for air; material ho-
mogeneity for materials modeling) play an important role in deciding how much detail is
required to be captured for an intended purpose. Furthermore, the behavior of the medium
(e.g., elasticity, compressibility) may have a great impact on the outputs of a computational
tool. This is predominantly governed by how the governing equations (laws of physics)
are captured in the models. There are many options that might be present depending on
the problem and the intended use. Another important aspect of physics-based models is
the boundary conditions. This de nes the “external' boundaries of the problem and how
the modeled artifact interacts with its surroundings. This can typically be an outer mold
line (OML) for CFD or surfaces/points of contact for computational structures modeling
(CSM). Similar to the medium, the level of detail in modeling the boundary conditions is
also crucial. For example, there might be more sophisticated internal modeling necessary
for modeling of composites, additive manufacturing, whereas simpler 1-D, steady bound-
ary conditions might suf ce for more trivial beam models. Some boundary conditions are
dictated by functional or performance requirements (or requirements derived from these),
such as altitude (density) or Mach number (compressibility, governs shocks), or they may
directly depend on external models or industry standards, such as standard atmosphere or
material properties. When the models are sorted by delity (in terms of the set of modeling
assumptions, level of abstraction, grid size etc.), a modeling hierarchy will be obtained, in
which new details and information emerge one moves in a higher delity direction, albeit at
the cost of computational time. Because of the importance of emergence, modeling options
and alternatives should be judged by all parties involved in the modeling process. One of
the main goals of this chapter is to provide a quantitative framework to aid this decision
making.

While there may be various computational tools available to address a certain problem

at different delities, the entity involved in the product development will not have access
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Figure 4.2: Abstraction examples of forces acting on a beam. a. three-dimensional solid
body representation b. mid-surface representation c. distributed edge load and moment on
1-D center line representation. Taken from [114]

to all of them, or it might not be practical for them to use all of them, due to various issues
such as license agreements, familiarity of employees, or compatibility. If these candidate
tools address the problem correctly, it is still necessary to take these factors into account
when deciding how modeling environments are set up. Nonviable tools, although they
might be a correct approach, are unlikely to trump organizational inertia and be used in the
modeling environment.

Development of an aircraft is a long and meticulous process. As more design deci-
sions are made and the knowledge about the nal product increases, complexity and the
details about the product also increase. Therefore, different delity models may have their
respective uses in different phases of the design/life cycle. Decomposing various aspects
of the problem and making intelligent decisions about what to include in the model devel-
opment/selection process is a key enabler in the creation of new and accurate information
with minimal time and effort. If one desires to validate a higher delity computational tool
in early design when the knowledge about the design is still low, many options will need to
be defaulted, and a benchmark problem will need to be used. Decomposing the critical as-
pects such as constituent physics, physical artifacts, and operational conditions will enable
creation of this benchmark problem on which the validation experiments can be performed.
Speci ¢c examples of such decomposition will be given later in this chapter.

One approach that has been widely adopted by the simulation community is the use of

validation hierarchie§115]. They have been suggested to provide a point of entry for the

86



identi cation of validation experiments required for the validation of computer simulation
that model complex problems. The idea is, in order to validate a complex simulation, it
has to be broken down into simpler problems and validation experiments need to be per-
formed for those cases. Oberkampf breaks the problem into four tiers: system, subsystem,
benchmark and unit problem. An example validation hierarchy for a missile is given in
Figure 4.3. Thisbuilding blockapproach is actually very much in line with the ethos of
systems engineering principles. Although this approach does not provide a rigid framework
for the practitioners follow, there are some issues that come to mind. Firstly, prescribing a
xed number of tiers in a hierarchy/decomposition might be constraining for some applica-
tions. The de nitions of these tiers are ambiguous, the same problem can be decomposed
differently by different individuals [116]. Furthermore, decomposing a complex physics
phenomenon occurring on different parts is a dif cult task. For example, reducing a com-
plex vortex into simpler vortices is not practical and often not accurate [117]. In other
words, not all observed physics phenomena can be reducednsiituent physi¢sand

even done so, they might not for a complementary set. Finally, this approach is predom-
inantly aimed at later design stages, where details about the designed product is known,
high- delity analyses are in use and the desire is to validate them by designing highly-
controlled validation experiments. Although there might be crucial lessons learned as the
output of such activities, they do not contribute model development or product design in

the same project.

4.2.1 Requirement®ecomposition

An examplerequirements decompositiaa shown in Figure 4.4 for a military mobility
mission. For this operation, important capabilities may be listed as speed, range, payload,
access and reliability etc. Metrics, such as the ones given in Figure 4.4 determine the con-
cept that will have to satisfy the requirements. For example, a military transport aircraft

that will have easy access for loading and unloading of large cargo with a 5500 nmi range
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Figure 4.3: An example validation hierarchy for a missile system. Taken from [28]

will have to be a high-wing con guration large aspect ratio wing planform. From a concep-
tual design perspective, there might be multiple concepts that would meet aforementioned
requirements. For the given example, a traditional con guration such as a Lockheed Martin
C-5 Galaxy or novel con gurations such as a Hybrid-Wing-Body (HWB) can be suitable
candidates, because they would satisfy the capability requirements. Preference of a concept
over others can be left to a later stage, if a strong dominance due to an attribute or budget
concerns does not exist at the current stage. An exareglérements decompositios

shown in Figure 4.4 for a military mobility mission. For this operation, important capabil-
ities may be listed as speed, range, payload, access and reliability etc. Metrics, such as the
ones given in Figure 4.4 determine the concept that will have to satisfy the requirements.

For example, a military transport aircraft that will have easy access for loading and unload-
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Figure 4.4: Decomposition of design requirements for a mobility transport - Capability
perspective

ing of large cargo with a 5500 nmi range will have to be a high-wing con guration large
aspect ratio wing planform.

Naturally, there might be multiple concepts that would meet aforementioned require-
ments. For the given example, a traditional con guration such as a Lockheed Martin
C-5 Galaxy or novel con gurations such as a Hybrid-Wing-Body (HWB) (shown in Fig-
ure 1.1d) can be suitable candidates. Preference of a single concept over the others can be
left to a later stage, if a strong dominance due to an attribute or budget concerns does not
exist at the current stage. However, it the selection of a concept will likely impact how the

problem is decomposed, as well as how simulation tools are developed and/or selected.

The Use Case: Military mobility transport

The use case of this chapter is aeroelastic (aero-structures) analysis of an aircraft wing.
For demonstration purposes, a traditional tube and wing concept aircraft will be consid-

ered throughout this chapter. First, the necessary components for the problem ontology,
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Figure 4.5: Decomposition of design requirements for a mobility transport - Operations
perspective

illustrated in Figure 4.1 will be discussed. For the convenience of the reader, all decompo-
sitions de ned in this chapter are consistent with following experiments. A drawing of the

OpenVSP model for the employed Lockheed Super Galaxy C-5M is given in Figure 4.6/

4.2.2 MissionDecomposition

After high-level system requirements are decomposed and corresponding capabilities and
metrics are identi ed, the analysts can scrutinize the design mission. For example, a generic
mission for a military mobility aircraft will include segments such as taxi, take-off, cruise,
landing. At each segment, there will be another set of requirements allocated speci cally
to that segment. These metrics can be further linked to metrics that need to be tested in
a modeling and simulation environment. These decompositions will help in mapping the
analysis scenario the the simulation inputs and parameters. An example mission decom-
position is illustrated in Figure 4.7. The task at hand is the modeling and simulation of
the aircraft wing for the mission, the most relevant metric given in Figure 4.7 will be the

maximum load factor that the structure needs to sustain during a maneuver, which is 2.25g.
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Figure 4.6: OpenVSP model of the Lockheed C-5M

Figure 4.7: Decomposition of design requirements for a mobility transport - Operations
Perspective
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Figure 4.8: Functional decomposition for a mobility transport. Adapted from [119]

4.2.3 FunctionalDecomposition

Functional architecture is de ned as an “arrangement of functions and their subfunctions
and interfaces (internal and external) that de nes the execution sequencing, conditions for
control or data ow, and the performance requirements to satisfy the requirements base-
line” [118]. Included functions can be, for example, performance requirements, physical
requirements, etc. Depending on the modeling task, the functional architecture should fol-
low the life-cycle evolution of the system. For example, early on in the design process,
high-level functions regarding the mission phases are covered, but later, domain-based
functions, detailed interface functions, manufactured interface functions and operational
requirements will come into play. The models used in this evolution will adapt or change
entirely.
Decomposing the functional architecture into smaller functions will help to isolate the

functions that are necessary to be included in the validation exercise and map them to cor-

responding sub-systems in the physical architecture. The main functions are determined by
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the probable concepts (family of architectural choices) obtained from program objectives
requirements decomposition and previously de ned/derived requirements. From physical
testing and modeling standpoints, it is simply infeasible to check all functions and require-
ments; therefore, a subset of the functions will be selected for future steps. Every entity
involved in product development will create these decompositions to t their goals the best.
In other words, there is no one correct way to construct functional and physical architec-
tures. Figure 4.8 shows a possible functional decomposition for a conceptually de ned
military cargo transport. The middle column represents all the various functions that the
aircraft needs to be capable of, and the right column shows main functions decomposed
into disciplines. These disciplinary functions will determine the simulation or experiment
conditions as well as what sub-assembly must be used in such a scenario. Depending on
the application, the number of columns can change and more detailed functions can be

included.

4.2.4 PhysicalDecomposition

Physical architecture, de ned as an arrangement of physical elements (system elements
and physical interfaces) which provides the design solution for a product and is intended
to satisfy logical architecture elements and system requirements [120] will also have a
life-cycle evolution. At the early stages, where the details about the nal product are not
certain, it will only include the anatomy and layout. As time progresses, components in
CAD drawings, bills of materials, parts for assembly, and even the components required for
operational life, such as maintenance, might be included. The detail of physical architecture
and the number of levels and branches of the decomposition will change depending on the
life cycle of the product.

If a concept is roughly de ned, then a physical architecture can be created. This archi-
tecture shows the decomposition of physical systems and their constituent physical parts.

Constructing a physical architecture is crucial because it highlights what sub-assemblies
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Figure 4.9: Physical decomposition for a mobility transport.

need to be included in a virtual or physical environment for the validation exercise. Another
necessity of having a physical architecture is that parts have different critical conditions that
lead to design requirements. An accurate mapping between functions and physical compo-
nents will make the job of engineers easier and more traceable. If there exists more than
one concept that answers the same set of program goals, there might be parallel physical
architectures that correspond to different concepts, such as a blended-wing body (BWB)
or a conventional con guration aircraft. An example architecture is given in Figure 4.9.
Depending on the simulation purpose, modeled sub-system, and delity requirements, a
necessary sub-assembly can be selected from the architecture. Also, the mission require-
ments and the critical cases will drive the creation of the physical architecture. If a move
towards a higher delity is necessary during the process, more detailed components might
have to be included, as high- delity simulations generally require a more detailed geometry
model, as well as a ner mesh. As with the functional architecture, the number of layers
that de ne an architecture is completely arbitrary and depends on the problem. There will
be no one correct way to group interacting physical components. Therefore, a dialogue

between the parties involved in the exercise is strongly encouraged.
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4.2.5 ModelingDecomposition

As soon as the functional and the physical architectures are completed, one can move on to
the modeling infrastructure that will encompass and link these architectures. It is necessary
to state that these architectures will be developed and re ned progressively throughout the
development of the product. This is especially true as more detailed sub-systems come into
play in later stages of the design process, where more decisions will have to be made. In
a long project such as the design of an aircraft, modeling requirements continue to evolve
throughout the design. This leads to the use of intermediate models and the transfer of data
between them.

As was previously shown in Figure 1.4, a computational simulation of a physical prod-
uct has three components. Firstly, there is a physical artifact and its representation in the
digital domain. Secondly, there is the physics phenomenon that is to be modeled and how
it is mathematically represented (i.e. a set of assumptions/abstractions). Finally, there are
the conditions at which this simulation is carried out. In the case of differential equations,
boundary and initial conditions and the external system excitation are typical examples.

Consider the aeroelastic phenomena that occur during ight. The impact of aeroelastic
phenomena on ight vehicles have been investigated since the early days of aircraft design.
After simpli cation, the differential equation that represents the motion of an elastic body

under aerodynamic loads can be written as:

Mx+ Kx = P(x;t) (4.1)

wherex is the positionM is the mass matrixK is the stiffness matrix, ang (x;t)
is the aerodynamic loads as a function of position and time. The rst term in the equation
represents the inertial forces arising due to the acceleration of the mass structure, whereas
the second term represents the elastic forces due to bending and compression of the ma-

terial. Figure 4.10 shows the different classi cations of disciplines as the interaction of
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Figure 4.10: Collar's Triangle showing the forces that make up an aeroelastic phenomenon.
Adapted from [121]

these forces, as identi ed by Collar [121]. A phenomenon that can be classi edlgs a
namic aeroelastioccurs due to a signi cant interaction of all three of these forces. Some
of the most prominent aeroelastic phenomena are listed in Figure 4.11. Depending on the
physical artifact and ight conditions, more phenomena can be listed.

Another aspect that needs to be taken into consideration in the analysis of multi-disciplinary
phenomena is the computational tools that are to be used and their place in the life cycle of
the product. Because the information about the design is simply not there at earlier stages,
using higher delity tools may be a waste of time and effort due to the sheer number of
crude assumptions. These early, inherent abstractions manifest themselves as uncertainties
in the parameters used in the computational model as they are randomly selected by the an-
alyst. Furthermore, a particular system or subsystem needs to be modeled for the conditions
that they will operate under. This necessitates an MSE grbrario-driven|f the system
at hand needs be modeled for a multi-disciplinary operation, a Multi-Disciplinary Analysis
(MDA) environment may need to be created to obtain simulation result. In aerospace indus-
try, this is often the case because most computer tools are in fact, disciplinary. An MDA

environment necessitates the same system needs to be modeled in different disciplinary
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Figure 4.11: Some prominent aeroelastic phenomena observed in aircraft. Adapted
from [122]

tools, according to their own set of modeling assumptions and abstractions, and iterate be-
tween different runs to converge on a stable result. Consider the boxes given in Figure 4.11.
In the case of an aero-structural analysis of an aircraft component, the aerodynamic forces
(loads) are usually calculated by using an aerodynamics tool. This tool would require the
deformed shape of the aerodynamic surface to predict the loads for that con guration. The
deformed shape and the emergent elastic and inertial forces are typically calculated using a
structural analysis tool. This would create a deformed shape under a certain aerodynamic
load distribution. Generally speaking, the iteration between these two tools is what creates
the useful information that the engineers need.

In order to model a single problem, there might be more than one computational tool
available. An example in the form of aerodynamic analysis tools is given in Figure 4.12.
The triangle demonstrates a hierarchy of tools that can be modeled. The levels in this tri-
angle, from the lowest- delity to the highest are: semi-empirical equiations, potential ow,

Euler methods, Reynolds Averaged Navier-Stokes (RANS), Large Eddy Simulation (LES),
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Figure 4.12: Aerodynamic modeling hierarchy. Adapted from [122]

and Direct Numerical Simulation (DNS). In the given order, a modeler has more capability
to represent the problem by abstracting fewer aspects of the system. Although they are
able to reduce the epistemic (model-form) uncertainty, this comes at a higher computa-
tional cost. Each delity level comes with their own set of assumptions and parameters.
Some of the main features are listed in the table given in Figure 4.12. In building such hier-
archies, one needs to be careful as categorization may not be straightforward. One example
to this is add-on modules. In order to make a certain delity level to capture additional fea-
tures, add-on modules can be added. These enable to extend the model capabilities without
drastically changing the model form. Furthermore, empiriéissnoften incorporated at
all levels, but it is more prominent in the lower-levels as these models are generally con-
structed with a more broad set of assumptions and experiences of the analyst and/or the
engineering community. The modeler can tweak certain parameters as they see t, based
on their previous experience with the model or obtained results.

Similar to aerodynamic models, modeling the structures can be performed in many dif-

ferent ways. If the structure can be appropriately represented as a beam, the equations

2the view that all concepts originate in experience, that all concepts are about or applicable to things
that can be experienced, or that all rationally acceptable beliefs or propositions are justi able or knowable
only through experienéd123]
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Table 4.1: Structures modeling hierarchy. Adapted from [124]

of motions obtained from different beam theories (e.g., Euler-Bernoulli, Raleigh, Tim-
oshenko) can be used as a broad abstraction. Such models employ heavily simplifying
assumptions such as slender beam, no rotary inertia, no torsion or no planar warping etc.
These differential equations can be further discretized to algebraic equations using tech-
niques like modal superposition [124]. Such models heavily rely on geometric abstraction,
and possess no way of modeling complex structures such as an aircraft wing-box in detail.
If more geometric detail is available, Finite-Element (FE) models are commonly used. De-
pending on the the availability of details, rigor, and computational power; analysts can opt
to utilize discretized beams, shells (2-D plates), or solid meshes to model a complex struc-
ture. A broad grouping of aforementioned structures modeling methods are illustrated in
Table 4.1. Although this classi cation is not meant to be form an exhaustive list, it provides
an overview on the plethora of available tools.

An example modeling decomposition is given in Figure 4.13. This decomposition is
a result of other decompositions and it has different levels by itself. The top level is the

physical architecture obtained in the previous step of the methodology. This represents the
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system that is to be modeled in these analyses. For every physical part that is to be simu-
lated, another modeling architecture can be created. In order to create the model, rst the
relevant disciplines are identi ed. For the sake of clarity, boxes related to aerodynamics are
colored in red and structural analysis are colored in blue. Multidisciplinary aspects of the
problem (i.e. aero-structres analyses, aeroelasticity) are illustrated with a color gradient.
Depending on the phenomena, the phenomena that are either observed in similar problems
or plausible/expected ones based on the expertise of the engineers are identi ed. Differ-
ent methods can be followed in order to identify these phenomena. One method that is
commonly used in the simulation and nuclear power communities is a phenomena identi -
cation and ranking table (PIRT) [125], [126]. In essence, PIRT has been used for V&V and
UQ purposes for more than two decades. In these activities, PIRT enables the engineers to
prioritize the some of the phenomena for their impact on the overall simulation and V&V
activities are carried on further. After the phenomena to be investigated are identi ed, the
constituent physics that make up these phenomena are listed. It is crucial to be careful of
where these physics phenomena occur and how they are to be modeled by an appropriate
delity computational tool. As a reminder, the tools are given in the bottom row of Fig-

ure 4.13 in the oreder of increasing delity. Depending on the purpose of the modeling
activity, and the current point of the life cycle, the best choice of model may differ. When
the models are selected for each discipline, then coupling options can be explored for these
models such as the ones in given in Figure 2.6.

This process can be quite tedious and maybe even limiting. However, having a de-
tailed and accurate modeling decomposition will allow all parties involved in the process
to be aware of the state and limitations of the modeling environments used. Furthermore,
when the results are collected, they can be scrutinized with the set of assumptions of the

simulation environment so that the engineers can identify what the next steps to take.
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4.3 Ontology Overview

A modeling and simulation environment built by following requirements, functional, phys-
ical decompositions and their mapping onto a modeling architecture will enable tracking
of model borne uncertainties. An overview of this methodology is illustrated in Figure 4.1.
Each decomposition should enable keeping a list of various types of abstractions in their
own respective domains. The union of processes within the a dashed line is called the
problem ontology

This approach will include mapping of requirements of different levels to be mapped
onto different decompositions and also the modeling architecture so that the modeling and
simulation environment can be created or selected according to higher-level requirements.
The model inputs, boundary and external conditions will be provided from functional and
physical decompositions. Depending on simulation artifact, details about the modeled ge-
ometry and related physical abstractions will be listed and kept track of throughout the
process. As discussed before, modeling architecture includes the domain-speci c physical
phenomena, list of modeling assumptions, and also cross-domain properties. If there is a
priori information about a certain type uncertainty which may have a signi cant impact on
the results; if it is possible, engineers can try adding factors to convert that uncertainty into

a manageable design variable.

4.3.1 Experimentl.1l

The purpose of Experiment 1.1 is to substantiate Hypothesis 1.1 by demonstrating the pro-
cess of how system-level requirements and the requirements obtained from other SE-based
decompositions can be mapped on thedeling architectureand how they impact the
decision-making process pertaining to model development. The requirements on how these
pieces of information impact the model related decision making process will be presented

in atable.
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Table 4.2: Lockheed Super Galaxy speci cations[127][128]

Geometry

Weights & Mission

Fuselage length 230ft101in Oper. empty weight | 374 000 Ibf
Wing span 222 ft8in Max. zero-fuel weight 635 000 Ibf
Wing chord root 45ft5in Max. takeoff weight | 837 000 Ibf
Wing chord tip 15ft4in Max. landing weight | 635 850 Ibf
Wing AR 7.75 Max. payload weight| 261 000 Ibf
Wing area 6 200 sqgft Max. wing loading 136 Ibf/sqft
Wing anhedral 5 Thrust-to-weight ratio| 0.244
Wing incidence 3 Max. load factor 2.25
Wing c/4 sweep 25 Takeoff distancé 9 800 ft
Airfoils NACA0011 & 0012 Landing distance 3820 ft
Tail span 68 ft 8 in Max. rate of climB 1725 ft/s
Horz. tail area 965 sqft Service ceiling 35 750 ft
Vert. tail area 961 sqft Cruise speed 490 kn (FL250)
Stall speed 104 kn
Max. payload range | 2 980 NM
Max. fuel range 5620 NM

1 Modi ed from standard NACA airfoils
2 Sea level static conditions
3 Sea level

This experiment is motivated by the development of a next-generation military mobil-

ity transport, and the goal of reducing the uncertainties involved in utilized modeling and

simulation environments. From a con guration standpoint, it was seen that a high-wing

aircraft can be an answer to the imposed requirements. To this end, two con gurations can

be considered: a traditional aircraft such dsoakheed Martin C-5Msuper Galaxy, or a

next-generation aircraft such as a Blended Wing Body aircraft. As more detailed data is

publicly available for an existing aircraft for simulation demonstration purpasekheed

C-5M is selected for the use case in Experiment IThe general speci cations of the air-

craft is given in Table 4.2, and the OpenVSP model that describes the aircraft is given in

Figure 4.6.

The rst stepis to describe the program objective. Let's say a military mobility transport

is needed for a program. For aerostructural analysis purposes, one of the most important

metrics would be the maximum amount of loads that would occur during its design mission.
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In order to validate modeling and simulation tools in question —so that the uncertainty can
be minimized— a tool needs to be selected rst. Then, critical uncertainties can be iden-
ti ed to proceed into design of a validation experiment. In the simulation environments,
probable parameters of interest can be material properties, engine and gross weights and
aerodynamic loads. In order to perform these analyses, a modeling and simulation envi-
ronment needs to be created. The objective of the experiment to see if the modeling and
simulation environment igd-for-purpose. Associated requirements regarding this design
are the capabilities that the aircraft needs to have, and the metrics by which they are mea-
sured. Selected capability requirements are speed, range, payload capacity and access. This
decompositions is illustrated in Figure 4.4. Then, it is possible to move on to the mission
that the said aircraft design needs to perform. As discussed before, all mission segments
will have a different set of requirements, as illustrated in Figure 4.7. At this step, it is seen
that the maximum loads are expected during a maneuver. Therefore, it might be a good
idea to model corresponding conditions in the simulations. Functional decomposition will
yield the functions that the aircraft will perform. Its mapping on the physical decomposi-
tion, given in Figure 4.9, enables the model developers to see what functions are related to
which physical parts, and which can be abstracted. At this step it is crucial to remind the
reader that, the available amount of detail regarding the physical product is strictly bound
by the current design phase. For example, the absence of vortex generators in the analyses
is common before preliminary design. Combining all these knowledge, it is now possible
to map obtained information on available modeling methadsthe design

Consider Figure 4.12 and Table 4.1. They give an overview, capabilities and limita-
tions regarding different methods. Appropriate methods for each discipline need to be
selected according to requirements and considerations derived from the decompositions. A
summary of these considerations are listed in Table 4.3. Depending on the available infor-
mation regarding the physical artifact (e.g., details of the wing geometry, wing box etc.)

and the required metrics to be calculated, an intelligent decision about the delity of the
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Table 4.3: Summary of requirements mapped on modeling architecture.

tools can be made. In this case, very detailed info is not available, which makes the use of
very high- delity tools excessive. Similarly, since it is known that unsteady behaviour in
the air ow will be signi cantly impacted by the details in the geometry, employing models
that will compute unsteady effects might be a waste of resources. Similarly, because the
wing box will be constructed of different layouts along the spanwise direction, using a con-
tinuous structures modeling option is out of the question. Using discrete beam models, on
the other hand, will enable calculation of stresses and deformations while it can be tailored
for the changing wing box geometry.

For this study, an in-house Python based toolkit called Rapid Airframe Design Envi-

ronment (RADE) [129] is used to enable Multidisciplinary Analysis by passing variables
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between analysis tools. RADE enables using different delity tools that capture differ-
ent levels of abstraction for every disciplinary analysis tool. Analyses used in the RADE

toolbox for this work are:

OpenVSP [130] for geometry generation

Athena Vortex Lattice [131] for aerodynamic analyses

NASTRAN [132] for structural analyses

HyperSizer [133] for sizing the internal structure thicknesses

With the selected tools and the requirements listed in Table 4.3, a complete MDA en-
vironment can be developed. However, because the actual internal structure of the C-5M
Super Galaxy is not publicly available, a sizing loop need to be run to size the internal com-
ponents, so that consistent results can be obtained. An example xXDSM of this execution
scheme is illustrated in Figure 4.14. First, the input vectors for the explored parameters
are created in the Design of Experiments (DoE) process. Parameter values unrelated to the
aerodynamics analysis are passed along to the aerodynamics analysis, where aerodynamic
loads are calculated. Then, obtained zero angle-of-attack loads are varied by the uncertainty
factors obtained in the DoE process, and passed to the sizing loop. The sizing loop iterates
until a convergence is reached between the internal loads and component thicknesses. This
execution scheme meets all the criteria obtained in the modeling architecture and propa-
gated requirements. After a careful analysis,it can be said that the modeling and simulation
environment, whose execution scheme is presented in Figure 4.ttfhrigourposefor the
given problem.

Note that in Figure 4.14, the outputs of the structural analysis are not fed back to aerody-
namics analyses, unlike Figure 4.15. Therefore, this analysis framework is lcealtesdy-
coupled Although this xXDSM was constructed following a logical process, guided by

requirements imposed on the analysis alternatives, it posed no constraints on how the two
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disciplinary analyses are connected and utilized. For the given problem, the aero-structures
analysis can also be done itightly-coupledfashion, where the deformed wing shape can

be fed back into the aerodynamic analysis. In order to seek convergence between the two
analysis results, another loop would be necessary, which would increase the computational
burden. Note that Figures 4.15 and 4.14 are just more detailed versions of the xXDSMs pre-
viously illustrated in Figure 2.7, and the differences are highlighted by the bottom xDSM
includes a black arrow that symbolizes the feedback, going from the structures analysis to
the aerodynamic analysis.

Although including the formulation of the modeling architecture in the problem on-
tology, it is evident that there still might be more than one way to utilize the individual
disciplinary tools. Because it is not practical to explore every possible avenue, practition-
ers will be forced to make a decision on how to build the actual modeling and simulation
environment. This brings us to the next research question that will be discussed in this

chapter.

Research Question 1.2

If there is more than one viable candidate for a given modeling problem, how cpn

one make a selection?

4.4 The Decision Making Process

Noting all the discussion above, the selection of the best tool for the job at hand will re-
quire following a systematic procedure that includes establishing the value, de ning the
alternatives in each tool and then, making a selection. This whole process can be treated
as a product design process. In order to address Research Question 1.2, the following
hypothesis is put forward.

Hypothesis 1.2:Following a top-down decision making methodology along with the

construction of the modeling architecture will enable creation of a t-for-purpose MDA
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environment. The evaluation criteria and attributes of the simulation environment, derived
from the steps of the top-down decision making process, will enable making a comparison
between alternative MDA environments.

In order to test this hypothesis, the same problem aero-structures analysis problem as
in Research Question 1.1 will be considered. A top-down decision making framework will
be followed to generate steps and answer questions that will create the evaluation criteria
that may help to down-select. These steps are based on the steps used in Georgia Tech's

Integrated Product Process Design (IPPD) [3].

4.4.1 Establishtheneed

A task of modeling and simulation begins with the need. In the case of a large corporation,
there might even be already available tools that can accomplish the task, this whole process
can be bypassed. The analysts must do their due diligence to understand what they are
going to do with the tool and what they are going to try to accomplish. At this step, the
top-level requirements on the M&S environment need to be set.

For the use case, the need was identi ed as to develop a modeling and simulation envi-

ronment for the aero-structures analyis of the wing of a military mobility transport.

4.4.2 De ne theproblem

The most critical problem for selecting or developing a physics-based modeling and simu-
lation environment is about understanding what the capabilities and limitations of a certain
M&S environment will be, as it will be very hard to change later on in the product life cy-
cle. This step will involve reviewing the literature, exploring previous attempts at solving
the same or a similar problem, understanding the physics in detail. If the physics is too
complicated or new (out-of-reach for current computational capabilities), then this process
must be learning-based. In other words, any new knowledge obtained must be incorporated

in state-of-the-art modeling and simulation tools so that phenomenological uncertainty can
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be minimized.

If the physics are fairly well understood, the necessary level of detail and required
modeling capabilities can be substantiated by using methods such as PIRT or validation
hierarchies [115]. These structures will enable the analysts to understand the delity of
standalone physics (or an interaction of them) that the computational tool need to handle.
If the problem is multi-disciplinary, then these steps need to be repeated for each discipline.

The decompositions that were discussed in Section 4.2 and illustrated in Figure 4.1
will be immensely bene cial at this step. Following a systems engineering based method-
ology, engineers can track the requirements and how they impact the problem at hand at
different levels during this process. The decompositions will enable mapping the product
and/or simulation requirements onto the modeling requirements. This step was discussed

in Research Question 1.1.

At this step, some prominent questions that need answering can be summarized as:

* What is the physics that is to be modeled?

What is the scenario for which the physics is modeled??

How many disciplines are involved?

To which detail level the physics has to be modeled?

In the mentioned use case, the decompositions given in Figures 4.4, 4.8, 4.9, and nally,
the modeling decomposition is given in Figure 4.2.5, consistently with the use case. With

this step, the aforementioned questions are answered, such as the level of delity.

4.4.3 Establishvalueobjectives

Value of a computational tool can be about many factors including but not limited to the
ease of access, ease of development, budget and time constraints, required delity and cou-

pling options. If there is any previous experience or documented results regarding the tool,
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they can also be important decision factors. Especially any guarantees on the prediction
uncertainty, or the availability of a validation data set can be deciding factors in the case of
a safety-critical application. It is also crucial to remember that any engineer should remain
skeptic to the outputs of a computational tool in the absence of some kind of a benchmark.

Some of the questions need answering at this step are:

Are there additional Quantities of Interest that might help with the analyses?

Is there previous experience regarding the tool?

Is there available validation data to establish trust in these tools?

How hard is it to develop the tool?

Are there any license-related restrictions?

The answers to these questions mapped on the modeling architecture (and the prob-
lem ontology). For demonstration purposes, the answers to these questions are given in

Table 4.3.

4.4.4 Generatdeasiblealternatives

When the list of available tools and methods for each discipline is compiled, the engineers
will have a number of tools thatan be used for their purpose. However, there are many
factors as to some tools or a combination of them can be incompatible, in which case they
should be discarded. A tool can be inaccessible, too expensive, hard to learn, or black-box.
Some value objectives de ned in the previous step may render tools infeasible.

One of the main considerations is the tool delity. Engineers should analyze the ca-
pabilities of each tool, and try to understand if the tool is capable enough to model the
physics in question accurately. However, for early-design applications, too much delity

can also be an issue. As mentioned before, these tools require so much information about
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the artifact to produce accurate results. Such information simply may not be available in
the current point of the design cycle.

Another challenging aspect for multi-disciplinary problems is the framework of cou-
pling different tools. This must be investigated meticulously, in order to avoid any pitfalls
later on. There is often more than one way to connect different disciplinary tools. Gener-
ally speaking, the output format of most tools is given in the documentation, and engineers
need to con rm that these data formats are compatible with other tools in the loop. Another
potential pitfall is the increase in computational time due to coupling of different analyses,
in which case coupling multiple higher- delity models are generally avoided.

By following this decision making steps, the problem was decomposed with respect to
its different aspects. The decomposition of the physics, in particular, enabled the construc-
tion of a robust modeling architecture. Further, the insights gained from these decomposi-
tions aided the selection of appropriate modeling methods. Given the speci c level of detail
known about the physical product at each phase of the design process, the decompositions
guided the decision-making in choosing the right delity of tools and models to apply. For
example, recognizing the complexity of the wing box layout led to the selection of dis-
crete beam models that could cater to the changing geometry while accurately calculating
stresses and deformations. In essence, the detailed decomposition of functions, require-
ments, and physics within this experiment facilitated the development of a customized and
strategic approach to managing uncertainties in the modeling and simulation environment.
To this end, the number of modeling and simulation options are identi ed and they can be
utilized in different ways, as given in Figure 2.7. With this, a way to decompose of a com-
plex modeling problem is demonstrated and and how it will yield a better results to generic

systems engineering methods is given in Table 4.3. Therdfy@othesis 1.1 is accepted
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4.45 Evaluatealternatives

With the end of the previous step, a list of tools, their capabilities, pros/cons, bench-
mark/validation data sets, or any other metric that the resulting modeling and simulation
environment will be evaluated on are obtained. In a company setting, every entity and every
project will have a different set of evaluation criteria. This evaluation may be performed
among stakeholders, analysts, subject matter experts etc.

In this use case example, a single stakeholder is considered. The canonical example is

contrived by the two xDSM diagrams given in Figute

4.4.6 Makeadecision

The nal step is to select a subset of tools based on previously de ned evaluation criteria
among the alternatives. Because the simulation environment has not been set up yet, some
practitioners may opt to identify other alternatives as safety nets in case the rst selection
does not turn out to be the optimal one as predicted. Or simply in terms of delity, more
than one tool can be utilized in conjunction, as an ensemble of multi- delity models in the

same or different stages of the product life cycle.

4.4.7 Experimentl.2

Following the these steps, one can attempt to answer Research Question 1.2. Consider an
extension to the problem discussed in Research Question 1.1. The objective is to develop a
modeling and simulation environment thattigor-purpose. To this end, how a modeling
architecture is built is already discussed. However, this problem was motivated by the mul-
titude of coupling options available from a modeling architecture. As a canonical example,
consider the two options presented in Figure B@sely-andtightly-coupledxkDSM frame-

works for the same problem. In order to represeunni stepdifference between these two
frameworks, the same disciplinary analyses will be used in this experiment. In summary

the test cases will be:
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* The xDSM used in Research Question 1.1, illustrated in Figure 4.14

» Another xDSM with the inclusion of a feedback loop, feeding the deformed geometry

from the structures analysis to the aerodynamic analysis.

Let's start by describing the tightly-coupled xDSM. The difference in the coupling of
the two disciplinary analyses is that the geometry used in aerodynamic analyses are now
updated, resulting in a better representation of the problem of interest, albeit at a steeper
computational cost. The impact of two different analysis coupling con gurations should
impact the predictions obtained by the simulation. However, because of this addition, now,
there will be a mismatch between the produced aerodynamic load distribution and the strain
elds obtained from the structures analysis. Therefore, an additional loop needs to be run
between the two disciplinary analyses. This goal of this loop is to ensure convergence
between the aerodynamic loads and structural deformations. The inclusion of this loop in
the MDA framework is illustrated in Figure 4.15 with process labeleA@®elastic MDA
The rest of the framework is identical to the loosely-coupled MDA.

If one follows the discussed decision making steps discussed, there will be many ques-
tions asked and answered throughout the process. The answers to these questions can be
compiled and used as evaluation criteria between the two MDA frameworks. Also, the
geometries that are modeled using the RADE wrapper are illustrated in Figure 4.16. Some

crucial considerations are as follows:

» Both frameworks use the same disciplinary tools, only the coupling mechanism is

different
* Tightly-coupled framework should be a better representation of the reality

* Tightly-coupled framework needs more time to develop, and more time to run. How-
ever, the difference in development effort and computational time are not prohibitively

expensive.
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Figure 4.16: Internal structure model of the wing that was used in the analyses. a. box
layout b. mesh used for structural analyses of the wing box
» Both frameworks use the same input and output set. Although the execution scheme
is different, this presents an opportunity of one-to-one comparison of the output

statistics.
* None of the frameworks is bound by a license restriction.
» No validation data exists for either of the MDA environments, for the given problem.

These considerations are compiled in Table 4.4 for the sake of easiness to the reader. In
this table, second and third columns show some of the attributes associated with the can-
didate modeling and simulation environments. In the right-most column, the differences
between the two candidates are listed, which may or may not be from a selection perspec-
tive. Looking at this table, and especially at the differences, a decision-maker can make
an informed decision regarding the two MDA environments, while perceiving how they
are different. Because the implementation of a tightly-coupled framework over a loosely-
coupled one is not very dif cult, and the penalty in run-time is not very signi cant, it is
logical to select a tightly-coupled framework.

In summary, the same modeling architecture used previously, and supported it by em-
ploying the six decision-making steps from the IPPD process were used. Using this ap-

proach enabled us to come up with evaluation metrics speci ¢ to this modeling problem.
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Table 4.4: Comparison between tightly-coupled and uncoupled analysis frameworks.
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Then, the differences between the two canonical xDSMs and evaluated them based on the
obtained criteria were compiled. Following Hypothesis 1.2, how an MDA environment can
be created was demonstrated for this use case with Experiment 1.2. Therefore, Hypothesis

1.2 is accepted.

4.5 The Impact of Uncertainties on Model Selection

In Section 2.3, different types of uncertainties pertaining to modeling and simulation tasks
were de ned and discussed. Therefore, some components of the modeling and simulation
environments can be categorized, including with how it is executed, as different uncertainty
types. For the problem discussed in this chapter, phenomenological uncertainty means the
part of physics that is not modeled by any of the modeling tools, becaeisee not aware
of its existencewhereas approximation uncertainties and errors are conscious decisions
that some details of the physics anéentionally abstractedProgramming and numerical
errors are mistakes that may have been done while formulating or running the simulations.
Measurement errors are not applicable solely to a modeling environment, as no physical
guantities are measured.

Quanti cation of these uncertainties is not a trivial task. The existeneerofsmay not
even be acknowledged until one realizes that there is an error. Approximation (or model-
form) uncertainties are hard to quantify without another model structure to compare against.
This model structure should be obtained from the same modeling architecture and same
model development process so that it can be ensured that it represents the same problem.
The impact of parameter (or input) uncertainties on the other hand can be quanti ed with a
single model. Different values for different parameters can be sampled and corresponding
results can be collected. Statistical analyses on these results and corresponding inputs
would yield information about the impact of parameter uncertainties.

Some of the aforementioned uncertainty types may have signi cant impact on the re-

sults obtained from the modeling and simulation environment.
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Research Question 1.3

Does a change in model-form uncertainty impact the model selection process|by

signi cantly changing output statistics, even in the presence of input uncertainty?

Hypothesis 1.3:Results obtained from running simulations with same set of parameter

uncertainties but with different levels of delity corresponding to different sets of modeling

assumptions, will enable making a comparison between different modeling candidates.

Experiment 1.3

The previous experiments have set the stage for the MDA frameworks that is required in
order to test this hypothesis. xDSMs given in Figures 4.14 and 4.15 will be used. Six
variables arbitrarily selected to be assigned as uncertaigrass weightengine weight
aerodynamic loadsroung's modulugPoisson's ratioandmaterial density These variables
are sampled from two different DoEs at each run. The rst three of these variables are sam-
pled from a Central Composite Design and Minimum Potential DoEs. Material properties
could not be varied continuously due the limitations of the analysis software, NASTRAN.
Therefore, the remaining three variables are sampled from a two-level Full Factorial De-
sign with an additional center point. Then, the two sets of DoEs were Cartesian-joined,
and they are illustrated in Figure 4.17. Because the computational burden required for
sampling uncertain parameters was too high, these sampled points are used for creating
surrogate models. The run time for a single, convergent case was around a few hours,
therefore having more sample points was a bottleneck. 225 cases were executed in total,
on four desktop computers in eight separate parallel threads in total. With a higher compu-
tational budget, more points could have been used, or surrogating the analyses could have
been skipped altogether.

Figure 4.18 shows the de ection of the wing box under two different aerodynamic load-

ing conditions that occur when=  1gandn = 2:25g, for the tightly and loosely-coupled
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Figure 4.17: DoEs used to sample uncertainty factors. A. Central Composite Design b.
Full Factorial Design with a center point

MDA work ows. The difference in wing deformation is visible between the two analysis
types, as expected. The change in local angle of attack results in increases in aerodynamic
loading, hence more deformation. These results highlight how the set of modeling assump-
tions, model-related uncertainties and the tool capabilities impact the results. Engineers
should pay a close attention to what the results they obtain mean, especially when they are
analyzing critical cases on the mission envelope. Hence, plotting the impact of uncertainties
on geometries with real physical meaning may provide more insight as to what uncertainty
or modeling choice have local impacts on the results that are probably not captured by the
aggregated metrics.

For uncertainty quanti cation purposes, looking at general statistics such as mean or
standard deviation is a good start, but it does not tell the whole story. Because the uncer-
tain parameters are sampled from distributions, the change in posterior distributions with
regards to the input parameters can also be analyzegrediction pro ler that shows
the relative importance of six uncertain input variables on wing-level outputs is given in
Figure 4.19. The slopes in each square represent the sensitivity of the metric given in the y-

axis to the input parameter in the corresponding x-axis. The blue lines and the distributions
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