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Abstract

Aerospace industry is driven by the need to develop new concepts and methods to
handle the constraints of weight and performance e Lciehcy, reliability, regulatory
safety compliance, and cost-e [edtiveness. In parallel to these demands, engineers
have to manage increasing design complexity by using Multi Disciplinary models and
accelerate the product development cycles to be able to fulfil the market demands.

To achieve high performing, robust and sustainable product design, a more informed
management of design margins is required that minimizes or reduces the uncertainty.
First part of study has employed a qualitative methodology where interviews have
been conducted with experienced engineers. The interviews have focused the un-
derstanding and practical experience on use of design margins, uncertainty quantifi-
cation. Furthermore, feasibility of adopting probabilistic tools in their day-to-day
engineering workflows have been asked. The data gathered through the interview
study has been analyzed and presented in AIM diagrams to establish the case for
a computational study. It has been observed that the decisions on design margins
are implicit and not in detail recorded, but are following previous design practices
connected to the area. These challenges are addressed by in the second part of the
study, where a generalized probabilistic framework are used into the existing design-
analysis environment at GKN. In this work it is realized by using the workbench of
ANSYS OptiSLang, which contains a workflow including sensitivity analysis to be
able to assess parameters influence to the response, a deterministic design optimiza-
tion to find the optimal combination of values for parameters. This can be finalized
by robustness and reliability analysis to ensure the considered design satisfies the
user defined robustness criteria expressed in terms of six sigma. The scope of the
thesis further extents to show that robustness analysis can also be studied by in-
tegration of the mathematical framework of Probabilistic VMEA (variation mode
and eledt analysis) into the workflow of ANSYS OptiSLang. This integration is a
challenge as well as an opportunity to make a more e [cieht algorithm for robustness
analysis. In this study, a steel hook and a simplified steel lug (used in aerospace
engines) have been used to illustrate the methodology with comparative results as
well as showing the opportunities by using Probabilistic VMEA.






Division of work

The work carried out in this thesis has been evenly divided between both authors.
A significant portion of the practical activities such as data collection, conducting
and transcribing interviews, and participating in workshops were carried out collab-
oratively to ensure consistent interpretation and shared insights across both areas
of expertise.

To facilitate an e [edtive and manageable writing process, the responsibility for di Lert
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1

Introduction

1.1 Background

Engineering teams across various functional departments in the aerospace sector
cope with lot of challenges to design components that are structurally reliable, cost
e cient, and they need to be optimized for best performance [1]. These expectations
have to be addressed, despite a rise in system complexity, tighter environmental regu-
lations, and uncertainty in geopolitical situations, which necessitate new techniques
like robust design, sustainable quality management, and smart manufacturing to
deliver products as per the market timelines [2].

In this context, the ability to make well informed design decisions early in the de-
velopment process has become crucial [3]. What sets high for the engineering teams
to perform is not only their technical ability but their skill to account for uncer-
tainty and margin application, while still progressing through demanding develop-
ment cycles in product development [4, 5, 6]. Traditionally, the aerospace industries
practice the deterministic design methods and models for developing airworthy sys-
tems and components [7, 8, 9]. These models evaluate performance under the xed
assumptions for loads, geometry, and boundary conditions. Further, to handle the
unknowns, industries have historically added conservative safety margins [10, 11].
While this approach has proven to be e ective in preventing catastrophic failures on

a consistent basis for centuries, it sometimes results in over engineered parts that are
heavier, become more expensive, or often unnecessarily constrained. Nevertheless,
this legacy approach has been continuously adopted by companies because it o ers
predictability, but at the cost of exibility, optimization and traceability.

Recent literature reviews have highlighted the limitation of deterministic mindset
thinking in modern engineering design [10, 11]. Eckert et al., have noted that
small geometric deviations, unnoticed boundary condition shifts, or material prop-
erty uctuations can signi cantly alter a component's mechanical behaviour under
load [12]. These variations are rarely captured in early-stage models, which lead
to discrepancies between simulated and real-world conditions. Eckert et al., have
also emphasized that engineers in the absence of structured tools for uncertainty
modelling will attempt to use implicit safety margins without formal documenta-
tion [13]. These undocumented assumptions de nitely create knowledge gaps that
a ect validation, redesign, and handover processes.



1. Introduction

The shift towards digitalization and model-based system engineering has helped
many organizations like GKN Aerospace to systematically organize their work ows
and improve collaboration among various design teams to meet the customer's sat-
isfaction. Nevertheless, the challenges of managing uncertainties have not been yet
fully resolved. Therefore, use of probabilistic design methods is to be explored, to
develop the uncertainty knowledge-based robust design solutions, besides meeting
the certi cation requirements.

In this thesis, we address this by managing uncertainties and variations in the early
stages of design process. The focus is laid on the design of structural components
for jet engine, which the GKN engineering teams have been working at Trollhattan,
Sweden. Though these components appear simple in geometry, but are very sensitive
to fatigue, stress concentration and installation alignment.

1.2 GKN Aerospace

GKN Aerospace is a renowned global leader in the manufacturing sector of the
aerospace industry and supply chain, delivering advanced composite & metallic jet
engine components for civil aircraft and spacecraft. With a broad portfolio that
includes fuselage structure, engine components, and aerostructures, GKN operates
across more than a dozen countries and collaborates with major commercial OEM
projects with companies like Airbus, Boeing and Rolls Royce.

In recent years, GKN Aerospace has been pursuing digital transformation strategy,
in order to improve design traceability, data integration, and simulation e ciency
[11, 12, 13, 14]. The adoption of digital platforms integrates the activities like
design, stress analysis and manufacturing teams under common standards and en-
vironments. Initiatives such as Quality Management System (QMS) has formalized
the product development phases, by centralizing the processes like engineering work-
bench, technical documentation and design certi cation. This integrated approach
allows for e cient reuse of models, consistent design updation and validation, a
structured communication of uncertainties, and informed design margins across dif-
ferent functional teams.

1.2.1 QMS- Quality Management System

The QMS at GKN Aerospace is designed to provide a formalized structure for man-
aging their engineering activities throughout the complete life cycle of their product
development process. It de nes a sequence of maturity levels, each with speci c tech-
nical deliverables and validation checkpoints. This system ensures that the design
e orts proceed in a logical and traceable manner and also ensuring cross functional
collaboration across various technical elds before moving on to the developmental
stages. The QMS supports everything from initial concept de nition to nal product
release, o ering a framework for planning, monitoring and controlling the technical
progress.

2



1. Introduction

The value of QMS lies in its ability to enforce procedural discipline and stringent
accountability. By setting clear objectives for each phase of the product develop-
ment, the system reduces the likelihood of skipped steps, unrecorded assumptions or
overlooked risks. At each gate, engineers are required to provide design models, val-
idation results and risk assessments, before moving forward. This staged approval
process encourages systematic thinking and supports company's goals for quality
and safety compliance. However, the system also has its limitations, when applied
to complex design environments that deal with uncertainties such as economic dis-
ruptions, geopolitical tensions and instability in supply chain etc.

QMS is primarily oriented toward procedural checks and documentation of results
rather than a detailed exploration of design variation. Many assumptions such as
xed load conditions, nominal design geometry, or boundary simpli cations are ac-
cepted during the early stages without being challenged or quanti ed for robustness
[13]. These assumptions are rarely documented with sensitivity justi cations and
conservatism of the safety factor thereby making it di cult to revisit or adjust them
later. Several researchers have reported these gaps in industrial process frameworks
[11, 12, 13, 14, 15, 16].

1.2.2 Design Process

The design processes in GKN Aerospace are well organized and structured to develop
airworthy components. It begins with capturing the requirements of a component,
then to concept development stage, advancing to detailed design phase, subsequently
manufacturing and design validation by physical test, leading to delivery of airworthy
component (refer to Figure 1.1). This stage wise approach is intended to ensure that
all the critical decisions are made with technical clarity and authority, considering

all the known risks that are managed at appropriate points in the process. In fact,

it is seen that each phase is carried out as per the company's QMS and is supported
by digital tools, which allow the teams from various departments to collaborate with
ease and e ciency.

Figure 1.1: Design sequence of airworthy component

The process typically starts with the translations of customer needs in terms of
engineering requirements and constraints such as load cases, performance metrics
and geometric envelopes. Engineers then create speci ¢ design models, according to

3



1. Introduction

customer's requirements and use CAD and CAE tools to perform early simulations to
validate the stress behaviour and asses the feasibility and reliability of the designed
component, regarding real world conditions. As the design progresses, more detailed
simulations will be conducted, including fatigue life analysis and manufacturing
tolerances. However, these evaluations are done usually based on specic input
values such as nominal dimensions or design limit loads (DLL).

The deterministic approach simpli es the design process but it is unclear about
the e ects of variations in real world conditions [11, 12, 13, 16]. Parameters such
as bolt preloads, material anisotropy or geometric tolerances are often neglected
or handled through conservative safety factors. While this strategy o ers margins
against risk, it also adds mass to the designed components, increasing the overall cost
and sometimes complicating the certi cation in the long term. More importantly,
the rationale behind these margins may not be really documented, making it di cult

to justify or modify them in the later stages.

Relevant literatures support these observations [11, 12, 13, 16], because deterministic
modelling is still a vigorous and dominating method in many engineering organiza-
tions, despite the availability of probabilistic approaches. Also, it is evident that
engineers mainly rely on implicit knowledge and past experiences gained, while de n-
ing margins, which limits the repeatability and transparency of the design process
[17]. Cronholm has discussed that, when uncertainty is not addressed systematically,
the engineering teams may miss the opportunities for optimization and eventually
end up in redesign [18].

Variation Mode and E ect Analysis (VMEA) is a probabilistic approach, which
can identify variations in the critical parameters that a ect the robustness of the
designed component. By applying this method in early-stage design evaluations, en-
gineers can build models that will re ect not only the desired nominal conditions but
also its potential deviations. This enhances the con dence in robustness and reduces
the reliance on undocumented safety provisions and unaccounted uncertainties [19,
20].

1.2.3 Preliminary Design

The preliminary design phase marks a critical transition between conceptual think-
ing and detailed engineering execution. In the context of GKN Aerospace, this phase
serves as the foundation upon which stress analysis, manufacturing evaluations and
fatigue assessments are built. It is during this phase that engineers begin to assign
numerical values for the abstract constraints, arriving the basis for technical justi-
cations. Although the models at this stage are typically simpli ed, they carry a
signi cant weightage. Assumptions made during the preliminary design are often
propagated through later stages, making it essential that they are both well founded
and traceable.

At GKN Aerospace, the preliminary design phase typically involves creating a CAD
based geometry that re ects the customer requirements of their interfaces and func-

4



1. Introduction

tional intentions of the component. Engineers de ne the load cases, boundary con-
ditions and material choices and begin running Finite Element Analysis (FEA) to
evaluate the basic stress distributions. These simulations are used to determine,
whether the pre-de ned concept meets its structural requirements and to identify
regions of concern such as stress concentrations, buckling risks or areas with high
fatigue sensitivity. Despite the availability of simulation tools, this phase still relies
heavily on xed nominal values, not seriously considering uncertainty in loads and
material data, fatigue allowable and severity in operational conditions [13, 19].

Within the GKN's internal work ow process, the QMS outlines the speci ¢ maturity
targets and documentation standards, available either from their customers (Original
Equipment Manufacturer: OEMS) or as per the industry regulatory standards such

as Federal Aviation Regulations (FAR) and Military Standard (MIL-STD) for the
preliminary design stage [21, 21, 22]. These include nalized geometric de nitions,
justi cations for the chosen load paths and initial veri cation through simulation.
However, the intensity of these justi cations can vary between the projects. In
many of the cases, decisions are taken based on legacy designs or historical data
and sometimes from previously recorded experiences. Nevertheless, the reasoning
behind certain tolerances or load assumptions aren't formally accounted or recorded.
This makes it di cult for others, namely manufacturing, veri cation or certi cation
teams to understand the real intent behind these key design choices.

To overcome these traditional practices, advanced robust design method is required,
in which the sensitivities of design parameters are captured and documented earlier
in the project by applying a suitable probabilistic method. This makes the design
iterations or optimization cycles as minimum. Subsequently, the fatigue life can be
estimated in a robust manner with a better reliability index (quality), so that the
design achieves digital manufacturing economical, producing large numbers in lesser
time. Indeed, GKN moves ahead with such goals, to adopt digital twin technology.

1.2.4 Engineering Workbench (EWB)

The in-house established workbench at GKN supports all the design activities through-
out the product development life cycle. It brings together multiple tasks such as
design, stress analysis, materials and manufacturing into a shared environment,
where data, models and decisions are captured in a structured and traceable for-
mat. The integrated workbench facilitates the work ow like Design of Experiments
(DOE), CAD modelling, FEA (CAE), documentation and reporting, ensuring that

the technical information is accessible and version controlled, across their global
teams. This approach is closely aligned with company's QMS, thereby providing
engineers to navigate development phases with consistency and transparency. Fig-
ure 1.2 present a typical view of work steps involved in EWB.

The workbench plays a pivotal role in managing the complex interfaces and multi-
functional inputs, which are very common in aerospace structural components. It
allows engineers to build, modify and evaluate any geometry in a controlled man-
ner, by setting the computational runs with de ned boundary conditions and loads.
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Figure 1.2: Schematic view showing current work steps in EWB

Further, the stress results are stored and documented for assessments like strength
and buckling criteria and fatigue point of view. In spite of these merits, the current
EWB operates primarily with deterministic methods. Most simulations conducted
through this platform are based on xed nominal values for loads, geometries and
material properties. While this simpli es modelling procedure and reduces computa-
tional burden, it poses limitations on the ability to explore the e ects of uncertainty

in real world conditions.

Engineers are in general expected, not only to deliver the functional designs but
also to explain and defend their decisions. Future aerospace products require many
complex systems, optimally lighter airframe, and high-performance engines. Avi-
ation industries are continuously looking for novel design methods and advanced
systems to develop faultless ight vehicles, which can y anywhere globally with
lower operational cost [2, 23]. Towards this goal, we want to study application of
probabilistic approach in the existing Engineering Workbench at GKN, which has
already laid the foundation by bringing data, modelling, and certi cation into one
environment to enhance and simplify the design process. Such integration provides
data traceability and a friendly work ow for the engineers. One such study was
carried out by Lebjioui, where application of Variation Model and E ect Analysis
(VMEA) to Volvo GTT automotive industry was explored [24]. The sensitivity is
assessed without an intensive probabilistic analysis to capture the design margins
in terms of bu er and excess with respect to various geometric truck variants.

1.3 Aim & Research Questions

The primary aim of this thesis work is to explore, how engineering teams across var-
ious functional departments in GKN can better understand and manage the design
margins with respect to uncertainties during the early development stage of product
development. The focus here is to identify the various challenges and limitations
in the current industrial design practices and investigate, whether a probabilistic
approach like VMEA can enhance the robustness and trace the uncertainty and
variations in the most sensitive design input parameters. The vision is set to de-
vise a hybrid approach by introducing the probabilistic analysis into the traditional
deterministic design method, so that the existing engineering workbench is able to
handle a complex structural design without much complications.
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This research further aims to examine the VMEA method for visualizing and analyz-
ing the parameter variation, how it a ects the component's behaviour, in relevance
to GKN's Engineering Workbench or broader design process. The purpose here is
to support the engineers to identify the critical design variables, speci cally to know
that, which variation signi cantly a ects the desired performance. Furthermore, a
basis will be arrived according to evidence observed to justify the design margins
with proper documentation, without requiring very intensive simulation e orts or
disrupting established product development routines.

Aims:

This research aims to apply the probabilistic VMEA method for visualizing and
analyzing the parameter variation, how it a ects the component's behaviour,
in relevance to GKN's Engineering Workbench or broader design process.

Further, a structural design strategy will be arrived based on robust analysis
and the evidences observed to justify the design margins with proper docu-
mentation, without requiring very intensive simulation e orts or disrupting
the established product development routines.

To achieve these aims, a very speci c objectives are proposed along with the research
questions in section 1.3.1.

1.3.1 Problem Statement and Objectives

The aerospace industry has inherently depended on conservative engineering prac-
tices to ensure safety and reliability [7, 8, 9, 25, 26]. Generally, design margins are
arrived with additional allowances to account for unknowns, variations and poten-
tial deviations from nominal performance. These margins are typically introduced
early in the design process and carried through nal validation, often without a
detailed explanation of their origins or necessity. While this strategy minimizes the
risk, it can also result in ine cient design, increase in overall weight and a higher
production cost. More importantly, the rationale behind these safety margins re-
mains undocumented, leaving critical gaps in the traceability and thereby hinder
the opportunities for improvement.

At GKN Aerospace, the design of their jet engine components begins with a de-
terministic evaluation of structural performance. Engineers rely mainly on xed

value for boundary conditions, material properties and load cases, assuming ideal
geometries and nominal scenarios. While this allows for rapid simulation and early
phase feasibility checks, it doesn't adequately re ect the uncertainty and variations

present in real world conditions. Factor such as misalignment during assembly, ma-
terial inconsistencies or unexpected load uctuations are rarely modelled in early
stages, instead they are compensated for using a more generalized safety margin.

Although these safety bu ers often succeed in preserving reliability, they are not
always optimized. In some cases, they are overly conservative, leading to a more
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heavy and expensive components than deems necessary because the design considers
unexpected failure risks. This inconsistency stems from a lack of structured variation
modelling during initial design phase. Furthermore, this decision on the margin
application is rarely documented, later other teams like manufacturing, certi cation

and validation, struggle to understand the original design intent. This may lead

to rework, ine ciency and primarily a disconnection between the simulation results

and actual behaviour of the designed components.

The absence of structured tools for exploring parameter sensitivity also limits the
potential for design optimization. Without understanding how input variability

a ects output behaviour, engineers today cannot con dently prioritize design im-
provements nor justify the inclusion or removal of speci c safety factors. Existing
CAE tools that perform FEA and probabilistic design tools like OptiSLang are ca-
pable of performing statistical evaluations but they are applied at a later stage in
the process and requires signi cant setup, licenses and computation system capa-
bility to perform these calculations. Therefore, the present thesis aims to study the
engineering design work ow from robustness perspectives, addressing the following
research questions as objectives.

RQ1: What are the current industrial challenges at GKN related to the
design processes in regards to the use of design margins?

RQ2: What is the process of working with design margins and robustness
at GKN and how can it be improved?

These questions form the basis for us to perform both the qualitative study, con-
sisting of 11 interviews in total with engineers from various functional teams and a
computational study that explores, how VMEA integrated into OptiSLang can be
used in design practice. Together these studies are focussed to identify the practical
gaps in the current design approach and assess the feasibility of what value VMEA
can add to the deterministic design paradigms.

1.4 Delimitations

The present thesis speci cally focuses on the challenges surrounding uncertainty
and the application and management of design margins during the early stages of
mechanical design process at GKN Aerospace. This study limits its scope to one
organizational context and a speci ¢ subset of design activities, related to structural
components.

While the relevant articles and industrial studies are reviewed from open litera-
tures to formulate the problem and support the proposed approach, this thesis
work doesn't address any comparative study on di erent statistical methods beyond
VMEA. Also, it does not attempt to forecast the economic impact of implementing
such a method within the organization. The attention is con ned to improve the
technical decisions making, design traceability and robustness during the prelimi-
nary engineering design stages.
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1.5 Thesis Outline

The thesis is organized into six chapters to present the details of the studies. From
literature reviews, theoretical methods, qualitative research, computational results,
and conclusions are covered in these chapters.

Chapter 1. Introduction

This chapter introduces the domain area of research and discusses the basics in
relevance to design margins, uncertainty in design parameters, and the industry
perspectives on deterministic design methods and possibly its improvement with
probabilistic approaches. Also, introduction to GKN Aerospace, particularly its
structural design aspects and future vision are brie y described.

Chapter 2. Theoretical Background

Chapter 2 presents the theoretical background, introducing di erent probabilistic
approaches such as Design of Experiments (DOE), Design for Six Sigma (DFSS),
Failure Mode and E ect Analysis (FMEA), Variation Mode and E ect Analysis
(VMEA). Here, A nity and Interrelationship Method (AIM) is explained, which is

later employed in the qualitative study.

Chapter 3: Methodology

The third chapter establishes the methodological framework that sets the required
procedures and steps to carry out both qualitative and quantitative research works
on robust design, regards to structural components of aero-engine. Main emphasis is
placed on describing the procedures for the robustness and sensitivity analysis, and
reliability. It further outlines the steps taken to ensure validity and transparency,
strengthening the importance of the set research activities.

Chapter 4: Interview Study

Chapter 4 is devoted entirely to cover the qualitative aspect of the conducted re-
search study at GKN Aerospace. It gives the details on the designed interview
framework, structure, and execution process. Furthermore, comprehensive methods
of data analysis, including the execution and interpretation of results from the A n-

ity and Interrelationship Method (AIM) workshop are presented. This chapter also
synthesizes the insights and perceptions of industry experts on prevalent industrial
challenges, gaps, and potential opportunities, in relation to the management and
implementation of design margins, robustness, and uncertainties within aerospace
engineering.

Chapter 5: Computational Study

The fth chapter provides the conducted quantitative and computational analyses
through detailed case studies, utilizing OptiSLang and the VMEA framework. The
major focus is laid on to perform the probabilistic analyses of selected components
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such as the steel hook and mounted lug. Subsequently, the results are presented
to show the application and bene ts of using probabilistic design approaches along
with the traditional deterministic methods.

Chapter 6: Conclusion

It provides a critical evaluation of the research methodologies employed, explicitly
addressing and answering the formulated research questions, and summarizing the
key ndings in a structured manner. This chapter also gives the broader implications
of the research outcomes within GKN Aerospace and other aerospace industries
at large. Finally, it presents insightful recommendations to support the ongoing
process improvements, identi es areas for potential future research, and highlights
the contribution of this study towards robust aerospace structural design practices.
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Theoretical Background

In this chapter, a broad overview of various methods and concepts is presented to
establish the theoretical background for the present study. Further, the terminolo-
gies associated with the work have been carefully described in separate sections. A
comprehensive picture of the methodology is presented in Figure 2.1, showing all
the key approaches/elements to display their interconnectivity, in order to carry out
the set aims and objectives in chapter 1.

Figure 2.1: Schematic of important stages in Robust Design Methodology

Robust Design Methodology (RDM) is a promising non-traditional approach and
its application is fast emerging in di erent engineering elds [3, 4, 5, 6]. It strategi-
cally integrates the probabilistic VMEA with deterministic design philosophy within
the DFSS quality framework, so that the signi cance of RDM is appreciated in the
context of aerospace structural design and its relevance to design margins. Fur-
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ther, the important literatures are thoroughly reviewed in the considered problem
domain, such that the various engineering aspects like robust design, DFSS, DOE,
uncertainty, design margin, FMEA and VMEA are meaningfully tracked.

2.1 Robust Design

Robust design is an advanced concept that can equip the modern engineering to
make sure a consistent performance for the developed systems and components [5,
6, 15]. It considers the variations in processes, deviations in tolerances during man-
ufacturing, and various uncertainties arising out of operational environmental con-
ditions. During the years 1950 to 1960, Taguchi method was developed in Japan,
which is a powerful technique for optimizing the processes to enhance the product
quality [27]. It was later (1987) introduced in other countries as a part of qual-

ity engineering to minimize the variation in the process [28]. In the recent years,
robust design has progressed well as a development framework and its application
is recommended to multiple elds of Engineering for assuring product reliability
and performance [5, 6]. Aerospace sector always demands high performance and
safety for all the components and systems, where robust design can nd its promi-
nent place [29]. To achieve robustness, the sensitivity to several noise factors i.e.
variables, needs to be minimized as they are not controllable while operating the
product, even without removing the source itself. Several researchers have studied
this approach and reported that the components and systems can be produced to
achieve the intended functional performances, in spite of uncontrollable variations
[10, 11, 12, 13, 30, 31, 32].

The purpose of robust design is not only to get optimal con guration or performance
in perfect conditions, but also to ensure the required operational performance under
di erent real time uncertainties. This is achieved by optimizing the signal-to-noise
(S/N) ratio. Here, the signal is the desired value and the noise denotes the
variation that occurs due to external or internal uncertainties. The Taguchi's loss
function captures any deviation from the target performance, which is associated
with societal cost, bringing quality, customer satisfaction, and economic impact via
robust design [27]. It is to be noted that the failure of any component or system
in aerospace product, involves substantial cost and catastrophic risk. The relevant
literature recognizes the merits of robust design methodology and recommends this
concept for achieving tolerance to variability in materials, geometry, and environ-
mental conditions to overcome the conservative safety margins [3, 5, 33].

In general, the designers can use the robust design approach to quantify the trade-o s
amid competing objectives, for example structural integrity versus weight reduction.
This exactly aligns with the perspectives of many researchers, who have proposed the
robust design as a tool to guide the decision-making under uncertainty [5, 10, 15, 16].
It is therefore evident that, by incorporating the robust design philosophy as guiding
principle, the aerospace industry can improve its product quality, having lower life
cycle cost, and accurate performance prediction. This is more suitable for a product
development, where in new technologies are introduced, to be operated in conditions
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with unexpected variations that can critically a ect the product performance. In
summary, robust design has got many promising features that promote an e cient
quality control philosophy for the design of components or systems to be reliable
and high performing, across a wider range of operating conditions [4].

In the following subsections, we discuss two important concepts, namely design
for six sigma (DFSS) and design of experiments (DOE), which are fundamental
to robust design methodology (RDM). DFSS assures controllable variability in the
component, considering the variability as a normal distribution, so that the potential
extreme design points are eliminated to achieve a better reliability index. On the
other hand, DOE is a structured approach, which helps to plan, conduct, and analyze
the experiments systematically, and to investigate, how the input variables (factors)
in uence the output variables (responses).

2.1.1 Design for Six Sigma (DFSS)

Design for Six Sigma (DFSS) is a quality related paradigm [34] and it is an organized
data-driven approach. DMAIC (De ne, Measure, Analyze, Improve, Control) is a
traditional Six Sigma procedure that deals with process improvement. In contrast,
DFSS is applied to the design of products and systems, where the customer needs are
met through robustness in the product's speci cations [35]. DMADV (De ne, Mea-
sure, Analyze, Design, and Verify) is a very popular DFSS approach, which detects
and evaluates the critical to quality (CTQ) parameters, very early in the product de-
velopment stage to make sure the functional and engineering requirements [36, 37].
Quality Function Deployment (QFD), Failure Modes and E ects Analysis (FMEA),
and Design of Experiments (DOE) are regularly practiced within DFSS framework,
to provide accountability for the design decisions in order to be quanti able and
traceable.

DFSS o ers many advantages to aerospace engineering applications, where very ex-
pensive components, stringent compliances, and higher development cost and time
are involved. This methodology can predict the risk and sources of variation at
the earliest, so that design rework, numbers of testing, and stagnation in develop-
ment are minimized. In the current work, DFSS is conceptually associated with
the goals of VMEA methodology (to be discussed in Section 2.6), speci cally to
address early risk identi cation and mitigation point of views through a structural
analysis scheme. The computational simulations also support DFSS principles by
integrating DOE techniques and probabilistic models, to verify the design perfor-
mance, considering multiple scenarios. For instance, the structural optimization is
aligned with DFSS's "Design" and "Verify" phases, demonstrating the performance
robustness across varying loads and geometries. The maturity in design is tangible,
when statistical approach along with customer-based metrics are included in the
initial design phases using DFSS [37].

Application of DFSS into the design of aerospace components can bring a lot of ben-
e ts like optimized for manufacturability, cost-e ectiveness, compliance with regu-
latory standards, and in-service reliability. Therefore, it is strategically placable
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that integration of DFSS in aerospace structural design and development method-
ology, makes the products, quality assured, operation capable, and certi able for
ight-worthy.

2.1.2 Design of Experiments (DOE)

Design of Experiments (DOE) is a statistical approach, which forms the linkage
to design factors with performance parameters [38]. DOE establishes the basis for
robust design and DFSS concepts. DOE helps engineering optimization with a focus
to determine the key variables and how to reduce variability and nally to predict
the output performances in various conditions.

In DOE, the input factors are varied methodically and its impact on the outputs
are observed [18]. Thus, the engineers can adopt strategies for factor interactions
to critically select the design optimization parameters for creating predictive ana-
lytical models. It is interesting to note that DOE supports aerospace industry to
achieve a lower weight policy, meeting the target design service goal (fatigue life),
addressing the design trade-o s under uncertainty. The major bene ts DOE o ers
are that minimizing the number of simulations and limited experiments based on its
valid statistical inferences. Classical DOE approaches cover fractional factorials, full
factorial designs, Taguchi methods, and response surface methodology (RSM). Ob-
viously, each one has its merits, according to the set objectives and the experimental
limitations.

2.1.3 Section Summary

RDM, involving DOE and DFSS is a useful approach to improve the structural
design that is less sensitive to variations in input factors (noise). Further, this
method can be adopted for the design optimization process to develop a reliable
component or product that can perform resiliently with a consistent quality and
performance across varying operating conditions.

2.2 Uncertainty

The lack of complete knowledge or con dence about the system's behaviour, its
state or outcome, is known as uncertainty in the system [6]. It directly in uences
the product performance and its reliability. Aleatory is a kind of uncertainty that

Is coming out of inherent randomness, e.g., variations in material data. On the
other hand, epistemic is another type, which is explicitly introduced, e.g., model
assumptions and approximations or measurement errors etc. Nevertheless, both
these uncertainties are found to be very relevant for aerospace designers to consider
in order to meet the tight performance margins, avoiding any system failure [11, 12,
13, 39].

Due to uncertainty, the hidden parameters in a product can pose di culty to achieve
robustness and reliability. It is true that deterministic approaches consider xed val-
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ues as design inputs but practically the systems are subjected to many disturbances
such as deviations in fabrication, discrepancies in materials, added to these, unpre-
dictable operational variances. Neglecting such factors can lead to either over-design
l.e. leading to cost and weight penalties or under-design i.e. compromising safety
and performance. It is vital to incorporate uncertainty early in the design process
for reducing the life cycle risk and simultaneously improves product adaptability
[16].

The importance of mapping and classifying uncertainties are reported as primary
design focus and priority by Eckert et al., [13]. It is evident from their ndings that
using uncertainty classi cations, the design can manage variation in certain con-
trollable variables and the others are to be absorbed in the design process itself. In
fact, uncertainty has many implications that are beyond technical performance, e.g.,
project planning and allocation of resources, which bring pressure on certi cation
timelines. It is also well known that the aerospace products should meet stringent
norms, high performance standards, and maintain airworthiness during its service
life [36-38]. It is therefore advantageous that uncertainty must be inclusive in the
design and development process to mitigate the unknown problems, besides suc-
cessfully reaching out to regulatory requirements. Thus, uncertainty management
Is both a technical necessity and a strategic enabler.

2.3 Design Margins

Design margins are traditionally practiced in engineering calculations, while devel-
oping any physical component or system [11]. They account for the uncertainties
in the computed loads, measured material data, machining tolerances, and vari-
ous operating conditions, indirectly. Aerospace industries very strictly follow these
margins during the design and development phases to show compliance for airwor-
thiness, besides satisfying the reliability and safety [7, 8, 9, 25, 26]. Nevertheless,
the designers are not always able to justify the adopted margin policy, which is
sometimes excessive or poorly miscalculated, leading to increased weight penalty,
higher operation cost, or even under-performance [13].

Margins are introduced in a product development process to meet many require-
ments, such as customer requirement, regulatory requirement, safety requirement,
and market requirement [40]. However, structural design margins are focused on
safety, operation performance, and reliability. Therefore, it is bene cial to apply
margin rationalization policy in model-based engineering design, so that margins
can be calibrated with respect to di erent data base, risk evaluation, associated
sensitivity [40]. The margin policy must be structured, if not, the unstructured
margin criteria will hide design transparency and traceability [12, 13, 18].

The aerospace industry has been continuously accepting advanced digital techniques
to develop future high performance, multi-role ight vehicles [41, 42], where the mar-
gin policy and its management become very essential. Physics based modelling, past
failure data record, and stochastic analytics are employed to arrive at a balance be-
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tween performance and robustness. By combining the digital tools with sensitivity
analysis, the designer's con dence level is increased to measure the contribution of
each margin towards intended performance, facilitating informed trade-os. Even
though the design margins are the essential part of aerospace product development,
they need systematic justi cation, data-supported calibration, and transparent in-
tegration to get validation in the overall design process. Such an approach not only
upholds safety but also advances sustainability and performance goals.

2.4 Probabilistic Design

Probabilistic design is a methodology, involving statistical or stochastic procedures
that accounts for the uncertainties in material characteristics, system parameters,
and environmental conditions [31, 29, 43]. Deterministic design considers xed input
values; however probabilistic approaches accommodate the variability in actual sys-
tems, besides ensuring the needed performance under critical operating conditions.
Probabilistic design is an attractive solution to aerospace domain, where its compo-
nents are sensitive to variations and require fault-tolerant performance [18, 19]. It
o0 ers a rigorous outline for quantifying the parameters, namely likelihood of failure,
reliability levels, and risk exposure. Tools are proposed to perform reliability-based
design optimization (RBDO) and uncertainty quanti cation (UQ) as core enablers
in design approach [44, 45].

Probabilistic design is a robust approach that performs design under uncertainty.
It is done at three levels, namely uncertainty modelling, uncertainty analysis, and
design under uncertainty [46]. Uncertainty modelling quanti es the variability in
design inputs and represents the uncertain variables with probability distributions.
Uncertainty analysis is performed to identify and quantify the propagating uncer-
tainties in design inputs, so that a range of possible outcomes and their probabilities
are calculated. This helps to evaluate the robustness in the design and its perfor-
mance under varying working conditions. Design under uncertainty introduces the
mitigation plan to minimize the impact of uncertainty by making appropriate design
decisions, as per the design needs. It is an iterative process and therefore, design is
continuously updated until it reaches the desired optimal con guration. Uncertainty
analysis is done for each updated design.

2.4.1 Monte Carlo Simulation

Monte Carlo Simulation (MCS) is a popular probabilistic technique that computes
the distribution of outcomes by performing a large number of random experiments
[47]. It is mostly e ective, when the input is non-linear in a complex design domain
and also analytical solutions are not feasible to get the probable design outcomes.
In such cases, MCS generates random samples from the probability distributions
using uncertain input parameters, producing likelihood of outcomes in a broader
sense for observation. In aerospace domain, MCS is widely adopted for fatigue life
computation, thermal performance simulation, and structural reliability assessment.
In comparison to simpler statistical methods, MCS provides a comprehensive picture
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of performance under uncertainty, assisting robust decision-making, for example
OptiSLang has MCS as one of the reliability simulation techniques.

2.4.2 OptiSLang

OptiSLang is a simulation and optimization platform, developed by Dynardo (An-
sys®), which facilitates sensitivity analysis, uncertainty quanti cation, and robust
design optimization. It o ers very advanced tools like meta-modelling, variance-
based sensitivity indices, and space- lling design techniques. In the present thesis,
the computational experiments will be extensively carried out in OptiSLang to im-
plement Latin Hypercube Sampling, to assess robustness criteria, and identify key
design variables. In fact, the design exploration and probabilistic modelling in this
software platform can provide a pathway to systematically evaluate uncertainty
propagation and visualize the performance envelopes. Using OptiSLang, surrogate
models will be developed, which signi cantly reduce the computational cost of run-
ning complex simulations. Subsequently, these surrogate models will be used to
predict the performance across wide range of parameters, to conduct optimization
that balances con icting targets like weight and stress. Overall, the features in Op-
tiSLang are found to be a powerful tool for modern probabilistic design, aligning
seamlessly with the principles of robust design, DFSS, and VMEA, as discussed
throughout in this chapter.

2.4.3 Section Summary

Probabilistic design permits the engineers to capture not only the performance of a
component but also its variability. This shift in design approach allows the worst-
case safety factors to go through statistical con dence-based criteria, to produce
more e cient and meaningful results. OptiSLang provides one such probabilistic
design domain, where in the robustness, reliability, and quality can be comprehen-
sively addressed in the design process using VMEA method.

2.5 Failure Modes and E ects Analysis (FMEA)

Failure Modes and E ects Analysis (FMEA) is a structured, qualitative approach
[48]. It is used in di erent elds to identify possible failure modes in a system, mea-
sure the associated risks, and prioritize mitigation e orts. FMEA is a popular risk
assessment tool during product development phase, that captures known and antic-
ipated design and process vulnerabilities [49]. FMEA is originated from aerospace
and military systems that highlights its importance in safety-critical environments,
where failures eventually produce catastrophic consequences [50]. The structure of
FMEA consists of nding the failure modes, determining their e ects and causes,
and detectability. A numerical score is assigned for each envisaged failure based on
three criteria: Severity (S), Occurrence (O), and Detection (D). Further, combining
these scores, the Risk Priority Number (RPN = SO O O D) is estimated, which
engineers will use to rank and address the most critical risks.
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Moreover, application of FMEA also reveals its limitations in modern aerospace con-
texts. Speci cally, its deterministic nature and heavy reliance on subjective scoring
makes it less capable of addressing uncertainty and variation in input parameters.
It is to be noted that the traditional FMEA is unable to solve the high-variations in
complex systems, especially the ones susceptible to probabilistic phenomena. Also,
FMEA may miss to predict some critical failure patterns because it does not con-
sider distributional e ect, input correlation and magnitude of variation. Further, the
static treatment of parameters by FMEA limits its ability to examine the evolving
risks over longer time, speci cally under cyclic loading, environmental degradation
or thermal fatigue [11, 12].

2.6 Variation Mode and E ect Analysis (VMEA)

Variation Mode and E ect Analysis (VMEA) is an advanced version of FMEA
concept, which accounts for the uncertainty, variability, and interaction e ects in a
novel way within probabilistic domain, collaborating with standard design tools like
CAD and CAE [4]. VMEA has overcome the shortcomings of FMEA in variation-
sensitive applications, requiring high-precision. Figure 2.2 pictorially explains the
di erent variants of VMEA.

Figure 2.2: Di erent Variants of VMEA

It employs statistical analysis, simulation data, and design of experiments to quan-
tify the variation in design inputs to assess their e ects on system performance [18].
Figure 2.3 shows a typical VMEA application in the design and improvement cycle.

VMEA provides easy handling of variation through traceable and transparent doc-
umentation. Such practices are essential for aerospace industry, where risk identi-
cation and mitigation plan are the part of compliance requirement [13]. Failure-
Variation Mode and E ect Analysis (F-VMEA) is another method developed, which
not only nd and assess the unwanted variations in the product, but also the envis-
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aged degradations and failure of its internal elements [51]. In relevance to present
study, the compatibility of VMEA with OptiSLang has facilitated the probabilis-

tic design, robust optimization, and uncertainty quanti cation work ows. Further,
using this platform, the robustness evaluation in digital simulation framework is
addressed.

Figure 2.3: Application of VMEA in the Design and Improvement Cycle

2.7 Comparative Study: FMEA versus VMEA

Figure 2.4 provides a table of comparisons between these two methods, which the
engineering industries are either practicing or looking forward to adopt for their
product development process. FMEA (bottom-up approach) and VMEA (top-down
approach), represent basically two distinctive paradigms, employing statistical and
probabilistic frameworks, respectively to resolve design risk assessment. FMEA is
scenario-based and qualitative, whereas VMEA is variability-focused and quantita-
tive. This shift is critical in high-reliability industries, where optimizing the margin,
reducing the weight, and predicting the performance, are considered as core design
goals.

FMEA is an analytical deterministic method, which is practiced by industries as
a preventive quality management tool in product and process development. It is
primarily focused on potential failures and their impact on product performance.
In contrast, VMEA is a probabilistic method that considers the variations of input
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parameters into the design process and study their impact on product performance,
reliability, and robustness.

Figure 2.4: Table of comparison between FMEA and VMEA

FMEA does not require much information to evaluate risk or predict failure in
advance and to propose suitable actions, whereas VMEA needs a very detailed in-
formation about the variations and their potential e ects in the early design stage to
arrive at right design decisions. FMEA generally takes into considerations activities
such as manufacturing of various parts, assembly, and other process related events.
But the scope of VMEA is broader, covering variations and uncertainty in design,
manufacturing, and operational conditions. VMEA is best suitable for the design of
complex systems, which require robust design methodology to improve quality and
reliability for ensuring reduced risk of soft failures, compared to traditional FMEA
method that is appropriate to identify possible failures. Nevertheless, VMEA is a
computationally intensive approach, in comparison to FMEA that uses only simple
analytical calculations.

In summary, FMEA o ers a general knowledge of potential failures in a product
during its development phase, while VMEA performs a very rigorous evaluations
into how variations are related to those failures and to assess their impact on system
performance and reliability. The current thesis seeks to address the limitations of
existing robustness practices in the engineering workbench and propose a simulation-
driven path forward, in which VMEA will serves as a basic tool, both conceptually
and practically for navigating uncertainty to improve the design outcomes.
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Methodology

3.1 Research study

The present thesis adopts a dual method strategy, combining qualitative inquiry
with computational simulation to investigate the design margins and uncertainty
within the engineering design process at GKN Aerospace. The study is therefore
positioned within a practical engineering context, aiming not only to describe the
current design practices, but also to assess the application of probabilistic VMEA
method to improve the early phase design in terms of robustness and traceability.
The decision to employ both interview-based review and design focused experimen-
tation re ects the need to jointly address the process related and technical aspects
of our research questions (refer to Chapter 1).

The research has been conducted in two parallel streams (refer to Figure 3.1).

In the rst, the qualitative assessment is carried out through interviews with engi-
neers from di erent departments at GKN Aerospace. These conversations have been
structured to understand that, how the design decisions are made in practice, par-
ticularly concerning the justi cation and application of design margins. This part

of the study wants to explore, whether the uncertainty is formally evaluated during
the early design stages or is it mainly addressed through generalized assumptions
and safety bu ers. By capturing engineers' views on existing methods, constraints
and expectations, the qualitative study has laid the foundation for assessing the
practical relevance and feasibility of using structured variation tools.

The second stream consists of a computational study that is focused on a fatigue
sensitive lug bracket. This part is selected due to its relevance in structural load
paths and its suitability for variation analysis. A DOE approach is used to gener-
ate controlled input variation for the parameters such as thickness, hole diameter
and load direction. These parameters are selected based on design guidelines and
prior consultation with engineers and method experts, who have been involved in
mechanical design and simulation activities. The output from this experiment has
informed that the in uence of parameter variation can be visualized and the inputs
are assessed by a simplied VMEA. As a result, the design parameters that have
strongest impact on performance metrics, namely maximum stress and deformation,
are diagnosed based on their sensitivity.
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Figure 3.1: Concept diagram for the current research study

Instead of treating the qualitative and computational study as two separate e orts,
the present study is designed to allow one to inform the other for mutual interaction.
Interviews have helped to recognize those areas, where the engineers have felt that
uncertainty is neglected or poorly documented. Further, the case study has provided
evidences that, how hidden uncertainty can be captured using probabilistic method.
This integrated approach has allowed the research to engage with the problem from
both behavioural and technical perspectives, providing the depth and contextual
validity to the ndings.

This methodological approach aligns with a pragmatist research paradigm, which
emphasizes on risk minded approach of thinking, outcomes, application, and context
speci c utility. The intent is to develop a universal framework but to determine
whether probabilistic approach like VMEA can realistically support decision making
in a speci c organizational environment. In doing so, the study prioritizes the
practical feasibility and integration potential over theoretical generalization.

Data from the qualitative study are coded thematically with an attention given to
robust design; in particular, how the design margins are introduced; how uncertainty

is perceived across various functional departments; and whether engineers envisage
the value what the probabilistic tools may o er. The results are not intended to
produce statistical generalizations but rather to surface the underlying patterns and
decision habits, such that the design robustness is shape as desired. These insights
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are then carefully considered, when interpreting the outcome of the computational
study, to evaluate the value addition of VMEA to the existing design process.

The decision to combine the qualitative feedback with a simpli ed case study has
been driven by the nature of our two research questions as well as the industrial
relevance of the problem. The challenges associated with documenting and justifying
margins are not purely technical but they also involve organizational behaviours, tool
familiarity and the constraints of time and resources. Therefore, the research plan
re ects a need to understand the engineering design process not only in terms of
inputs and outputs but also as a dynamic environment, to be shaped by both formal
procedures and implicit knowledge.

3.2 Qualitative Study

The qualitative study of this thesis has focused on understanding that, how engineers
at GKN Aerospace currently perceive and manage uncertainty, design margins, and
robustness during early stages of development. It is structured around a set of semi-
structured interviews, conducted with eleven engineers from a range of departments,
spanning both commercial and space divisions. The aim is to gather insights into
real world practices, attitudes and limitations that are associated with deterministic
design and to explore the extent to which the probabilistic approaches are known,
accepted or already used.

The interviews have been designed to explore the following ve key themes:
1.Understanding robust design

2.Awareness and use of Design margins

3.Handling of uncertainty in their eld of work

4. Familiarity with probabilistic methods like Monte Carlo or VMEA

5.Perceived challenges and opportunities if such method were to be applied in future.

The questions have been open ended, allowing the interviewees to elaborate on their
speci ¢ experiences; at the same time enabling the interviewers to follow up on
relevant tangents or unique cases. This exibility has provided a deeper insight into
how engineers view the current processes and what they see as potential areas for
improvement.

The choice of participants from GKN Aerospace was made to ensure a balanced
representation of roles and experience levels. The interviewees are represented by
the design engineers, stress analysts, team leads and method experts from various
functional departments. Their varying perspectives have helped to uncover, not only
the technical gaps but also the organizational and cultural factors that may impact
the robustness in design practice. Interview responses are recorded according to the
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themes of robust design, uncertainty and design margin, in order to conduct an AIM
workshop to classify the challenges speci ed by our interviewees.

3.3 Interviews at GKN Aerospace

As part of the Qualitative study of this thesis work interviews were conducted at
GKN Aerospace to gain insight into how engineers interpret and manage design
margins, robustness, and uncertainty within the early stages of product develop-
ment. These conversations aimed to uncover not only the practical habits behind
technical decisions but also the organizational mindset that governs how variation
and reliability are addressed in real world design environments.

A total of 11 interviews were conducting involving engineers from di erent functions
and project domains ranging from structural design and simulation to fatigue as-
sessment and system integration. This broad spectrum was intentionally selected to
ensure that the study captured a wide range of perspective from both commercial
and space programs. The intention was to gather views that re ect real operational
diversity rather than focusing solely on one product or process line.

Interviewee | Role

Technical Authority - Analysis
Senior Analysis Engineer
Senior Analysis Engineer
Senior Research Engineer
Principal Research Engineer
Technology Project Manager
Technical Authority - Analysis
Principal Engineer - Analysis
Principal Engineer - Material and Process
Principal Engineer - Analysis
Technical Authority - Analysis

B
RPFBowo~v~ouobrwNr

The interviews were semi structured and guided by a set of core exploratory topics,
which allowed for consistency across sessions, while giving participants the space to
re ect freely on their own practices. Before each session, participants were briefed
on the topic and the thesis goals and the purpose of conducting the interviews. All
conversations were held con dentially and anonymized for internal reporting and
thesis use. Most interviews lasted between 30 to 45 minutes either conducted in
person or via online through Microsoft Teams depending on their availability.

During these sessions', engineers discussed how they interpret robustness in their
respective design roles, how and when margins are typically applied, and how uncer-
tainty is accounted for, if at all within their analysis or modelling e orts. A recurring
theme across departments was the reliance on past experience and organizational
norms, when applying safety bu er. While this practice often leads to conservative
design outcomes, it also revealed a lack of structured traceability.
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In addition to margin practices, the interviews touched on participants familiarity
with probabilistic design tools. Very few engineers reported using such tools during
the conceptual or preliminary design phases. Nevertheless, there was an openness to
integrate more accessible forms of variation analysis particularly, if they could help
visualize parameter in uence or assist in documenting, why speci ¢ design choices
were made.

3.3.1 Interview Framework of Questions

The development of the interview framework was established to directly address the
research question (RQ1), while keeping the conversation accessible and relevant to
engineers with diverse roles. Rather than relying on an o the shelf questionnaire
or theory-based model, the framework was built around the real-world context of
the current industrial challenges in the design environment (GKN Aerospace) and
identify the recurring issues during the initial phases of the thesis.

The framework was reviewed internally with our external supervisor before inter-
views began to ensure that the phrasing of the questions was clear, non-leading,
unbiased and tailored to participants, who might not be familiar with academic ter-
minology. This also helped to con rm that the intended themes were both practical
and relevant across di erent departments, ensuring that no group would be excluded
due to unfamiliarity with specialized vocabulary and tools.

Each interview began with a few general background questions about the engineer's
role, how long they had worked at GKN and their typical involvement in design and
simulation tasks. These introductory questions helped to establish rapport, while
providing useful context for interpreting their responses later on. From there, the
framework gradually shifted more toward questions, starting with how robustness is
understood and applied within their projects.

Rather than listing themes explicitly during interviews, we carefully phrased the
guestions to explore topics such as design rationale, assumptions and decision doc-
umentation. For example, to examine the use of margins engineers were asked,
When introducing a margin or tolerance in your design what factors guide that
decision?. This allowed the respondents to share their personal reasoning, while
o ering challenged or justi ed through formal analysis.

To understand how uncertainty is approached, engineers were asked to describe,
how they account for variability in geometry, loads or boundary conditions in the
early stages of design. Questions were presented, for example, Do you ever nd
yourself making assumptions that later prove critical? or What happens when
input changes midway in the project?. This allowed the conversation to remain
practical, while still surfacing the intended insights.

For those unfamiliar with probabilistic methods, a brief neutral description of the
VMEA method was provided, followed by a prompt such as Would a method like
this aid you in making early design decisions with more con dence or traceability?.
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This helped gauge not only technical familiarity but also the perceived feasibility
and usefulness of structured variation methods.

The nal portion of the interview was designed to capture attitudes toward integra-
tion and change. Engineers were asked, what factors would motivate them to use
a new method, what challenges they might anticipate, and how such tools could be
introduced without disrupting their current work ow. Questions were framed to be
straight forward and solution oriented, giving participants a chance to contribute
ideas rather than simply critique current processes. Responses from this part of the
interview helped to shape the nal discussion of implementation potential within
the thesis.

Importantly the framework was applied exibly, while the same themes and core
prompts were used across interviews. The order and emphasis varied depending on
the ow of each conversation. In some cases, engineers naturally brought up issues
of traceability or variation management before even we reached those topics. In such
instances, we allowed the discussion to follow its natural course and only revisited
the theme later to ensure completeness.

In summary, this adaptable yet focused framework allowed the research to extract
consistent, high quality data from a diverse group of engineers across di erent func-
tional teams and programs, while keeping each conversation authentic and reason-
able. This supported the thesis objective of uncovering not only the current indus-
trial challenges with regards to design margins and uncertainty, but also what is
missing and how probabilistic methods like VMEA might realistically Il that gap

in the future design work ows.

The AIM (Awareness, Implementation, and Maturity) diagram was presented as an
interpretative lens in order to conduct a systematic analysis of the interview data
that was gathered. The engineers understanding of robustness related ideas, the
degree to which they had applied these methods in their work, and the maturity
of these practices within their department or project setting were all taken into
consideration when classifying their responses using this framework. The AIM dia-
gram made it possible to identify trends, discrepancies, and areas for improvement
by mapping information across these three dimensions. This method helped assess
where and how structured variation techniques like VMEA could be practically in-
cluded into early stage development work ows while also promoting a more nuanced
knowledge of how design margins and uncertainty are currently managed in practice.
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3.4 Quantitative Study

The research question RQ2 is answered through a computational study on achiev-
ing the robustness optimization of a model. The tool used for the exploration is
OptiSLang, which is integrated into the workbench of ANSYS Mechanical Work-
bench 2021 R1. The tutorial provided by the developers of the tool is considered
the base reference for the work ow and further explorations are conducted with a
few fundamental assumptions noted below.

3.4.1 Scope and assumptions

1. In the thesis, the discussion about the robustness of the design is only valued
in the linear region of the stress-strain curve. Any design point that bears a
response value beyond the yield limit is considered an undesirable design value
and non-robust by default. Due to these important factors, only the linear ma-
terial properties are considered for the computational study. A deterministic
optimization is done followed by a robustness evaluation and reliability anal-
ysis. Final reliability veri cation is not conducted due to time and resource
constraints.

2. In the thesis, there is an inherent assumption that the initial static analysis
setup contains realistic boundary conditions and robustness could be achieved
within a reasonable deviation from the nominal values. Even though, as a tool,
OptiSlang is capable of handling extreme values, the scope of the investigation
is limited to robustness optimization with the assumption that a realistic semi-
optimized geometry is considered as the nominal geometry. It should also
be noted that robustness optimization only adjusts the parameter values to
achieve robustness in accordance with the user-de ned criteria and doesn't
conduct topology optimization. In a real-world industrial setup, it would be
practically sound to conduct robustness optimization on a topology-optimized
model, hence providing more validity to this assumption.

3. The design space or the range over which the parameters under consideration
are allowed to vary is determined by various factors like customer demand,
engineering factors such as dimensional and functional constraints of packing
e ciency, performance in the context of the supersystem in which the design is
embedded, manufacturing capabilities and demands. Within the thesis, there
is an inherent assumption that robustness could be achieved within the design
space speci ed and the thesis doesn't investigate the reasoning and criteria
behind the development of the design space. The design space considered in the
thesis is within a 10 percent deviation from the mean value of the parameters
and stricter design values are imposed at the boundary conditions since those
are the regions that interact with the other parts within the system. If it is
found that robustness is not achievable within the above-speci ed design space,
the design space is expanded to a reasonable limit determined by the minimum
geometric requirements to keep the sketch closed to obtain an uncorrupted
model. This modi cation is also subject to engineering judgment.
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4. The nominal value of the parameter is considered as the mean value, which is
allowed to vary as a normal distribution with a spread of 6 sigma within the
speci ed design space.

5. The concept of robustness can be considered from di erent perspectives of
causes of failure such as fatigue, creep, sudden impact, aerodynamic loads and
other thermo-mechanical loads. The scope of the computational study is lim-
ited to studying robustness optimization in terms of the maximum equivalent
stress developed due to the application of external loads. Since the primary fo-
cus of the thesis is the exploration of a better work ow for handling robustness
and not on solving existing mechanical challenges in design, this assumption
holds validity. It should be noted that within the scope of the thesis, robust-
ness optimization aims to minimize mass with respect to maximum stress, load
and other user-de ned criteria, but does not aim to reduce overall stress.

6. The primary aim of the computational study is to exhibit the current work-
ow with the OptiSLang module in ANSYS mechanical Workbench compare
the results and report observations with a proposed modi ed work ow. The
modi ed work ow consists of a streamlined version of the current work ow
integrated with the proposed method of probabilistic VMEA. The updated
work ow is hypothesized to have bene ts in computational time by arriving
at the best robust design point in fewer steps.

3.4.2 Ansys OptiSLang work ow

The ANSYS mechanical workbench is an advanced tool that provides exibility in
the sequences of analyses that can be performed. The sequence followed in the
initial part which is considered as the existing work ow in the thesis, adheres to the
same sequence recommended by the developers of the workbench. To exemplify the
work ow, a static structural analysis of a steel hook is considered and the results of
this analysis will be explained in the results section of the thesis.

3.4.2.1 Initial setup

The initial setup of static structural stress analysis is considered as the input for the
OptiSLang robustness optimization. Parameters such as geometrical dimensions,
material properties and load uncertainties are considered variables that are varied
in the robustness optimization. The geometric mass, equivalent stress and user-
speci ed geometric constraints are considered as the responses. The best design is
determined according to the values of the responses on which the constraints are
imposed.

3.4.2.2 Robustness evaluation of the initial design

The goal of this initial robustness analysis is to understand the current state of
robustness of the nominal design. The current status is evaluated by how the initial
design performs under stochastic/probabilistic variations by iterating over a default
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sampling option of Advanced Latin Hypercube Sampling (ALHS) with 100 samples.
The design space of 10 percent deviation to both sides of the mean is assigned by
default and a normal distribution with a 6 sigma standard deviation is considered
within the limits of the design space for each geometric and load parameter. All the
geometric parameters are stochastically varied with the aim of optimization while
the material and load uncertainties are only considered as stochastic without any
intent for optimization.

The mean values is set to the nominal parameters values.

Upper limit of range lower limit of range
6
STD
mean

STD =

CoV =

Note that no criteria are de ned in this robustness check and the robustness sampling
algorithm employed is the recommended algorithm determined by the workbench
according to OptiSlang's internal black box algorithm. A histogram plot is used to
understand the current spread of the responses under the speci ed conditions. The
plot is examined against the user-de ned limit criteria to determine the probability
of failure. This analysis also provides a plethora of information about the initial
design, but within the scope of the investigation, the histogram is the main plot
used in the thesis. Along with the failure probability, the values of the coe cient of
variation (CoV) and sigma level are also observed from the histogram. Depending
on how the initial design performs under the stochastic changes, a case for further
optimization is established. Figure 3.2 illustrates the general overview of the steps
in robustness optimization.

Figure 3.2: General work ow
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3.4.2.3 First robust design optimization criteria

From the gure 3.3 [52], the requirements of 4.5 sigma di erence from the limit of
300 MPa can be formulated as,

Figure 3.3: Limit diagram

Mean stresst4:5 Mean stress CoV 300

Mean stress 180

The obtained value of mean stress is employed to establish the stress criteria for
the optimization cycle. Even though the yield stress of structural steel is 250 MPa,
300 MPa is de ned as the limiting stress by the user. This can be interpreted as
a pragmatic value to avoid over-constraining the design space. Even though the
material plastically deforms at 300 MPa, it would not drastically fail at a slightly
higher value than its yield strength. In realistic settings, variations in the yield
point can also be expected. Hence, in the interest of avoiding an overly conservative
design point, the selection of 300 MPa as the limit for the material of structural
steel can be justi ed.

Note: The CoV value is taken from the robustness analysis histogram

3.4.2.4 Sensitivity analysis

Figure 3.4: Criteria on the responses
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The sensitivity analysis attempts to establish a surrogate model of the responses,
also referred to as the Metamodel of Optimal Prognosis (MOP), through the machine
learning approach of curve tting. This MOP simulates the approximate behavior
of the response [53]. The quality of the MOP is judged on the basis of a model-
independent measure called the Coe cient of Prognosis (COP) [54]. Through Op-
tiSLang's machine learning black box processes, sensitivity analysis quanti es which
input parameters strongly in uence the output responses based on the criteria in
Figure 3.4. This identi cation of important parameters helps to strategize which
parameters should be prioritized during the optimization stage. The parameters
that have minimum to no impact on the responses are kept at the extreme values
of the design space in accordance with the requirement. In this case, this practice
reduces the dimensionality in certain regions that have no contribution toward the
maximum stress and helps in mass reduction without impacting functionality. This
analysis also gives insights into con icting demands within the responses and the
trade-o s of the optimal design.

The sensitivity module conducts a design of experiments and the sampling algorithm
is kept as the default option recommended by the workbench. A sampling size of
300 is maintained as it is the default recommended value. The best design for the
optimization is also selected from the sampling done in the sensitivity analysis.

3.4.2.5 Design Optimization

The parameters along with the best design from the sensitivity analysis are inherited
by the optimization module. It is also feasible to manually select the design around
which the optimization is conducted based on the judgment of the engineer. Addi-
tionally, in the optimization setup, the parameters that do not a ect the responses
are kept at their minimum values and treated as constants. The optimization is
conducted within the design space region of the modi ed parameters based on the
inherited design from the sensitivity analysis. The stochastic sampling is performed
with a default sample size of 200 (which is the default recommenced sample size).
This step yields an optimal design within several iterations, ful lling all the con-
straint conditions. The optimized parameter values and the corresponding values of
the responses are obtained as the nal result of this stage.

3.4.2.6 Robustness analysis

The optimal design is checked for robustness based on the criteria and parameter
range inherited from the optimization module. This step is similar to the initial
robustness evaluation in the earlier stage and the current state of robustness is
obtained from the distribution observed in the histogram. The optimization is likely

to yield a better sigma value with a lower probability of failure. These values must
be further veri ed through a reliability analysis.

The sigma value obtained is based on the assumption that the response (the maxi-
mum stress value) is spread over a normal distribution with a constant single value
for the limiting criteria. Realistically, variation in the limiting value of 300 MPa
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should be expected. Hence, to ensure that the robustness value obtained is su -
cient under the prede ned criteria, further investigation is conducted.

3.4.2.7 Reliability analysis

Figure 3.5: Reliability analysis

Further veri cation of the robustness is achieved through the reliability analysis.
All non-contributing geometric, load parameters and material properties are kept
constant to simplify the computation. The failure limit is de ned as per the original
initial requirement from the user and the limit is also considered as a distribution
using the uncertainty knowledge option in the robustness wizard. The new situation
is illustrated in Figure 3.5. In this wizard, the desired sigma level is also speci ed.

The analysis samples over 300 di erent design variations and calculates the prob-
ability of failure from which the sigma level can be interfered from the probability
of failure and the reliability number is obtained. The entire generic OptiSLang
work ow process is illustrated in Figure 3.6.

If the probability of failure obtained is higher than the desired sigma level, then the
same cycle of optimization with stricter criteria is executed. The new criteria value
can be extrapolated from a linear consideration of the reliability index and the mean
stress from the previous optimization cycle.
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Figure 3.6: General OptiSLang work ow

3.4.3 Probabilistic VMEA integrated OptiSLang work ow

The probabilistic VMEA integrated work ow also uses ANSYS OptiSLang and the
results from the sensitivity analysis. The di erence arises in the method of derivation
of the criteria.

The parameters observed to have a stronger in uence on the response, which is
identi ed in the sensitivity analysis, are varied between their maximum and mini-
mum values within a more constrained design space. The initial design space was
assumed to follow a normal distribution and in order to capture realistic variation

in the max-min a full factorial DOE is conducted in OptiSLang within a restricted
new design space. A restriction of 1 sigma level from the extreme limits of the range
is imposed on the initial design space as shown in Table 3.1. The average values
of the range of noncontributing parameters are also considered for the full factorial
DOE.
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Table 3.1: Design space for Probabilistic VMEA

The average values of the responses for the new parameter ranges and the total
average value are calculated from the full factorial DOE. These values are converted
to log scale and the di erences in the log values for each parameter are divided by 6
and the root square sum (RSS) of all the considered parameters is calculated. The
RSS is then multiplied by the user-de ned sigma value (4.5 sigma in this thesis)
and subtracted from the total average value. The result is converted back to a
linear scale. This value of the response (maximum stress) obtained through the
probabilistic VMEA method is used as the criteria for optimization. The design
point selected through the VMEA criteria is hypothesized to result in the best
optimal design without requiring iterative optimization cycles.

It must be noted that the results from the initial sensitivity analysis are used to
prioritize the parameters in the full factorial DOE. The module referred to as VMEA
Is the same as the initial sensitivity analysis and is conducted separately only to
illustrate the sequence in the integrated work ow in Figure 3.7.

Figure 3.7: OptiSLang work ow using probabilistic VMEA
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3.5 Conclusion

The methodological approach considered in the thesis was designed not only to ex-
tract data but also to provide clearer navigation through complexities and explore
a possible solution in industrial design practices. Rather than forcing premature
structure, the methods aimed to embrace uncertainty as a condition to be under-
stood.

The use of semi-structured interviews allowed for open conversations that were in-
formal enough to reveal patterns that were noted during the literature survey. These

interviews were not just data points, but they were re ections of real engineering

contexts, shaped by constraints, legacy processes and human judgment.

Through the process of building the analysis around wide themes of robustness,
uncertainty and design margins, the methodology created a lens that is wide enough
and capable of capturing system-level challenges. The development of AIM diagrams
gave structure to the emerging insights with clarity and an interpretive layer. The
strength of the methodology lies in its capacity to listen and allow voices from
backgrounds to be heard and through the process gather a broader understanding
of the design process.

As the thesis advances into quantitative investigations, the insights drawn from this
methodological process will not simply be background context. They form the very
foundation for proposing strategies and tools. Importantly, the methods adopted did
not assume a perfectly rational design process. Instead, the messiness of real-world
engineering where decisions are made under assumptions.
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Qualitative study

4.1 Introduction

In this chapter, the results of the qualitative study conducted to address the re-
search question RQ1 are discussed in detail. The analysis based on semi-structured
interviews in the three interconnected themes of robust design, uncertainties and
design margins resulted in unorganized data. To gain a structure and make sense of
the wide range of insights generated, raw qualitative data was classi ed into themes
and reasons through discussions, which translated into forming the foundation for
constructing the AIM diagrams. This framework of AIM diagram is used as an an-
alytical tool to organize qualitative data in a way that makes relationships between
challenges more explicit.

In this organizing process, patterns began to emerge and recurring concepts were
grouped under sub themes. To preserve the traceability of ndings and support
clarity in navigating through multiple levels of abstraction, a consistent numbering
convention was introduced. Each theme is pre xed by a letter R for robust design, U
for uncertainty and D for design margin followed by numerals indicating sub themes
and sub sub themes. This structured labeling also re ects the layered nature of
industrial reasoning around these topics.

The order in which the AIM diagrams are discussed mirrors the sequence of themes
discussed in the interview. This sequence is further supported by the logical rela-
tionship between the themes. Discussions around robust design often serve as the
starting point, as organizations rst articulate their goals in terms of reliability and
performance. This naturally leads into the domain of uncertainty where the factors
and unknowns that challenge the achievement of those goals are discussed. Design
margins then emerge as one of the approaches through which companies respond
to those uncertainties. In the sections that follow, each AIM diagram is introduced
alongside detailed interpretations of the challenges identi ed and their novelties.
Additional material can also be found in Appendix B B.1.
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4.2 AIM diagram on Robust Design

Figure 4.1: AIM diagram on Robust design

4.2.1 New technology

Lack of data

R1.1 Over-reliance on past data & R1.1 Limited past experience for predicting future
robustness (AM).

Due to the plethora of data available on proven conventional methods, the industry
heavily relies on the historical wealth of information. This practice is also due to the
fact that both the process and product in the aerospace industry are data-driven.
This creates a challenge when new manufacturing technologies such as additive man-
ufacturing emerge in aerospace applications. Over-reliance on historical data can
hinder the introduction and integration of such technologies and constrain oppor-
tunities in new products and ventures. This could ultimately slow down the overall
pace of progress in the aerospace industry.

This challenge should be interpreted together with the challenge of R1.2 limited
past experience for predicting future robustness which suggests that relying on past
knowledge and assumptions may not always be representative of future conditions.
This dependence on historical data can lead to inadequate robustness especially
when future conditions di er signi cantly from past experiences.

R1.3 Lack of knowledge on new technologies and its merits by engineers.

This challenge could be interpreted as a resulting consequence of the challenges
in R1.1 overreliance on past experience and methods. Due to this overreliance,
engineers may lack knowledge of new technologies that rival existing approaches,
assumptions and their advantages in achieving better robustness. They may not
be motivated or incentivized to explore such technologies under time constraints
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since the pre-existing technology readily produces reliable products. This challenge
should also be viewed in light of general industrial conservatism, driven by safety
concerns.

Figure 4.2: New Technology

Al
R1.4 Design objective function to consider energy saving parameter.

As the Al industry booms, enhanced computational capabilities also allow engineers
to explore multiple solution paths at the cost of increased energy consumption in
computation. Organizations are now considering robustness in terms of the de-
velopment process by including the metric of energy expenditure. The aim can be
interpreted as reducing the overall energy consumption during the stages of research,
design and product realization by exploiting new technology and strategically allo-
cating energy resources.

4.2.2 Concept design
Design Philosophy

R2.1 Di erent philosophies in di erent phases of product development.

During di erent stages of product development, each functional team has its inter-
nal de nition of what should be achieved and what constitutes robustness at that
stage, resulting in diverse de nitions. For instance, in the initial phase of product
development, customer requirements and criteria are volatile (R4.3). Hence the def-
initions of robustness may be more aligned with the adaptability and exibility of

the development process to accommodate drastic future alterations (R2.2). At this
stage, the robustness of the product development process is emphasized more than
the robustness of the product itself. Regarding the product, the design philosophy
tends to be more exploratory which can be drastically di erent from approaches in
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Figure 4.3: Concept design

later stages such as manufacturing and testing. This inherent diversity in design
philosophy has the potential to limit cross-functional integration in design decisions
(R4.1).

R2.2 Lack of robustness integration in early design stages -late inclusion.

The challenge of the lack of robustness consideration in the early stages was reit-
erated in multiple interviews. The robustness of the product is often overlooked in
early design phases due to a focus on immediate requirements. This can be viewed
as a challenge because changes to achieve robustness in later stages can become
extremely di cult if provisions are not made during the initial design and planning
phase.

It should also be noted that uncertainties in the initial phase play a vital role in
hindering early consideration of robustness. This raises the question of whether
robust optimization can realistically be considered in early phases, given the high
volatility in requirements and the general lack of understanding. It is even possible
that the lack of product robustness in early phases could increase the robustness
of the development process itself, as mentioned in the challenge of R2.1 regarding
di erent design philosophies.

R2.3 Unable to separate design from analysis.

Design and analysis are deeply coupled. This could be interpreted as a factor in-
creasing the development time. Although this coupling enables more iterations,
early detection of errors and increased feedback in general, if we are working with
a design very similar to an existing eld-approved design, this coupling can reduce
e ciency and increase lead time.
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Input Data
R2.6 Need for better tools to access historic data.

There is an over-reliance on a very speci ¢ portion of data with the under-utilization
of the full knowledge available within the organization. This challenge was further
observed and validated during the thesis through rsthand experience. It was noted
that there is a lack of e ective tools to search for pre-existing design information
and standards, which can result in the duplication of a lot of engineering work.
Awareness of what was done in the past regarding similar designs helps in making
strategic decisions that can reduce both engineering e ort and the potential for
errors.

R2.7 Customer mandates (unclear speci cations).

In the initial phase, customer requirements are highly volatile, making any robust-
ness consideration di cult since early optimization may demand total redesign and
reassessment as the project progresses. As the project advances, more informed
judgments regarding the design can be made, making robustness considerations
more practical in later stages. Unclear customer speci cations or missing data com-
plicate the robustness of the product and may lead to iterative corrections later in
the process. This lack of clarity can be a major barrier to considering robustness in
the early phase.

Long Term Changes
R2.8 Sensitivity to unexpected load changes.

This challenge acts as a further barrier to the integration of robustness in the early
design phase. There are uncertainties in real-world conditions that cannot be fore-
seen or modeled in the robustness analysis. This results in elevated sensitivity to
unexpected load changes, even for a robustness-optimized design which a ects the
e ectiveness of the iterative process to achieve robustness. The variations in load can
also be evolving in nature, as a function of time and working conditions, impacting
the reliability and structural integrity of designs previously considered robust.

R2.9 Di culty in predicting long-term design changes.

Initial design decisions are made with incomplete information, both in terms of cus-
tomer requirements and engineering data, leading to the risk of unpredictable future
modi cations that require signi cant rework. Uncertainties in resource sourcing,
geopolitics and economic decisions can a ect material selection, demanding drastic
reevaluation of the design under modi ed material properties. These challenges are
further ampli ed by the inherent di culty in foreseeing all changes in later stages
stemming from initial changes. The in uence of environmental variations on struc-
tural integrity also plays a role in this challenge.
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