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The greatest danger in times of turbulence is not the turbulence.
It is to act with yesterday’s logic.

Peter F. Drucker



To my parents, for their endless support and encouragement.



ACKNOWLEDGMENTS

I would like to express my deepest gratitude to Dr. Dimitri Mavris for his invaluable guid-
ance throughout my academic journey. His mentorship and the opportunity to be part of
the Aerospace Systems Design Laboratory (ASDL) have had a profound impact on my
academic and professional development. ASDL exposed me to a wide range of compelling
projects and allowed me to develop new skills that have opened doors for my future career.

I am especially thankful to Dr. Olivia Pinon Fischer for her dedicated support and in-
sightful advice throughout the course of this process. Her guidance in defining the topic,
helping to structure the work, and thoughtful feedback were crucial to the quality of this
thesis and are greatly appreciated.

I also wish to thank Dr. Andrei Fedorov, Dr. Oliver Sawodny, and Dr. Christina Tarin for
serving on my thesis committee. Their involvement in the joint degree program between
the University of Stuttgart and the Georgia Institute of Technology, which I was fortunate
to be selected for, has made a valuable contribution to my academic journey.

I extend my appreciation to the teams at ASDL and Capgemini involved in the research
initiative from which this thesis emerged. Their meaningful insights, perspectives, and
discussions helped shape this work. I hope that my research contributes to and supports the
continuation of that larger effort.

I am also grateful to my friends and family for their unwavering support and kindness.
Their thoughtful words and steady belief in me have meant the world to me throughout this
journey.

Finally, I want to thank my loving partner, Lea, for her patience and support — es-
pecially across the distance. Her understanding and encouragement have been a constant

source of strength and motivation.



TABLE OF CONTENTS

Acknowledgments . . . . . . . . . . i ittt e e e e e v
Listof Tables . . . . . . . . . i i i it it et it ettt i et xi
Listof Figures . . . . . . . i i i i ittt ittt ittt et o onoeneseas xiii
Listof Acronyms . . . . . . 0 v i i v i i i it i et e e e et e e e e e XV
SUMMATY . & v vt v ittt e o e et o ot o oo o oo oo o oo o oooeesoees XVviii
Chapter 1: Introduction and Motivation. . . . . .. ... ... .......... 1
1.1 Challenges of Modern Product Development . . . . . . .. ... ... ... 1
1.2 Digital Tools and Technologies . . . . . . . ... ... ... ........ 4
1.3 ResearchGoal . . . . . ... .. . .. . .. .. 5
1.4 Thesis Structure . . . . . . . . . . .. e e e 6
Chapter 2: Characteristics of Product Development . . . ... .......... 8
2.1 Domains of Product Development . . . . .. ... ... .......... 9
22 Complex Products . . . . . .. ... .. 10
2.3 Product Development Processes . . . . . .. ... ... .......... 11

2.3.1 High-Level Product Development Processes and Methodologies . . 12

2.3.2 Interactions of individual Activities . . . . . . . . . . . . . . ... 14

vi



2.4 Product Development Organizations . . . . . . . . . . ... ... ..... 15

24.1 Organizational Structures and Communication . . . . . . . . .. .. 15

242 Knowledge . . ... ... . ... 18

2.5 Digital Tools in Product Development . . . . . . . ... ... ... .... 19
2.5.1 Engineering Capabilities . . . . . .. ... .. ... .. ...... 20

2.5.2 Enhanced Collaboration and Knowledge Management . . . . . . . 22

2.6 Goals and Objectives of Product Development . . . . . . . ... ... ... 24
2.6.1 Management of Product Development . . . . . ... ... ... .. 25

2.6.2 Challenges of Managing Product Development . . . . . . ... .. 26

2.7 Summary of Observations . . . . . . . .. .. ... ... ... ..., 27
Chapter 3: Problem Framing and Definition . ... ................ 29
3.1 Opportunity for Modeling and Simulation . . . . . ... ... ... .... 29
3.1.1 Benefits of M&S of Product Development . . . . . . ... ..... 29

3.1.2 Potential of the Digital Twin of an Organization . . . . . . . .. .. 30

3.2 ResearchObjective . . . . . . ... ... . .. 31
3.3 ModelingPurpose . . . . . . . . ... 32
3.3.1 Overall PD Performance — Measures of Effectiveness . . . . . . . 33

3.3.2 Insights to Motivate Changes — Measures of Performance . . . . . 34

34 ModelingContent . . . . . . . . . . ... e 38
3.5 Scopeof the Framework . . . ... ... .. ... ... ... ... ... 39
Chapter 4: Modeling and Simulation of Product Development . .. ... ... . 42
4.1 Overview of Modeling and Simulation Methods . . . . . .. ... ... .. 42

Vil



4.2 Activity Networks — Discrete Event Simulation . . . . . . . ... ... .. 43

4.3 Rework Loop — System Dynamics . . . . . . ... ... ... .. ..... 45
4.4 Agent-Based Simulation Approaches . . . . . . . ... ... ... ... 46
4.4.1 Design Cognition and Strategies . . . . . . . . ... ... ..... 46

442 Team Interaction . . . . . ... ... .. ... ... ... 47

4.5 Evaluation of the M&S Methods . . . . . . .. ... ... ... ...... 48
4.6 ResearchGaps. . . . . . . . . . . e 50
Chapter 5: Problem Formulation ... ....................... 52
5.1 Baseline Model Selection . . . . . .. ... ... ... ... .. .. ... 52
5.2 Extension of the Process Logic . . . . .. ... ... ... .. ....... 53
5.2.1 Limitation of the BaselineModel . . . . . .. .. ... ... .. .. 53

5.2.2 Applying a Problem-solving Cycle to the Product Architecture . . . 55

5.3 Modeling of Digital Tools . . . . . . ... ... ... ... .. ....... 56
5.3.1 Digital Tools as enabling Resources . . . . ... ... ....... 57

5.3.2 Digital Tools as Platforms for Knowledge . . . ... ... ... .. 58

5.4 Summary of the Problem Formulation . . .. ... ... ... ....... 59
Chapter 6: Proposed Framework and Methodology . ............... 61
6.1 High-level Model Architecture . . . . . . ... ... ... ... ...... 61
6.2 Generation of the detailed Process . . . . . .. ... ... ... ... ... 63
6.3 Addition of Digital Tools to the Simulation. . . . . .. .. ... ... ... 65
6.4 Notional Case Study for Testing the Framework . . . . . ... .. ... .. 67

viil



Chapter 7: Implementation of the M&S Framework . . . . . ... ........ 70

7.1 Product Architecture . . . . . .. ... 70
7.2 Detailed Simulation Logic . . . . . . ... ... ... ... ..., 72
7.2.1 Technical Work . . . . ... ... ... ... .. ... .. ... 73

7.2.2 Processing Information . . . . ... ... ... L. 81

7.2.3 Collaboration and Consultation . . . . . . . ... ... ... .... 84

7.3 Simulation Execution . . . . . ... .. Lo Lo 88
7.3.1 DataExtraction . . . . .. .. ... o 89

7.3.2 Model Calibration and Verification . . . . . . . ... ... ... .. 92
Chapter 8: Resultsand Analysis . . . . . . . ¢ v v v v it ittt vt o v oo uaen 93
8.1 Analysis of Baseline Simulation Results . . . . . . ... ... ....... 93
8.1.1 Monte Carlo Simulation Results . . . . . .. .. ... ....... 93

8.1.2 Dashboard for Detailed Insights . . . . .. ... ... ....... 95

8.1.3  Analysis of the Process Behavior . . . . . . ... ... ....... 98

8.2 Sensitivity Analysis . . . . . . . ... 100
8.2.1 Experiment 1 — Accuracy of Simulation Tools . . . . ... .. .. 100

8.2.2 Experiment 2 — Interoperability between Tools . . . . . . . . . .. 103

8.2.3 Experiment 3 — New Tool Capability . . . ... ... ... .... 105

8.2.4 Experiment 4 — Exploration of the Organizational Design Space . . 109

8.2.5 Summary of the Effects of Digital Tools . . . . . .. .. ... ... 114
Chapter 9: Conclusion . . . . .. .. it ittt ittt i ot teeeesoeeos 116
9.1 Review ofthe Hypotheses . . . . . . ... ... ... ... ......... 116

1X



9.2 Review of the Simulation Framework . . . . . . . . . . . .. . .. .. ... 118

9.2.1 ModelingContent . . . . . . . . .. .. ... 118

9.2.2 Capabilities and Limitations . . . . . . ... ... ... ...... 120

9.3 FutureWork . . . . . . . ... 121
9.3.1 Model Validation and Fine Tuning . . . . . .. ... ... ... .. 121

9.3.2 Framework Improvements and Extensions . . . . . .. ... .. .. 122

9.3.3 Development of a Digital Twin of an Organization . . ... .. .. 123
AppPendices . . . . . it i e e e e e e e e e e e e e e e e e e e e 125
Appendix A: Baseline Model . . .. ... ... ... .. .. o 126
Appendix B: Model Parameters . . . . . . ... ... ... .. L. 129
Appendix C: Input Data of the Notional Case Study . . . .. ... ... .. .. 131
Appendix D: Simulation Code andData . . . . . . ... ... ... ....... 138
References . . . ... ... i i it ittt ittt 139



2.1

4.1

6.1

7.1

7.2

8.1

8.2

8.3

8.4

8.5

9.1

B.1

B.2

B.3

C.1

LIST OF TABLES

Summary of Observations. . . . . . . . ... .. ... ... ........ 28
Evaluation of relevant M&S approaches based on the attributes of PD. . . . 49
Tools defined for the baseline organization and their capabilities. . . . . . . 68
Summary of the input parameters for the simulation model. . . . . . . . .. 89
Summary of the measures of performance extracted during the simulation. . 90
MOEs and MOPs of the baseline configuration. . . . ... ... ... ... 95
Setup of Experiment 1. . . . . . . ... ... .. Lo 101
Setup of Experiment 2. . . . . . . . .. ... ... 103
Setup of Experiment 3. . . . . . . . ... ... ... o 105
Overview of Experiment4. . . . . . . .. ... .. ... ... ... ... 109

Comparison of the developed M&S framework with the existing approaches. 119

Interface types and possible severity values. . . . . . .. ... ... .. .. 129
Knowledge domains and their possible values. . . . . . . ... ... .. .. 129
Tuning parameters and settings of the simulation model. . . . . . . .. . .. 130
Properties of the defined productelements. . . . . . . ... ... ... ... 131

X1



C2

C3

C4

C5

C.6

Duration and learning rates for the high-level PD activities. . . . . . . . .. 132

Responsibilities assigned to the engineer agents. . . . . . . ... ... ... 133
Baseline properties of the defined engineer agents. . . . . . . .. ... ... 134
All defined tools and their capabilities. . . . . . .. ... .. ... ... .. 136
Baseline properties of the definedtools. . . . . ... ... ... ...... 137

Xii



1.1

1.2

1.3

2.1

22

2.3

2.4

2.5

2.6

2.7

3.1

3.2

33

4.1

4.2

4.3

LIST OF FIGURES

Complexity and development time of some systems from 1960-2010. . . . .
Top cited benefits of tools used to enable digital engineering. . . . . . . . .

Structure of the thesis. . . . . . . . . . . . . . e

Relationships of the product development domains. . . . . . ... ... ..
Generic staged product development process. . . . . . . . ... ... ...
Systems Engineering V for the development of complex products. . . . . .
Possible relationships between product development activities. . . . . . . .
Common organizational structures of product development organizations.

Modes of knowledge creation during product development. . . . . . . . ..

Selection of M&S tools and technologies used during product development.

Double-loop learning through a management simulator. . . . . . . .. . ..
Iron triangle of project management. . . . . . . . . .. .. ... ... ...

Use and scope of the framework for evaluating product development during
planning. . . . . . ...

Comparison of abstraction levels of different simulation methods. . . . . . .

Exemplary process design structure matrix of information dependencies
and rework probabilities between activities. . . . . . . ... ... L.

System Dynamics rework loop. . . . . . . .. ... ... oL

12

13

14

16

19

21

30

33



5.1

5.2

5.3

6.1

6.2

6.3

6.4

6.5

7.1

7.2

7.3

7.4

7.5

7.6

8.1

8.2

8.3

8.4

Comparison of Norden’s effort model and the baseline models’ smoothed
simulationresults. . . . . . ... oL oo

Generic problem-solving cycle during product development. . . . . . . . .

Overview of the problem formulation and the resulting hypotheses. . . . . .

Proposed high-level M&S architecture. . . . . . . ... ... ...,
High-level product development process used for the proposed framework. .

Exemplary application of Norden’s effort model to multiple product devel-
opment Stages. . . . . . . L. Lo e e e

Teams and engineers defined for the baseline organization. . . . . . . . ..

Hierarchical product architecture of the notional drone. . . . . . . . .. ..

State machine diagram for the behavior of engineer agents in the simulation

Quality types defined for product elements. . . . . . . ... ... ... ..

Impact of the interface quality on the solution goodness of a integrated
productelement. . . . . . . . ... ...

Impact of the tool accuracy on the measured quality. . . . . . ... ... ..
Information exchange between agents designing interdependent elements.

Improvement of knowledge through collaboration. . . . . . . .. ... ...

Lead time and cost distributions of the baseline configuration. . . . . . . . .

Dashboard visualizing data extracted during a single simulation run of a
likely run of the baseline configuration. . . . . . . . . ... ... ... ...

Applied effort over time of a likely run of the baseline configuration. . . . .

Comparison of the effort distributions generated by the developed simula-
tion framework, the baseline model and Norden’s effort model. . . . . . . .

X1v

68



8.5 Results of Experiment 1 — Accuracy and digital literacy. . . . . . . .. .. 102
8.6 Results of Experiment 2 — Interoperability and digital literacy. . . . . . . . 104
8.7 Activity network generated by the baseline configuration. . . . . . . .. .. 106

8.8 Activity network generated by adding the new HF system simulation tool. . 106

8.9 Results of Experiment 3 — Interoperability of the new tool. . . . . . . . .. 107
8.10 Results of Experiment 3 — Accuracy and usability of the new tool. . . . . . 108
8.11 Linear regression results of Experiment 4 — Accuracy. . . .. .. ... .. 111
8.12 Linear regression results of Experiment 4 — Interoperability. . . . . . . . . 112
C.1 Hierarchical product architecture of the notional drone. . . . . . . . .. .. 131

C.2 Design structure matrix of the defined drone showing the interfaces be-
tween components and their severity. . . . . . . ... ... Lo 132

XV



LIST OF ACRONYMS

ABS Agent-Based Simulation

Al Artificial Intelligence

API Application Programming Interface
ASoT Authoritative Source of Truth
CAD Computer-Aided Design

CAE Computer-Aided Engineering
CDF Cumulative Distribution Function
CDR Critical Design Review

DE Digital Engineering

DES Discrete Event Simulation

DMM Domain Mapping Matrix

DMU Digital Mock-Up

DoE Design of Experiments

DSM Design Structure Matrix

DTO Digital Twin of an Organization
ECAD Electronic Computer-Aided Design
EKM Engineering Knowledge Management (Tool)
FEA Finite Element Analysis

FPY First Pass Yield

HF High-fidelity

HIL Hardware-in-the-loop

IDE Integrated Development Environment

XVi



LF Low-fidelity
LHS Latin Hypercube Sampling
LT Lead Time

M&S Modeling and Simulation

MBSE Model-Based Systems Engineering

MCAD Mechanical Computer-Aided Design

MDM Multiple-Domain Matrix
MOE Measures of Effectiveness
MOP Measures of Performance

PD Product Development

PDF Probability Density Function
PDR Preliminary Design Review
PLM Product Lifecycle Management
QFD Quality Function Deployment
R&D Research and Development

SD System Dynamics

SE Systems Engineering

TPM Technical Performance Measure

V&V Verification and Validation

XVil



SUMMARY

The development of new products by organizations presents many challenges. New com-
plex and multidisciplinary products, increased customer demands and competitive pressure,
as well as agile, collaborative, and concurrent processes, make developing products increas-
ingly complicated and challenging. This requires extensive planning and management of
the organization, processes, and resource allocations to develop products efficiently. In-
creasingly capable digital tools are available that can address these challenges and acceler-
ate the development of new products by facilitating collaboration, information sharing, and
knowledge creation. However, their implementation also is challenging and the results are
uncertain.

Traditional methods for planning product development often rely on the experience of
managers, are based on assumptions, and have little to no quantitative basis, resulting in
frequent cost and schedule overruns, as well as quality problems. Modeling and simulation
can help manage the product development process by enabling risk-free testing and eval-
uation of different what-if scenarios. Some methods for this already exist in the literature
but have seen limited application in industrial practice due to the lack of a holistic view of
product development. In particular, the impact of digital tools on product development has
rarely been considered in previous simulation approaches.

Therefore, a framework for holistic modeling and simulation of product development
is proposed. An extensive analysis of existing methods led to the selection of a baseline
model which was adapted to include aspects of all important product development domains
(product, process, organization, tools). The simulation model is an agent-based model
that models every entity of these domains as an agent allowing for various interactions
among entities and the analysis of the emergent behavior. The most important addition are
agents representing tools used for engineering and supporting activities. These influence

the accuracy of validation activities and the way information is shared between engineers.

XViil



The framework was applied to a notional case study to analyze its behavior, perform
sensitivity analyzes, and demonstrate its capabilities. The results proved that the imple-
mented simulation logic behaves as intended and represents product development more
realistically than the current methods. The impact of the agents of digital tools was studied
extensively through multiple Design of Experiments (DOEs) to demonstrate their behavior
and discover various interactions.

The proposed simulation framework can enable informed decision-making to improve
product development performance by testing multiple configurations and identifying causes
of inefficiencies. This is achieved through a comprehensive analysis of the entire design
space of the organization and by providing detailed information through measures of effec-
tiveness (MOEs) and productivity (MOPs) at multiple levels of granularity.

Validation based on empirical data and through experts is still necessary to prove the
practical applicability of the framework. In the future, the framework could be a stepping-
stone toward the development of Digital Twins of Organizations, by adding more detail,

further improving its capabilities, and integrating real data.
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CHAPTER 1
INTRODUCTION AND MOTIVATION

Today’s development of products and systems is faced with a multitude of challenges, sig-
nificantly affecting both the efficiency and quality of their development processes. The rise
of digital tools and technologies is revolutionizing traditional processes and methods, driv-
ing a digital transformation that is changing products and the way they are developed and
manufactured [1, 2]. As products become smarter and more complex, they require innova-
tive development approaches and the collaboration of various stakeholders and interdisci-
plinary teams [3]. At the same time, increasing global market pressures and competition
necessitate greater flexibility, cost reduction, and faster development cycles [4]. In order to
effectively manage and navigate these dynamic challenges, adaptive and forward thinking
strategies in modern product development are needed [5].

The following section will go over the challenges of product development (PD) in more
detail. After that, the benefits of digital tools for overcoming these challenges, as well as
difficulties of implementing digital tools, will be discussed. The chapter ends with a brief

description of the research goal and the structure of the thesis.

1.1 Challenges of Modern Product Development

Increasing Product Complexity

Complexity in modern products is driven by their multidisciplinary nature, increased num-
ber and severity of requirements, functions, and configurations. This results in an increas-
ing number of hardware and software components, as well as interfaces and dependencies
of the components [3]. Figure 1.1 illustrates this increase in complexity over the past 60

years.
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Figure 1.1: Complexity and development time of some systems over the past 60 years [6].

Products are becoming increasingly complex by integrating advanced information and
communication technologies, such as the Internet of Things, Artificial Intelligence, or ad-
vanced analytics, into them [1]. This creates complex cyber-physical systems and systems
of systems. These require sophisticated development processes to manage time and cost,
as they involve many organizations and people working concurrently [1].

Furthermore, the trends of servicification, individualization, and reconfiguration change
the development of products by increasing the involvement of customers, utilizing op-
erational data, and requiring more flexibility and modularity in the products themselves
and their development process [1]. These challenges require multidisciplinary expertise,
strong collaboration among many stakeholders within multiple organizations, as well as

redesigned processes and organizational structures to create successful products [1, 3].

Global Product Development

Another layer of complexity is the globalization of the development, production, and com-

mercialization of products, leading to the need for lower cost, reduced time to market, and



the need to meet the requirements for various markets (multiple regulations and differing
customer needs) [4]. This creates additional pressure on the effectiveness and efficiency of
PD. The resulting global distribution of resources, including their knowledge and expertise,
and complex supply chains can lead to communication and coordination barriers (e.g., ge-
ographical distance, time zones, culture, language, process compatibility) [7]. This creates

further challenges for the management of PD and the efficient allocation of resources [5].

Organizational Challenges

Many of the challenges described above require changes to the organization and its devel-
opment processes. These also have their own recurrent issues and challenges. The most
notable issues are misaligned processes, poorly defined team structures, and problems with
communication, information flow, and knowledge sharing [8]. These result in decreased ef-
ficiency or effectiveness, leading to reduced competitiveness for companies through budget
overruns, missed deadlines, or reduced product quality.

These issues are especially apparent in large organizations due to the large number of
teams and possible interactions [3], making cross-functional collaboration and information
sharing more difficult, which are essential for the successful development of complex sys-
tems [9]. Furthermore, limited resources must be effectively allocated by maximizing their
competencies and minimizing waste in unprofitable projects [35, 9].

In order to facilitate greater flexibility and resilience to changes and develop better
products, alternative PD methodologies and processes (e.g., collaborative, agile, lean, or
integrated) or new organizational structures are gaining popularity [10]. In addition, com-
bined methodologies, such as integrating agile approaches into stage-gate processes, are
being introduced [9]. These flexible, highly iterative, and concurrent processes make plan-
ning and predictions of the outcome of PD more difficult due to unforeseen development

paths and higher degrees of collaboration and communication [10].



1.2 Digital Tools and Technologies

Digital tools and technologies can help overcome the challenges mentioned above and also
lead to faster PD processes, reduced cost, and higher quality products [2, 11]. Therefore,
implementing digital tools is necessary to gain or maintain competitive advantages. But

their implementation also has some challenges because it requires organizational changes.

Benefits and Capabilities of Digital Tools

Advances in information and communication technology and digital tools are transforming
PD by improving efficiency and enabling the development of more complex systems. These
tools improve the design and analysis of products, the communication and collaboration of
stakeholders, as well as the management of data and knowledge [2, 12]. This creates a
well-integrated and efficient development process. Additional benefits of MBSE, which
enables digital engineering, are summarized in Figure 1.2.

Classical tools such as CAD and CAE have revolutionized PD, and today’s digital land-
scape continues to expand, offering better and new capabilities for various tasks throughout
the development lifecycle [2]. Advanced simulation tools enable virtual verification and
validation, leading to a reduced reliance on physical tests and early identification of issues

[14]. In the context of digital engineering, digital models and data across all domains are

Improved system design
Increased productivity

Better accessibility of information
Improved system understanding
Reduce risk

Reduce error

Improved system quality
Reduce time

Increased capacity for reuse
Reduce cost

Better manage complexity
Improved consistency
Increased traceability

Better communication

0% 2% 4% 6% 8% 10% 12%

Figure 1.2: Top cited benefits of tools used to enable digital engineering [13].
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integrated through MBSE and PLM tools, enabling rapid iteration and better collaboration
[2, 14]. Cloud-based models and platforms allow real-time collaboration and serve as a
central source of data, information, and knowledge. This improves knowledge sharing and
reuse by maintaining an authoritative source of truth, enhancing consistency, traceability,

and accessibility throughout the development process [15, 16].

Challenges with Implementing Digital Tools

Implementing digital tools, however, presents significant technical and organizational chal-
lenges. In addition, large financial investments are required for IT infrastructure, software
licenses, and training [11, 14]. Without careful planning and consideration of the chal-
lenges, the potential benefits of digital tools can be offset by the costs and difficulties asso-
ciated with their implementation [17].

One challenge is that processes, team structures, and responsibilities must be changed
when implementing new tools, in order for them to align with the new capabilities provided
[18, 19]. Furthermore, new competencies and therefore training are also required for per-
sonnel to be able to use the tools [12, 17]. In addition, the alignment and interoperability
of different tools, especially legacy systems, must be considered, as fast data transfer is
required for efficient collaboration and knowledge management [14, 19].

These changes can face cultural and personal resistance that could lead to difficulties in
the adoption and effective utilization of rapidly changing technologies [11, 20]. Therefore,
organizations must promote a culture of continuous learning and offer training programs to

align the level of competency of personnel with the tools requirements [12, 17].

1.3 Research Goal

Overall, the challenges facing today’s PD organizations are multifaceted and often require
companies to strategically adapt themselves through the adoption of new tools and tech-

nologies, as well as restructuring their processes and organization. Identifying and imple-



menting the necessary changes to react to these challenges and managing PD effectively
ensures that organizations can innovate and compete in the dynamic global market.

However, despite advances and research in systems engineering and project manage-
ment practices, PD projects still regularly have budget and cost overruns or quality issues
[21, 22]. These issues are especially prevalent in complex projects and are often even ex-
pected [23]. Although project management and planning are not the sole causes of these
problems, they are an important factor [21].

Furthermore, current methods for forecasting the impact of digital tools or planning
their implementation often rely on surveys and best practices (e.g., [14], [20]) or conceptual
frameworks (e.g., [24], [25]). Although these provide valuable insights, they are often very
broad and do not provide quantitative metrics. This makes many of these methods not
applicable for direct implementation purposes, leading to the need for new methods to
evaluate the impact of digital tools on PD.

Based on these observations and the general interest of academia in optimizing and

reducing the risk of PD processes [26, 27], the overarching research goal emerges.

Research Goal: Develop a method for better planning and management of product de-
velopment in the context of digital engineering to efficiently identify problems as well as

opportunities for improvement.

1.4 Thesis Structure

In the chapter following this introduction, the necessary background information on com-
plex PD is introduced. Based on the motivation and observations made about PD, the prob-
lem and objective of this thesis are further defined and scoped in Chapter 3 which leads to
the opportunity for modeling and simulation (M&S). M&S methods of PD processes are
then presented and analyzed in Chapter 4. The gaps of the existing M&S methods then

lay the foundation for the formulation of the problem and the hypotheses of this thesis in



Chapter 5. The proposed modeling and simulation framework to address these problems
and objectives is then presented in Chapter 6. The detailed realization and implementation
of the framework is described in Chapter 7. The implemented framework is then analyzed
and tested by performing various experiments based on a notional case study in Chapter 8.
Finally, in Chapter 9 the hypotheses are reviewed, and future work is proposed. Figure 1.3

visualizes the structure of the thesis and depicts the logical flow between the chapters.

1. Introduction and Motivation — 2. Characteristics of PD
Challenges in PD —> Research Goal Literature Review 1 — Observations
3. Problem Framing and Definition l

Opportunity of M&S —> Research Objective —> Modeling Purpose and Scope
I
l v v

4. Modeling and Simulation of PD 5. Problem Formulation
Literature Review 2 —» Research Gaps Baseline Model — Hypotheses
I |
v
6. Framework and Methodology — 7. Implementation
High-level Approach Case Study Detailed Logic Execution
|
v

8. Results and Analysis — 9. Conclusion

Validate Behavior Sensitivity Analysis Review Future Work

Figure 1.3: Structure of the thesis.



CHAPTER 2
CHARACTERISTICS OF PRODUCT DEVELOPMENT

Product development (PD) is defined as a

“interdisciplinary corporate process used to design a marketable product, the
process is based on the definition of initial objectives and requirements for the
product which are constantly further improved and iteratively adjusted in the

course of the process.” [28]

The process begins with planning and the formulation of the requirements, progresses
through design, development, and testing, and finally culminates in production ramp-up
and product launch [29]. It integrates various disciplines and requires cross-functional col-
laboration to ensure that the product meets the needs of the market and customers, adheres
to regulatory standards, and achieves company goals.

To better understand PD, this chapter aims to present the fundamental aspects and char-
acteristics of product development that must be considered when creating a method for
planning and managing PD. This chapter is therefore guided by the following formulation

question.

Formulation Question 1: What key elements and interactions are necessary to describe

and understand product development?

The following section presents an organizing framework for PD, dividing it into distinct
domains. After that, the single domains will be described in depth and various observa-
tions will be derived. A short summary of these observations can be found at the end of
this chapter. These observations lay the foundation for the investigation of methods for

evaluating PD processes in the following chapters.
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2.1 Domains of Product Development

When describing product development, scholars often refer to a few distinct domains that
are used to differentiate between the different aspects and entities involved. There is no
standard definition for these domains, but often categories with similar meaning are used
[26]. For this thesis, an adaptation of the ZOPH'! model developed by [30] with the follow-

ing five main domains will be used [31]:

Product — outcome of product development (product design, artifacts),
Process — work and activities to create the product,

Organization — people and teams performing the activities,

Tools — software, equipment, facilities, etc. used by the people,

Goals — requirements, objectives, and policies for all of the other domains.

These domains enable a holistic description of a product development project, the entities
involved, and how they relate to each other. All of these domains are additionally influenced
by the environment in which the project operates. The environment includes influences of
suppliers, competitors, customers, technology, research, and laws/regulations, to name a

few [30]. Figure 2.1 structures the PD domains and their relationships.

Projects

Goals

Organization

~

Process Product Environment )

PN

Tools

Figure 2.1: Relationships of the product development domains (adapted from [31]).

1ZOPH is a German acronym that stands for Zielsystem (goal system), Objektsystem (object system),
Prozesssystem (process system), and Handlungssystem (agent system).
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The relationships of the domains can be summarized as follows: The product develop-
ment process performed by the organization and its tools and resources creates a product
while operating within the constraints of the environment and working towards fulfilling

the strategic and operational goals [31]. The following observation can be made.

Observation 1: Product development is made up of distinct, but interdependent domains

that must be aligned with each other for its successful outcome.

The following sections will present the most important aspects and, especially, the interac-

tions of these PD domains.

2.2 Complex Products

The product design is the result of product development. The design describes how the
product is shaped, what functions it performs, and how it is manufactured. This infor-
mation is stored in a series of evolving technical artifacts such as CAD models, bills of
materials (BOM), software codes, or architecture diagrams that are generated, exchanged,
and changed throughout the development process [30].

A complex product or system (e.g., airplanes, automobiles) is usually made up of many
multidisciplinary subsystems that are integrated with each other in order to achieve the
overall system functions and requirements. These subsystems are made up of more subsys-
tems and components that have their own functions and requirements. This decomposition
of the system into subsystems and components creates the product architecture [32]. Each
element in the product architecture relates to at least one technical artifact.

The complexity of the system increases not only through the large number of compo-
nents and functions but also through their interactions, dependencies, or interfaces [32, 33].
These must be managed and coordinated to ensure that components and subsystems can be

integrated with each other. Interfaces can have varying types (e.g., geometric/spatial, struc-
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tural, energy, material, and information/data)? and severity that lead to different integration
challenges and required coordination efforts [35, 36]. Furthermore, integrating systems or
components from different technical domains creates additional interface complexity [37].
Therefore, it is common practice for interfaces to be defined in early development or system
design, ensuring that subsystems and components can be developed independently without
creating large-scale rework due to them not being compatible [6, 26].

Additionally, when developing products, subsystems and components are defined by
sets of variables or parameters that make up the design space. The overall design must
be optimized (multidisciplinary design optimization) with respect to the requirements by
varying these design variables [33]. The complexity of this is that the optimal design for
a component might not lead to the optimal system-level design [32]. Therefore, trade-offs
and coordination between subsystems are necessary to find the best solution that maximizes
the design objective functions related to the overall requirements of the system [6].

Overall, the complexity of the product is an important driver of the overall complexity,
time, and effort of PD [3, 26, 37]. Therefore, the following observation summarizes the

drivers of product complexity.

Observation 1.1: The complexity of a product is the result of its structure (number of
components, hierarchy, and interfaces), its multidisciplinarity, the maturity of technologies

used, and the severity of requirements.

2.3 Product Development Processes

The process domain describes all stages, activities, and tasks, as well as their connections
that are necessary for the development of a product. This section is divided into two sub-
sections: one for the high-level overview of product development processes and one for the

lower-level interactions between individual activities and tasks.

ZMany other types of interfaces can be defined as described in [34]. For this thesis, the mentioned types
have been selected because they are commonly used in literature.
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2.3.1 High-Level Product Development Processes and Methodologies

The development of products is usually performed in phases or stages. These stages serve
different purposes and are structured differently depending on the product being developed.
However, the general structure of a product development process is the same for most prod-
ucts [29]. This idealized and generic structure of a PD process can be seen in Figure 2.2.
The generic PD process encompasses several critical stages, starting with planning, where
the project scope, goals, and resources are defined. This is followed by concept develop-
ment, where ideas are generated, evaluated, and refined into viable product concepts. The
process then progresses to system-level design, where the overall architecture and major
subsystems of the product are defined. Next, during detail design, specific components,
materials, and processes are developed and specified. The festing and validation stage
follows, ensuring that the product meets all requirements and standards. Finally, during
production ramp-up, the product is transitioned to full-scale manufacturing, where produc-
tion processes are refined.

Often, instead of having strictly defined stages that have to be completed before the
next stage starts (i.e., stage-gate process [38]), overlapping and iterations occur because
this can greatly improve development speed and also quality [39]. In the most extreme
case, development is completely iterative (i.e., agile or spiral product development). In
reality, a combination of all these aspects is usually the case, and its selection strongly
depends on the type of product being developed, as well as the capabilities and resources
of the organization [9, 40].

More complex products require more sophisticated and concurrent processes [29]. This

process is known as the Systems Engineering V [41], depicted in Figure 2.3. The system

. C Concept C System-Level C Detail C Testing and C Production
Iy Development Design Design Validation Ramp-Up
Mission Concept Preliminary Critical Design Production

Approval Review Design Review Review Approval

Figure 2.2: Generic staged product development process (adapted from [29]).

12



Phases Conceptual Preliminary ’ Detailed Te(:::sh-;;'ia:ar;;on Operations &
Development System Design Design agémrw " Expansion

Technology and Feasibility
Market Analysis  Exploration

Operations and  Changes and
Maintenance Upgrades

Systemn

System Level 1

System Specifications
=~ andTestFlans —

Systemn

Validation

System Level 2

Q
kS
EY Subsystem \ Subsystem Specg [/ Subsystem
2 and TesTP@Ens 7 validation
System Level 3 %:

System Level 4

i DOCUMentation

’ Review

Component

System Level 5 Development

Implementation

Figure 2.3: Systems Engineering V for the development of complex products [36].

design stage becomes more important for defining and decomposing the product in many
subsystems by defining their specifications and interfaces. This makes concurrent devel-
opment of the subsystems possible, which is necessary to reduce the overall development
time [29]. After the development of these subsystems, they are individually tested be-
fore integration and testing on higher levels of decomposition occurs. During this process
extensive Verification & Validation (V&V) of product elements is performed against the
original requirements. These activities are closely related to the product architecture and
its decomposition and interfaces, therefore linking the product and process domains.
Overall, the high-level structure of PD processes for complex products can be summa-

rized as follows.

Observation 1.2: The development of complex products follows a well-defined high-level
process that guides the decomposition of the system into smaller subsystems that are then

concurrently developed, tested, and integrated.
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2.3.2 Interactions of individual Activities

Stages are made up of several activities that are performed to achieve the overall result of
that stage. An activity is defined as a “logically enclosed operation” [42], that needs cer-
tain inputs and generates certain outputs. Sequencing activities in a good way is important
for efficient PD [26]. The main consideration that goes into this is the information de-
pendencies between activities. Figure 2.4 illustrates what relationships can exist between
activities.

Coupled information dependencies cause some activities to have to be performed with
incomplete or preliminary information making the use of assumptions necessary [26]. This
leads to iterations of activities when information changes or wrong assumptions were made.
Finding the optimal sequence of activities to minimize rework and iteration is NP-hard
[26]. However, minimal iteration will most likely not lead to minimal development time
because opportunities for concurrency are not exploited. In addition, iteration can also be
beneficial in increasing product quality by using newly gained insights to improve a design
or correct defects [43]. Therefore, often heuristics and work policies are used to sequence
PD activities.

To reduce development time, activities are often performed concurrently. The overlap
of dependent activities can have a positive effect on development time, but also risks greater
amounts of rework because incomplete information is used and assumptions are made [26].

In addition, more coordination is required for overlapped activities because new informa-

| |
! Activity B | ! Activity B
1 1
I I
Activity A [ Activity B | ' | Activity A | Activity A 1
| |
| |
| Activity C | | Activity C
I I
I I
Sequential Parallel Coupled

Figure 2.4: Possible relationships between PD activities.
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tion is continuously generated and could cause rework [26]. These effects are described as
information evolution and sensitivity. Information evolution describes how the maturity of
the input information changes over time and the sensitivity describes how severe an input
information change is on an activity [44]. Various work policies for overlapping and activ-
ity prioritization have been explored in the literature [44, 45]. The effectiveness of different
policies greatly depends on the previously mentioned dependencies between activities.
The following observation can be made to describe the interactions between individual

activities during PD.

Observation 1.3: Product development processes are made up of concurrent and interde-
pendent activities that necessitate the use of assumptions or preliminary information, thus
resulting in iteration and rework of varying severity depending on the selected work policy

and the information dependencies.

2.4 Product Development Organizations

The organizational domain of PD describes the people in the PD organization, as well
as their interactions and relationships. These people are distributed over many different
departments or even organizations. Ensuring people are organized and interact with each

other efficiently is therefore very important for successful product development [46].

2.4.1 Organizational Structures and Communication

Organizations can be structured in many different ways, and the chosen structure depends
on many factors, such as the number of employees, the size of the portfolio, or the variety
of the portfolio, to name a few [29]. The organizational structure defines who is responsible
for what and how communication and interactions occur between individuals and teams.
The structure influences how efficient cross-functional and cross-project communication is.

The most important organizational structures for product development are functional,
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project and matrix organizations (Figure 2.5). Each of these organizational structures offers
unique strengths and challenges [29, 46].

Functional organizations benefit from deep expertise and efficiency within specific de-
partments, but can suffer from communication silos that lead to slow coordination and
bureaucratic interactions. Project organizations, on the other hand, provide strong cross-
functional collaboration and development speed, but may have difficulty building deep
technical expertise and sharing knowledge between different projects. Matrix organiza-
tions, a hybrid structure, combine the advantages to some extent but require additional
managers, leading to complex reporting and potential conflicts. Variations of the matrix
organization (i.e., light weight or heavy weight team structures) are most common in well
established companies of complex products because they require both highly specialized
resources and strong coordination between functions [46].

Other aspects of the organizational structure are the creation of divisions (for markets,
product types or geographical locations), the number of hierarchies (i.e., decision-making
authority), team sizes, and the co-location or distribution of team members [46]. All of
these aspects also influence the efficiency and patterns of information flow and knowledge
sharing in an organization.

To develop a product, many interdependent activities are performed and coordination
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Figure 2.5: Common organizational structures of PD organizations (adapted from [29]).
FM: Functional Manager; PM: Project Manager.
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between subsystems must occur, which means that information flow between people, de-
partments, or teams is necessary. An important aspect of these interactions is that the
dependencies of a product mirror the communication structures of the organization that
designs the product [26]. This is due to the fact that interfaces require coordination and
collaboration in order to be successfully integrated. This so-called mirroring hypothesis?,
also known as Conway’s Law [50], additionally states that before development of a product
can start, partitioning of its architecture into smaller subsystems has to occur and interfaces
have to be identified and defined, underscoring the importance of system design. Fur-
thermore, it was found that the amount of coordination occurring strongly depends on the
development stage. During system design and integration, wide-scale coordination (overall
system) is predominant, while detail design focuses more on small-scale coordination (lo-
cal clusters) [S1]. If interfaces are not matched by coordination efforts by the organization,
the efficiency of PD is reduced because problems cannot be identified and resolved early,
leading to quality issues or more rework in later stages of product development [47].

Information flow occurs through different forms that strongly influence its effectiveness
and efficiency. To characterize information flow differentiation between the level of detail
(e.g., documents vs. models), frequency, the medium used (e.g., email, database, telephone,
face-to-face), direction (i.e., one-way, two-way), and timing (i.e., partial or complete infor-
mation) are some aspects to consider [26].

The following observation about the organizational domain can be made to summarize

the most important aspects of organizational structures and their communication.

Observation 1.4: The information flow and communication, with their efficiency strongly
influenced by the organizational structure, the form of information exchange used, and the
active PD stage, must match the interfaces and dependencies of the product architecture in

order to develop the envisioned product.

3Many studies (e.g., [47], [48]) have mostly, with some exceptions for special and rather disruptive cases,
confirmed this hypothesis but have also shown that usually not all interfaces in a product architecture are
matched by interactions in the organization, leading to inefficiencies and problems [26, 49].
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2.4.2 Knowledge

Product development is an information- and knowledge-intensive transformation process
[52]. Input information, when combined with existing knowledge, generates new knowl-
edge, which is then codified as information for use in other activities [31]. In the overall
PD process, this is the transformation of requirements and constraints into a product de-
sign [52]. Thus, understanding how knowledge is created, shared, and used is important
for understanding PD. As PD progresses, new knowledge is created, requiring continuous
learning of personnel [53]. Therefore, knowledge is placed in the organizational domain
because a large portion of an organization’s knowledge is distributed among all engineers
[54] and is related to organizational learning [55].

Knowledge is typically categorized into two types: tacit and explicit [56, 57]. Tacit
knowledge is personal, experience-based, and often difficult to articulate, such as insights
gained through hands-on work and training or deep expertise in a particular domain. Ex-
plicit knowledge, on the other hand, is more formalized, is easy to document and can be
communicated through documents, models, or databases. Throughout this thesis, explicit
knowledge will also be referred to as information because the information flow during PD
is mostly done by sharing documents or models [31].

New knowledge is generated by using, sharing, and transforming existing knowledge.
Figure 2.6 illustrates four different modes of knowledge creation. In PD existing knowledge
(i.e., previous product documentation, knowledge repositories, expertise) is used to create
new knowledge (i.e., new products, new insights) [52]. Engineers create new knowledge
through experimentation, iterative design, and problem-solving activities [55, 56]. This
knowledge is then codified into explicit forms, such as design specifications, technical
reports, and lessons learned, making it accessible to others [58, 59]. Tools are used to
store (e.g., PLM), represent (e.g., CAD), generate (e.g., FEA), or connect (e.g., MBSE)
this knowledge, especially explicit knowledge [59].

Tacit knowledge is shared mainly through communication, collaboration, and consul-
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tation [54, 56, 60]. This allows team members to leverage the experiences and insights of
each other to exchange ideas and resolve conflicts [26]. Consultation between novices and
experts is also an important factor for knowledge transfer, but also for the creation of new
knowledge through interactive discussions [61]. Furthermore, knowledge management sys-
tems organize explicit and formalized tacit knowledge to make it available for reuse [60,
62]. This refers to both generalized knowledge (expertise — know-how, know-why) and

product-specific knowledge (know-what) [55, 60].
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Figure 2.6: Modes of knowledge creation during product development (adapted from [56]).

Overall, the connection of the organization, product, process, and tool domains through
knowledge highlights its central role in PD: The product is the embodiment of knowledge,
while the process requires and transforms knowledge, which is provided and shared by

people or tools [26, 52, 54, 62]. The following observation can be made.

Observation 1.5: Product development generates knowledge (about the product) by ap-
plying existing knowledge (tacit or explicit) to activities and sharing knowledge between

people and tools.

2.5 Digital Tools in Product Development

The tool domain describes all non-human resources that are used during PD. Examples

for these are facilities, testing equipment, computers, and software. These tools aid peo-
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ple during tasks or are required to perform certain tasks [63]. Physical tools mainly limit
product development through their cost and availability (i.e., they are mainly resource con-
straints). Digital tools, on the other hand, have a transformative effect on product devel-
opment, changing how products are developed and tested, how people collaborate, or how
knowledge and data are managed [2, 16]. This is especially the case for advanced and
newer digital tools. Digital tools can speed up PD and reduce its cost, while also increasing

the quality of the product [2, 12, 14]. The following observation can be made for this.

Observation 2: Digital tools are enablers of PD that allow products to be developed more
efficiently by offering new capabilities that reduce physical testing needs, promote easier

collaboration, and help managing knowledge.

Since this impact of digital tools on PD is of special interest for this thesis, the following
formulation question will guide the following sections to identify in more detail how digital

tools influence PD to achieve the stated benefits.

Formulation Question 1.1: How do digital tools influence product development?

2.5.1 Engineering Capabilities

Modern engineering relies on digital tools such as computer-aided design (CAD) and
computer-aided engineering (CAE) to create, analyze, and refine products. Today, the
landscape of modeling and simulation tools that are used throughout the entire PD pro-
cess is continually evolving through better and new tools [2, 16]. Some of these tools and
technologies used can be seen in Figure 2.7.

The constant improvement of digital tools, with increased ease of use, added features,
and enhanced capabilities, ensures that engineers can create better designs and analyze
them with increased accuracy, while requiring less effort [2, 64]. These effects lead to an
overall improvement in the efficiency and effectiveness of PD. This is achieved through the

automation of tasks, the integration of tools, and advanced tools for virtual validation.
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Figure 2.7: Selection of M&S tools and technologies used during PD [16].

New features and capabilities such as knowledge-based design, Al-driven assistants,
task automation, and generative design methods allow engineers to quickly explore a wide
range of design alternatives and reduce the time required for manual adjustments [2, 16,
64]. These are especially useful for repetitive and computationally intensive tasks. Fur-
thermore, engineering intelligence and data analytics also lead to data-driven insights that
support more informed decision making throughout the product lifecycle [16, 64].

Integrating simulation environments with each other ensures that multiple aspects of a
system (i.e., mechanical, thermal, fluids, and electronic) can be analyzed simultaneously,
providing faster analyzes and a more comprehensive understanding of design trade-offs
[2]. Analysis capabilities within design tools also enable faster iteration between designs,
reducing the dependence on specialists and additional tasks [2].

A key advantage of digital engineering is its ability to front-load problem-solving by
identifying design flaws and performance issues in the early stages of development [16,
65]. Advanced modeling and simulation tools allow engineers to test components and their
interactions before prototyping and manufacturing begins. Especially high-fidelity simula-
tion capabilities, such as digital mock-ups (DMU) or digital twins, allow early validation

and fast iteration to test, refine, and optimize designs much earlier [14, 64]. These so-
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called virtual prototypes therefore ensure that the product meets performance requirements
without needing excessive prototyping and physical testing, which reduces costly late-stage
modifications.

While the well established tools are becoming increasingly easy to use and efficient
[2], newer highly sophisticated tools (i.e., model-based systems engineering, data analytics,
digital twins) require new competencies and other areas of expertise. In addition to digital
literacy [66], more emphasis is needed on systems thinking and multidisciplinary expertise
[2, 64]. Training of the workforce to maintain or build competencies is therefore very
important [17]. Overall, the following observation can be made to summarize all the above-

mentioned aspects.

Observation 2.1: Digital tools have powerful capabilities to directly support or enable
engineering activities (e.g., design, simulation) that enable faster, higher quality, and more
cost-effective development of products, but also require new competencies and adapted

processes.

2.5.2 Enhanced Collaboration and Knowledge Management

The previous section described how digital tools create knowledge. However, they also
change how knowledge is shared, stored, and reused through the use of collaborative and
knowledge management tools [2]. As stated in the previous sections, collaboration, as well
as efficient use and management of knowledge, is important for successful PD, especially
with complex products [5].

Classical product data management (PDM) and product lifecycle management (PLM)
tools are used as central repositories of product data, making information available to other
people [64]. Cloud-based models and tools allow fast or even real-time collaboration, ac-
celerating PD by reducing the need for data transfer and enabling distributed remote work
[2]. Knowledge management platforms such as Wikis and expert systems are important for

providing additional knowledge and information by formalizing tacit knowledge [59].
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These systems also enable reuse of existing knowledge that has been generated by pre-
vious projects, which is highly desirable and is seen as a means to reduce the PD effort
and lead time [64, 65]. Digital tools such as MBSE or PLM play a crucial role in facili-
tating reuse by organizing, indexing, and connecting the available knowledge to be easily
accessible and findable [59, 64].

Digital engineering is an emerging trend that aims to transform PD by integrating digi-
tal models and authoritative data throughout a systems lifecycle as well as all the domains
and disciplines involved [15]. This transition from document-centric to model-centric ap-
proach promotes consistency, better collaboration, and knowledge management by having
an authoritative source of truth (ASoT) that is easily accessible and always up-to-date [16].
Digital engineering is enabled by MBSE, digital twins and a digital thread between tools
and models [16, 67].

The digital thread, enabled by MBSE, is especially important for the realization of
ASoT by linking digital artifacts throughout the product lifecycle to ensure consistency,
traceability, and accessibility [68]. It integrates different tools, models, simulations, and
data sources with each other, allowing seamless collaboration between domains while
maintaining synchronization of evolving information. In addition, the reuse of knowledge
and models is promoted by a digital thread [13, 68]. A prerequisite for a fully integrated
digital thread is high interoperability between tools and models [19, 68]. This can be
achieved through centralized platforms and unified standards for the exchange and connec-
tion of tools, models, and data, ensuring that information can be shared and used across all
necessary tools [16, 19, 69].

Overall, the various mentioned tools reduce the time required to search for information,
allowing engineers to focus more on engineering tasks [67]. The high availability and
traceability of up-to-date information enables informed decision making, faster and early
design verification, as well as easy collaboration between different technical domains and

fast access to required information [13, 16, 68]. This increases productivity and reduces the
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overall PD cycle time, while also reducing the number of defects and generating higher-
quality products [13]. In addition, the total cost of PD is reduced, as well as the cost and

effort of changes or rework [13, 14]. In summary, the following observation can be made.

Observation 2.2: Digital tools improve the availability, organization, and flow of knowl-
edge and information, ensuring consistency and efficient collaboration through better ac-

cessibility, traceability, and exchange between tools and personnel.

2.6 Goals and Objectives of Product Development

The goal domain of PD describes the objectives and requirements that it should be achieved
[30]. This is done by defining an adequate strategy. These goals can be defined as product
requirements, such as consumer needs and regulations, or desired product performance and
quality. But also process requirements are defined that set budget and schedule objectives.
In addition, constraints are defined for resources on a project, such as how many people
and what tools can be used or are available.

This makes the goal domain a trade-off between conflicting objectives, which constrains
the PD project [31]. Furthermore, PD is inherently uncertain, making these trade-offs and
planning difficult with the knowledge of the final outcome being limited [70]. Due to this,
thorough planning and management of the PD domains with respect to the objectives set is
necessary to make good decisions and develop a robust plan.

An organization usually has multiple projects, a portfolio of more or less different prod-
ucts, that are executed simultaneously [29]. These projects are likely interrelated in some
way, making trade-offs between projects necessary. Different projects could use the same
tools and personnel, develop modular product platforms, or follow the same company-wide
strategy [63]. This often leads to different projects having to be balanced with each other
and more important and profitable projects being prioritized [9, 29]. All of the above-

mentioned aspects lead to the following observation.
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Observation 3: Management of PD is concerned with effectively and efficiently organizing,
defining, and constraining the other domains of PD to maximize the PD outcome by achieve

the objectives, goals, and requirements as well as reducing uncertainty and risk.

For this thesis, the goal domain will be seen as the reasoning and motivation of managers
to plan, coordinate, and control product development. This will be further investigated in

the following sections by investigating the following refined formulation question.

Formulation Question 1.2: How are product development projects managed and planned?

2.6.1 Management of Product Development

Management of PD can be separated into two categories: planning and control. The goal of
PD project planning is to define the scope, sequence and schedule of activities, allocation
of resources, budget, and risk plan [29, 71]. This plan is used to prescribe processes and
responsibilities during the execution of the project [70]. Project control is concerned with
evaluating the status of the project and forecasting progress based on the available data
[29, 71]. This information helps to make decisions about corrective action or identify
opportunities for improvement.

Several methods and tools exist to help managers make decisions about planning and
managing PD. Many of these focus on the process itself, as this is the center of PD, but
often exclude the other domains. The most well-known and used method is the Gantt chart.
Other methods include Critical Path Method (CPM), Program Evaluation Review Tech-
nique (PERT), Graphical Evaluation Review Technique (GERT), Critical Chain Project
Management (CCPM), Business Process Model and Notation (BPMN), Integrated Defini-
tion (IDEFO, IDEF3), Event-driven Process Chain (EPC), Signposting, or Value Stream
Mapping, to name a few [72, 73]. Process planning methods focus on representing PD

processes as discrete tasks that interact through information transfers. They are used to
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model task dependencies and iteration in order to sequence PD activities within a specific
organizational or design context, and sometimes also include resource allocations.

Other approaches such as enterprise architectures (i.e., Zachmann, DoDAF, UAF) [74]
or multi-domain matrices* [75, 76] can be used to create more holistic representations of
PD [26, 72, 73]. These connect various aspects of different PD domains with each other
through their dependencies and relationships to align them with each other. However, these

methods often do not provide quantitative metrics.

2.6.2 Challenges of Managing Product Development

Many of the methods mentioned above used to manage PD heavily rely on the experience of
managers, are often purely static and descriptive, or make many significant assumptions and
simplifications by only including the process domain. [72, 77, 78]. Additionally, some of
these methods are tailored towards business processes that are inherently different from PD
processes. Product development is a multidisciplinary creative process to create something
new, with the outcome not being defined or known in detail at the beginning [42]. This leads
to more dynamic, flexible, parallelized, and iterative processes with many uncertainties
[31]. Therefore, more coordination between activities and rework of completed activities
is required, creating a complex network of activities with many forward and backward
dependencies, as well as many dependencies with the other PD domains. Whereas business
processes often have a linear process flow of mostly independent tasks with a predetermined
and easily measurable outcome [42].

These reasons make modeling PD with existing tools difficult and non-ideal [31, 70,
72]. Although simplifications are necessary for modeling, oversimplifying complex PD or
making wrong assumptions due to missing expertise or knowledge pose the risk of gen-
erating inaccurate predictions and therefore leads to poor planning [31]. Especially the

additional challenges and complexities of modern PD worsen these effects.

4Multi-domain matrices (MDM) [75] combine design structure matrices (DSM) that structure entities of
a single domain with domain mapping matrices (DMM) [76] that connect entities of different domains.
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Overall, current tools and methods do not provide the necessary insight and information
to effectively manage PD, leading managers to make difficult decisions with high degrees of
uncertainty. Thus, management and planning of PD is challenging and still flawed in many
organizations, leading to failed projects, budget and cost overruns, and quality problems
[21]. Although new methods are being developed to contain these problems, many do not
find applications in commercial tools or industrial practice [70, 72]. This underscores the
need for new methods to evaluate PD projects, as stated in the motivation and goal of this
thesis. More reliable and accurate quantitative tools for the planning of PD could drastically
improve the management and optimization of PD [27, 72]. This leads to the following

motivating gap that is strongly related to the Research Goal stated in the introduction.

Motivating Gap: Current (quantitative) planning and management methods are insuffi-
cient for evaluating the performance of product development by making many assumptions

and not being based on actual organizational behavior.

2.7 Summary of Observations

This chapter was guided by formulating questions FQ1, FQ1.1, and FQ1.2 to identify
the characteristics of product development, the impact of digital tools, and how product
development is managed and planned. Because the fundamentals of PD are well understood
in the literature, these questions did not directly lead to any hypotheses, but rather to a set
of observations that will be used throughout this thesis as the main characteristics and
attributes of product development. Table 2.1 summarizes all the observations made in this
chapter. The following chapter will derive the research objective and a detailed definition

of the problem based on the research goal and the analysis of complex PD in this chapter.
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Table 2.1: Summary of Observations.

Observation 1

Interdependent Domains of PD

1.1

1.2

1.3

1.4

1.5

The complexity of a product is the result of its structure (number
of components, hierarchy, and interfaces), its multi-disciplinary,
the maturity of technologies used, and the severity of require-
ments.

The development of complex products follows a well-defined
high level process that guides the decomposition of the system
into smaller subsystems that are then concurrently developed,
tested, and integrated.

Product development processes are made up of concurrent and
interdependent activities that necessitate the use of assumptions
or preliminary information, thus resulting in iteration and re-
work of varying severity depending on the selected work policy
and the information dependencies.

The information flow and communication, with their efficiency
strongly influenced by the organizational structure, the form of
information exchange used, and the active PD stage, must match
the interfaces and dependencies of the product architecture in
order to develop the envisioned product.

Product development generates knowledge (about the product)
by applying existing knowledge (tacit or explicit) to activities
and sharing knowledge between people and tools.

Observation 2

Digital Tools as Enablers

2.1

2.2

Digital tools have powerful capabilities to directly support or en-
able engineering activities (e.g., design, simulation) that enable
faster, higher quality, and more cost-effective development of
products, but also require new competencies and adapted pro-
cesses.

Digital tools improve the availability, organization, and flow of
knowledge and information, ensuring consistency and efficient
collaboration through better accessibility, traceability, and ex-
change between tools and personnel.

Observation 3

Management by structuring the other PD Domains

Motivating Gap

Current (quantitative) planning and management methods are in-
sufficient for evaluating the performance of product development
by making many assumptions and not being based on actual or-
ganizational behavior.

28



CHAPTER 3
PROBLEM FRAMING AND DEFINITION

Based on the Research Goal, Motivating Gap, and Observations made in Chapter 2, this

chapter aims to define, frame, and scope the problem of this thesis.

3.1 Opportunity for Modeling and Simulation

The opportunity for modeling and simulation (M&S) to quantitatively evaluate product

development is apparent and has also been demonstrated by various researchers [26, 73].

3.1.1 Benefits of M&S of Product Development

M&S of PD can allow managers to test different what-if scenarios of the organizational
configuration and its processes in a risk-free virtual environment prior to actual imple-
mentation, leading to a better understanding of organizational problems and more efficient
data-driven decision making [26]. By predicting the overall performance and identifying
bottlenecks and inefficiencies for a given configuration, managers can obtain valuable in-
formation on how to optimize the development process. Among other things, this can help
with resource allocation, process planning, continuous improvement, identifying training
and hiring needs, as well as deciding whether a project is worth pursuing or not [31, 79].
Simulation models can therefore help managers and employees improve their mental
models of organizational design by quickly cycling through various configurations with-
out having to see the results in the real world. Learning then occurs in a double-loop, as
depicted in Figure 3.1, by testing assumptions and observing the outcome of different deci-
sions and strategies in the simulation model, as well as in the real world [80]. This leads to
better knowledge transfer and a more generalized understanding of organizational theory

which make better strategies and decision-making possible.
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Figure 3.1: Double-loop learning through a management simulator (adapted from [80]).

Lastly, since organizational and process knowledge is often stored in managers’ minds,
who are not guaranteed to stay in the organization, building models of the PD process can

be a way to manage and retain this knowledge and expertise [79].

3.1.2  Potential of the Digital Twin of an Organization

Further expanding on the opportunity and benefits of modeling and simulation, in recent
years, the concept of the Digital Twin of an Organization (DTO), also called Enterprise
Digital Twin, has gained interest among practitioners and researchers. They represent a
promising, yet challenging, innovation for enhancing organizational performance through
modeling, simulation, and data analytics.

A DTO, similar to Digital Twins of technical systems, is a digital representation of its
physical counterpart, in this case the entire organization and all its resources, personnel,
and processes, as well as their interdependencies and interactions [81]. External factors
influencing an organization could also be part of a DTO. The intended purpose of DTOs
is to continuously monitor and optimize the organization as a whole through the analysis
of data on its state and performance using simulation models and advanced data analytics.
The DTO can then identify bottlenecks, inefficiencies, and vulnerabilities, thus helping
managers with decision-making, problem-solving, and the (strategic) planning of organi-

zational processes and resource needs [82].
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However, several challenges must be addressed to make DTOs viable for future appli-
cations. These include integrating diverse data sources, ensuring the accuracy and relia-
bility of the digital model, and understanding highly complex interactions. The dynamic
and non-deterministic nature of sociotechnical systems, such as organizations and their PD
processes, makes simulation and predictions harder by having to account for human fac-
tors (e.g., agency, conflict, learning), hidden interdependencies of processes and structures,
emergence, and continuous change [83].

To address these challenges, researchers and practitioners must develop accurate and
reliable models of organizations, as well as robust methodologies for integrating and us-
ing organizational data. With data analytics (i.. Big Data, Al, process mining) becoming
increasingly sophisticated and organizational and project data becoming more available,
complex behaviors and interdependencies of non-deterministic organizational processes
and structures can become better understood and modeled [81, 84, 85]. Using digital traces
through process mining can be used to gain retrospective insight into organizational pro-
cesses [84], but foundational models are also needed to accurately describe the underlying
theory of organizational behavior in order to test alternative configurations and react to
previously unseen scenarios [82, 83].

Currently, DTOs are in the early stages of conceptualization and have only found lim-
ited application to PD in small case studies on the scale of individual projects (e.g. [80, 86—
88]). These studies have proven the potential for DTOs to be beneficial to organizations
by predicting project outcomes, evaluating changes, and helping to optimize processes and

resource allocation during PD.

3.2 Research Objective

The previous section has made evident that M&S of PD and Digital Twins of an Organi-
zation (DTO) are promising concepts to drastically change and improve the way organiza-

tions and PD processes are managed. This becomes especially relevant in the context of
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the increasing complexity of PD described in the introduction of this thesis.

Researchers have already developed some methods for this, but have rarely had appli-
cations in practice [70, 72] and often lack a comprehensive view of PD [26]. Therefore,
more research is still necessary to identify different and potentially better ways to simulate
PD [26, 27]. This is also explicitly requested and needed by industry practitioners and
managers, especially in the context of virtual PD [64]. Based on this gap, the overarching

research objective emerges.

Research Objective: Create a holistic modeling and simulation framework of product
development that can serve as a decision support tool for managers to identify how new
configurations or the implementation of new digital tools can lead to better product devel-

opment performance.

Such a framework could serve as a baseline for the future development of quantitative
methods and tools for the planning, management, evaluation, and continuous improvement
of PD that project managers, R&D managers, or executives could use for organizational
improvement and decision making. Although this thesis does not aim to create a DTO, the
development of methods for modeling and simulating organizational components that are
grounded in the theory of organizational behavior is essential for future DTO initiatives
[82, 83, 86]. These can serve as foundational building blocks that, with further refinement,
will pave the way for the eventual adoption of DTOs in industry.

To further define this objective, the following sections will establish the purpose and

scope of the modeling framework.

3.3 Modeling Purpose

Models always serve a specific purpose and should be built appropriately for that purpose
[89]. Therefore, before investigating different modeling methods, a detailed modeling pur-

pose will be derived. Defining a purpose then limits the scope of the subsequent literature
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review on available methods. This section therefore aims to derive the purpose of the mod-
eling framework envisioned in this thesis. The basis for this are the Research Objective
and Observation 3 about the management of PD.

As stated in the research objective, the framework should ultimately help managers
with decision-making. For this, the simulation has to provide information on the overall
PD performance (Measures of Effectiveness), but also more detailed insights into the orga-
nizational behavior and performance (Measures of Performance) to motivate change. The

following sections will further define these and derive the necessary modeling content.

3.3.1 Overall PD Performance — Measures of Effectiveness

PD processes are typically managed as a trade-off between cost, time, scope, and quality,
also known as the iron triangle of project management (Figure 3.2) [90]. Therefore, these
will be the measures of effectiveness (MOE) used in this thesis.

The scope should be understood as the product that is being developed, including all its
requirements and functions. Cost and time represent the process values that are required to
develop this product. Quality defines how well the scope of the product is achieved. The
trade-off between product performance (scope and quality) and process performance (cost
and time) [91, 92] can be seen in Figure 3.2 where the achievable scope, i.e., the area of
the triangle, depends on time, cost, and quality, i.e., the length of the edges [93]. Quality
itself is also dependent of the cost and time spent [91, 92]. Although these relationships
oversimplify the complexities of PD [90], they provide general trends and the necessary

trade-offs of the MOEs.

Quality

Figure 3.2: Iron triangle of project management (adapted from [93]).
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Due to many uncertainties in PD it does not make sense to predict an exact value for
metrics [94]. Usually, instead, probability density functions (PDF) and cumulative distri-
bution functions (CDF) of different metrics are used [94]. These can be used to quantify
PD risk, representing the potential financial impact, or value at risk, if the goals are not
achieved [95]. For this, the probability of missing a goal is multiplied by its impact, repre-
sented as an impact or utility function, and integrated over all possible outcomes [95]. The
utility function usually relates to market demands [95]. For this thesis, quadratic impact
functions, defined in Equation 3.1 and Equation 3.2, will be used, where LT is the lead
time, C is the development cost, x; and k. are risk factors for scaling and unit conver-
sion, T} and T are the lead time and development cost targets, and f(LT) and f(C) are
the PDF of the lead time and cost [94]. These risk estimations can also be applied to other

aspects of PD, such as technical performance measures (TPMs) [95].

R,y =Ky ) fLT)- (LT —T,;)* dLT (3.1

Trr

R. = k¢ /Too f(C)-(C—-T.)*dC (3.2)

The PDF and CDF can also be used to quantify robustness and reliability to quantify
how resilient the process is to change and how tight the range of predictions is [96, 97].

Although the iron triangle is not perfect for fully understanding the performance and
trade-offs of PD, it still provides a good overview of high-level metrics that can be aug-
mented with more detailed and insightful metrics [90]. Some possible measures of perfor-

mance (MOP) for this will be provided in the next section.

3.3.2 Insights to Motivate Changes — Measures of Performance

Measurements of the overall PD effectiveness (i.e., cost, time, quality) alone cannot mo-
tivate change, especially in the tactical and operational management layers, because there

is no information on how performance can be increased. In addition, managers want to
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play with different aspects of an organization that are under their control to explore dif-
ferent configurations and what-if scenarios [70]. These can be related to the organization,

process, or tool domain of PD with some possible changes stated below [26, 98, 99]:

* Organization: structure, responsibilities, resources allocation, training, hiring
* Process: sequencing; policies for work, information exchange and decision-making

* Tools: availability, new tool implementation, restructuring/overhaul, customization

Identifying inefficiencies and bottlenecks or quantifying the performance of individual
elements of the organization can help motivate changes that can make the greatest perfor-
mance gains. This can be done through a variety of measures of performance (MOP). Some

exemplary metrics will be presented next.

Breakdown of high-level Metrics

A straightforward approach to identifying key areas of interest is to break down high-level
metrics into more granular components, such as specific activities, product elements, or
organizational elements [100], e.g., [101-103]. This decomposition helps reveal which
aspects of PD contribute most to cost, schedule and quality issues, thus motivating further,
more focused analyzes. The cost of quality could also be a good metric to analyze the

relationship of these high-level metrics [14].

Value-adding Work

A large portion of the work done during PD is not actual technical work. Coordination
and collaboration are very important for the exchange and resolution of problems. The
time used for searching for information, waiting, transportation, i.e., information prepara-
tion/sharing, or interruptions, i.e., problems, can also be attributed to PD activities [42, 68].
These supporting activities are not directly value-adding to the outcome of PD and there-
fore reducing these is a good way to make PD more efficient [42]. Therefore, a breakdown

of all the work that is done during PD, sorted by activities or personnel, can be helpful to
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identify inefficient activities. This can be expressed as the efficiency of work, that is, the

fraction of the value-adding work effort to the total work effort [103, 104].

E

value
nvalue E ( )

total

This metric can be especially interesting for evaluating the use of digital tools, as they
can greatly impact the time required to handle (i.e., search, prepare, share) information
[14, 68]. Identifying tools that cause low work efficiency could, therefore, motivate the

improvement or replacement of tools.

Efficiency and Effectiveness of the Process

When planning a PD process, the schedule is of great interest to identify the staffing and
tool availability requirements [29, 71], therefore, the timing of activities is a necessary
insight. For this, Gantt charts are typically used. To account for uncertainty, probabilistic
Gantt charts have been used for PD simulation [105], showing when activities are likely to
be executed and reworked.

Plots of the work backlog [102] or the applied effort [105, 106] can be used to iden-
tify bottlenecks and define how many resources are necessary at what time during the PD
process. This can be augmented by the resource utilization [101, 103] to measure how
efficiently resources are used, referring to both personnel and tools.

Furthermore, rework and iteration are necessary to increase the quality of designs when
validation reveals issues [43]. Rework then fixes these issues, but also causes more cost
and effort. The effectiveness of PD can be evaluated by the amount of rework. This can
be achieved by either counting the repetitions of activities [101], or calculating the fraction
of rework-free value-adding work effort E, ., to total value-adding work effort E,,, as

defined below [104, 107].

E
Hrework = E

off

(3.4)

value

36



Rework caused by physical tests is particularly undesirable due to significant increases
in development cost and time. Digital tools can reduce the amount of physical testing
required to develop a product [14]. To evaluate this impact, the ratio of virtual testing to
all testing activities as well as the cost of rework could be tracked. In addition, the first
pass yield (FPY) could provide insight into how well a product is designed before physical

testing starts [14]. This measures how many physical tests are successful on their first run.

Information Flow

Analyzing the flow of information can help structure the organization and select or opti-
mize tools. A breakdown of communication between personnel can help identify better
team structures for different purposes [46, 108]. Capturing the information flow used for
coordination, decision-making and knowledge sharing can help with analyzing an organi-
zation’s capability to develop the product efficiently, but also retain and create functional
knowledge can be quantified, as has been done in [7, 54, 108, 109] for example.
Analyzing the flow of information between tools can help identify which tools require
better integration and interoperability [110-112]. Here, the information flow can be an-
alyzed in terms of frequency, volume, and speed. Due to asynchronous or incomplete
information transfer, some activities may not be using up-to-date information, leading to
rework [113]. Therefore, measuring the consistency of the information used by different

tools could reveal where unnecessary rework is caused by the use of outdated data [13].

Long-term Success

To ensure the long-term success of an organization, the evaluation of the project-specific
metrics mentioned above is less relevant [90]. Long-term success is defined by the devel-
opment of new technologies and organizational learning [55, 100]. This enables an organi-
zation to remain competitive in the long term by expanding its knowledge base, enhancing
its technological capabilities, and thus being able to react to changing market demands.

Therefore, the amount of new knowledge and competencies generated could be measured.
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3.4 Modeling Content

The preceding sections have implications on what has to be modeled for the simulation.
Especially the motivation to gain detailed insights into the PD process requires a high-
fidelity model that represents all aspects of the organization that are of interest to managers
and also are influence-able by them. This includes all relevant entities of all PD domains:
product, process, organization, and tools. Therefore, the PD attributes that have been stated
in Observation 1 and Observation 2 must be part of the M&S framework.

This also enables making less assumptions about the influence of different domains on
each other as the interactions are directly modeled. This is essential to fully understand
PD and its interdependencies [26], which is a problem with current methods for evaluating
PD [72, 78]. To make detailed decisions about the lower-level design of an organization,
individual entities that are also part of the actual organization must be modeled. This is also
motivated by the fact that a DTO would also mirror the actual organization. To evaluate
individual performance, data extraction must be possible for all of these entities.

The remaining PD domain, the goal domain, defines the purpose and use of the frame-
work. As stated in Observation 3 management of PD is concerned with organizing and
defining the other PD domains. Since the impact of different configurations on perfor-
mance may not always be clear, the framework must support the exploration of various
what-if scenarios. This capability could help with managing PD by providing decision

support through the following dimensions.

* Help planning PD by identifying the required staff, schedule, budget, and tools.
* Identification of corrective action leading to the best performance improvements.
* Test how an organization reacts to change.

* Enable the virtual part of double-loop learning (see Figure 3.1).
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In summary, in addition to modeling the attributes of PD captured by the Observations
made, the previously mentioned considerations about the modeling purpose and content

lead to an additional modeling requirement.

Modeling Requirement: The impact of the product development domains and their indi-
vidual entities on each other and the overall performance has to be measured to enable

detailed insights into the emergent behavior of product development.

3.5 Scope of the Framework

In order to keep the content of this thesis manageable, the scope has to be limited. This

section will define three main limitations to the scope.

Single Project

Most enterprises will have a large portfolio of parallel running projects and products that
could constrain and influence each other [29, 31]. This makes planning much more com-
plicated by requiring decisions on what projects to pursue and how to divide resources [9].
Therefore, the first limitation is that this thesis will focus on modeling a singular project.
This can still be beneficial, as the understanding of modeling a single project could be

adapted in the future.

Planning of Product Development

The second limitation is the focus on planning a PD project rather than executing and
controlling it. The execution and control of a project requires up-to-date information on
the state of the project and organization. New information or unanticipated events require
the modification of the original project plan [29]. Therefore, first investigating modeling
and simulation methods for planning PD is more important and can later be adapted for

project execution by integrating real-time data.
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Later Development Stages

The last and most important limitation is that the framework will focus on the later stages
of PD. The front end of PD (deriving costumer needs, requirements definition, concept
development) has many uncertainties and minimal knowledge about the final outcome.
Without this knowledge, planning the later stages of development (system design, detail
design, testing) becomes difficult because the concept defines what subsequent tasks must
be performed. Usually, a detailed plan is developed after a concept has been selected [29].

Furthermore, the design and V&V stages of PD take longer than conceptual develop-
ment, which makes carefully planning these stages more important when trying to mini-
mize the time and cost of overall PD [26, 29].

Although a well-defined concept is acknowledged to be very important for the overall
technical performance and quality of a system, the developing organization also has to be
able to create this concept successfully. Therefore, a framework to assess the stages of
PD after the conceptual phase could be a useful tool to compare the feasibility of different
concepts with respect to the capability of the organization that develops it [26].

So for this thesis, the concept, meaning the general architecture as well as functions
and requirements, will be considered as given information. This enables a more detailed
description and therefore simulation of the development process that should achieve the
defined concept. In addition, the focus here is on the engineering aspects of PD. So as-
pects such as supply chain management, manufacturing, and marketing are excluded. This

potential use of the framework is illustrated in Figure 3.3.
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Figure 3.3: Use and scope of the framework for evaluating PD during planning.
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Finally, it should be mentioned that this research is oriented towards complex engi-
neered physical systems. The development of pure software, services, or consumable goods
(e.g., clothing, food, gasoline) makes use of many different processes and methods [29].
Therefore, the framework that will be developed in this thesis would not apply to the de-

velopment of these types of products.

The following chapter will review and evaluate the literature on available M&S methods of

PD that could enable the research objective defined and scoped in this chapter.
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CHAPTER 4
MODELING AND SIMULATION OF PRODUCT DEVELOPMENT

This chapter presents relevant related work on M&S of product development. Key con-
cepts, modeling approaches, and methodologies will be presented in order to summarize
what work has been done in the past and what their limitations are. Therefore, this chapter

is guided by the following research question.

Research Question 2: How can modeling and simulation methods be used to evaluate and

plan product development?

In the literature, there is no general consensus on what the best method is to simulate or
evaluate product development, and therefore many different methods have been explored.
The review in this thesis is very narrow compared to the broad available literature. The
focus is on executable simulation methods, as these enable quantitative analysis of product
development. For more detailed analyses of existing models and methods, refer to the

literature reviews of Yassine [26] and Wynn and Clarkson [72, 73].

4.1 Overview of Modeling and Simulation Methods

In the literature on product development and especially engineering management, several
simulation methods have been applied to product development with different purposes,
views, assumptions, and abstractions. This section will delve into the three primary sim-
ulation methods found in the literature: System Dynamics (SD), Agent-Based Simulation
(ABS) and Discrete Event Simulation (DES).

Each of these methods have different possible applications and abstraction levels. This

is visualized in Figure 4.1. This leads to various advantages and disadvantages. A high
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Figure 4.1: Comparison of abstraction levels of different simulation methods [114].

degree of abstraction can enable easier and faster modeling, but also reduce the level of
insight, while less abstraction increases the flexibility of modeling but also the effort and
complexity to create models [114].

For completeness, it should be mentioned that in addition to these simulation methods,
other methods have also been proposed in the literature to quantitatively evaluate PD. The
most prominent methods here include social network analysis (SNA), matrix approaches,
or pure mathematical methods [26]. However, compared to the simulation methods, they
do not provide as much insight, which is why they were not considered for this thesis.

The following sections will describe four commonly found types of PD simulation ap-
proaches that apply the three mentioned M&S methods. The chapter ends with a compari-

son and analysis of these approaches.

4.2 Activity Networks — Discrete Event Simulation

Discrete Event Simulation is a modeling approach in which the system’s state changes at

discrete points in time due to specific events, rather than continuously over time [114]. It
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represents processes as sequences of discrete events, such as arrivals, departures, or task
completions, with each event triggering state transitions.

This simulation logic has been applied to PD often and is strongly related to design
structure matrix (DSM) research [26, 33, 73]. These models focus primarily on the process
domain by modeling activities and their information dependencies. The DSM is used to
visualize the information dependencies between activities [33]. Furthermore, the severity
of information dependencies is defined by rework probabilities (see Figure 4.2) and rework
impact values. These define how likely rework is due to changed inputs and how much work
must be redone. Learning curve effects are usually also applied to repeating activities.

This method is commonly used to analyze the impact of different sequences of activities
on rework and iteration [94, 97, 105], as well as the effects of overlapped activities and
the use of different work policies [7, 44, 45]. For overlapping activities, the concepts of
information evolution and sensitivity, as well as policies for information exchange, are used
to define how much rework is caused by changing information during the execution of the
concurrent activity. Some models also consider resource constraints [45, 97]. Generally,
the flow of the process is predefined and rigid, but attempts have been made to allow more

adaptive simulations by defining activity selection [115].
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Figure 4.2: Exemplary process DSM of information dependencies and rework probabilities
between activities [94].
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4.3 Rework Loop — System Dynamics

System Dynamics is a simulation approach that represents systems using stocks (accumu-
lations), flows (rates of change), and feedback loops to model how variables interact over
time [114]. It focuses on aggregate-level behavior rather than individual entities, making it
suitable for studying high-level trends.

For PD the “rework loop”, originally proposed by Cooper [116], has been used to model
the iterative nature of PD from a high-level perspective. Figure 4.3 depicts the general

structure of the rework loop. The following stocks are part of the standard rework loop.

Original Work to Do — Planned tasks,

Work Done — Work done correctly,

Undiscovered Rework — Defects that have not been detected,

Rework to Do — Work requiring additional effort to correct defects.

The rework loop abstracts organizational elements, aggregating them into high-level
variables, often termed management levers [73]. These variables influence the flow rates
(i.e., progress, error generation, rework discovery) of the model. Therefore, SD is partic-
ularly effective for analyzing high-level strategic decisions in PD. The selection of these
variables can vary considerably and in extreme cases results in large causal loops between

many variables related to workforce development and moral, management pressure, or the

Proar Error
O9reSS  Generation
Original V4 \V4 >
Work to Do VAN VAN Work Done
Rework to Do > Undiscovered
Rework Rework
Discovery

Figure 4.3: System Dynamics rework loop (adapted from [117]).
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scope of the project [22, 117]. The basic rework loop can be extended by adding additional
process steps or stages, each representing individual rework loops that interact with each
other (e.g., [118]).

In addition to the rework loop, some authors use other approaches to model PD using
SD. Examples of these applications include information maturation and ambiguity [119,
120] or smaller submodels for high-level effects (i.e., knowledge, technology, competition,
cost) that are part of a DTO [80, 98]. Compared to the literature on the rework loop, these

approaches are very scarce and often require detailed fine-tuning through data analytics.

4.4 Agent-Based Simulation Approaches

In agent-based simulation models consist of autonomous agents, each with individual be-
haviors, decision-making rules, and interactions [114]. These agents operate within an
environment, responding dynamically to other agents and external conditions, leading to
emergent system behavior.

For simulating PD two relevant types of ABS have been identified. These are used to
model Design Cognition and Strategies or Team Interactions. The following sections will

separately discuss these approaches in more detail.

4.4.1 Design Cognition and Strategies

Models of design cognition and strategies center the ABS simulation around a design space
made up of interacting variables. This design space can be defined through an NK land-
scape’ (e.g., [122]), random objective functions in network models (e.g., [23]), or physics-
based functions (e.g., [123]). The variables interacting in these design spaces represent
interdependent technical artifacts or elements of the product being developed.

The agents associated with the individual variables change its value in an effort to op-

SNK landscapes are mathematical models used to study optimization problems by creating a rugged fitness
landscape, where N represents the number of elements (genes, decisions) and K represents the degree of
interaction between them [121].
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timize the design. Designs (i.e., values) are then exchanged between agents. Based on
the interactions between variables, the individual design spaces of the agents change. This
process is continued until the solution converges. Different optimization, search, commu-
nication, negotiation, or decision-making behaviors and strategies can be tested using these

models [73].

4.42 Team Interaction

ABS models of team iterations model the product development process around agents that
represent people. People can have different attributes including competencies, availability,
trust, or motivation. These models are centered around simulating collaboration, coordina-
tion, and communication between individual agents. A distinction can be made between
activity-based ABS models (e.g., [101-104, 124—127]) and a recently proposed knowledge-
based method by Zhang and Thomson [106].

Activity-based Team Interaction Models

Activity-based ABS models use a process architecture, similar to the ones used in activity
networks (Section 4.2), to guide simulation execution with agents working on these tasks
and also interacting with each other. Depending on the responsibilities of the agents, activ-
ities are selected and worked on. This usually includes a decision logic on what activity to
select based on a number of factors, such as urgency, importance, individual preference, or
first/last in first out [103, 104, 125]. The flow and need for coordination and communication
in these models is modeled probabilistically and defined by the information dependencies
between activities and relationships between agents.

The Virtual Design Team [102, 104] is the most notable and extensively developed
activity-based ABS model. It includes decision-making and exceptions that depend on
organizational structures and culture, as well as information exchange and coordination

between designers using communication tools or meetings.
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Knowledge-based Team Interaction Model [106]

Knowledge-based ABS models of PD use a high-level process logic that is applied to a
product architecture. Knowledge is used to describe the complexity of the product, as well
as the competencies and experience of personnel. The process then emerges based on the
complexity and dependencies of the product, as well as the competencies and knowledge
of personnel. This type of model is therefore more focused on the actual need of collabo-
ration than predefining collaboration and communication. The need is defined by quality

problems that occur based on missing knowledge.

4.5 Evaluation of the M &S Methods

This chapter presented the most important methods to simulate PD found in the literature.
Each of these methods serves different purposes and, therefore, have different scopes. To
evaluate these methods against the purpose of this thesis, Table 4.1 assesses how well each
approach satisfies the required modeling content. The modeling content is derived from the
attributes of PD stated in Observation 1, Observation 2, and their sub-observations.

The product domain (1.1) is only considered in the Design Cognition and Strategies and
Knowledge-based Team Interaction ABS models because they directly model the product
and its complexity. Other approaches only implicitly model the product complexity by
making assumptions about its impact on other domains. This can be done through infor-
mation flow complexity, duration estimates, or the number of tasks to be completed.

The process domain (1.2, 1.3) is only fully considered in activity-based approaches
(i.e., Activity Networks, Activity-based Team Interaction). Here, the process can be mod-
ified by using different sequences and work policies. The other models usually have a
process that guides the simulation and also includes some process interactions, such as
iteration, but do not use an actual process structure that could be influenced by managers.

The organizational domain (1.4) is included mainly in ABS approaches because these
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Table 4.1: Evaluation of relevant M&S approaches based on the attributes of PD.

Modeling Content for a Holistic Representation
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models are centered around interactions, such as communication, collaboration, and co-
ordination. Including these activities is important because much of an engineer’s daily
work is related to these activities rather than the actual engineering activities [70]. The
Knowledge-based Team Interaction models have a small limitation to this because they
do not include aspects of the organizational structure. To include these interactions, ABS
approaches model the individual entities of PD (Req). In particular, the Team Interaction
models create intricate and detailed models of the entities involved.

The use of knowledge (1.5) during PD is only fully considered in the Knowledge-based
Team Interaction models. Other approaches include some aspects of knowledge, such as
competencies of personnel.

The tool domain (2.1, 2.2) has only been considered in a few simulation models com-
pared to the amount of reviewed PD simulation literature. Some models include tools as a
resource constraint (i.e., expensive software) [125, 126]. Other methods include activities

that are directly linked to CAE tools, but only consider the impact of the tool implicitly

49



through the duration of the activity and rework probabilities [53, 128]. A different ap-
proach modeled a knowledge base that is used to resolve technical problems if no expert
is available [124]. The Virtual Design Team [104] models different communication tools
(e.g., meeting, email, CAD-sharing, etc.) that impact the efficiency of sharing information
with other agents. In general, the impact of digital tool on PD through new capabilities and

better collaboration is not adequately captured by the reviewed methods.

4.6 Research Gaps

Based on the previous evaluation, two gaps can be identified. First, it can be seen that there
is no truly holistic simulation approach. Many methods focus on a specific PD domain
and therefore do not or underrepresent the other domains. This leads to the first gap in the

current PD simulation research landscape.

Research Gap 1: Current M&S methods of product development often lack important
aspects of the effects and interactions of the different domains by making assumptions about

them or not considering them at all.

As stated in Observation 1, representing only one or two domains is not sufficient to actu-
ally understand and model the intricacies of complex PD. This leads to static assumptions
having to be made about the influence of the other domains or completely disregarding
them, making the use of these models difficult in practical applications [72]. A holistic
view is necessary because the overall performance of PD is not dependent on a single
domain, but rather on the interactions and relations between these domains [26, 31]. Addi-
tionally, insights into domains that are not modeled cannot be generated by these simulation
approaches, which was stated as an important aspect of the modeling purpose. It has been
found that integrated methods that consider multiple aspects of PD are better suited to han-
dle high complexity and uncertainty, as well as to better predict performance, thus leading

to better planning of PD [71].
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The product, process, and organizational domains of PD have been researched the most
[26]. However, the tool domain has not been adequately included in any simulation model.
The inclusion of digital tools in some models does not lead to significant changes in the
emergent and dynamic behavior of PD because they mostly only change values instead of

the actual behavior. This leads to the second gap in the current research landscape.

Research Gap 2: Current M&S methods for evaluating product development are not able
to quantify the impact of digital tools on collaboration, knowledge management, and the

overall outcome of product development.

The influence of digital tools on other domains of PD, especially knowledge management
and collaboration, should be considered when evaluating them because these are important
aspects of how digital tools change PD [2, 16]. Tools are often used at the intersection
of the remaining PD domains to align them with each other [26]. Because tools are not
considered in PD simulations, the potential benefits as well as the proper development
and implementation of digital tools on the other PD domains and PD in general cannot
be evaluated using them. Therefore, integrating the tools domain into PD simulations is

essential to advance research in this area. [26, 27]

The identified gaps constitute the need to investigate M&S methods of PD for better ap-
proaches to integrate all domains, especially the tool domain. In the following chapter, the

gaps will serve as the basis for the detailed problem formulation to address this need.
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CHAPTER §
PROBLEM FORMULATION

As stated in the problem definition, the Research Objective of this thesis is to: Create a
holistic modeling and simulation framework of product development that can serve as a de-
cision support tool for managers to identify how new configurations or the implementation
of new digital tools can lead to better product development performance. The complete
creation and implementation of such a framework would require a lot of effort beyond the
feasible scope of this thesis. Moreover, numerous validated M&S methods already exist in
the literature, as discussed in the previous chapter. Therefore, a baseline model will be se-
lected and adjusted. For this, hypotheses will be formulated to improve this baseline model

to fulfill the research objective of this thesis by filling the identified Research Gaps.

5.1 Baseline Model Selection

Based on the evaluation in Table 4.1 the method that best fulfills the required modeling
content is the knowledge-based team interaction agent based simulation. In addition to
these requirements, a few other considerations support this selection.

First, ABS models offer high flexibility [114] and therefore changes and extensions, as
well as the addition of entirely new entities, are possible. Secondly, the team-interaction
models are modeled around collaboration and communication between team members, and
therefore already model the individual entities of PD, resulting in being able to simulate the

emergent behavior of PD. Lastly, the knowledge perspective is beneficial for three reasons:

* Understanding knowledge management is of great interest in PD literature [27].
* All PD domains are connected through knowledge (Obs. 1.5) [54, 62].
* The integration of digital tools into the simulation is easier, because they impact the

way knowledge is generated, stored, shared, and used (Obs. 1.5, Obs. 2.2) [2, 59].
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Therefore, Zhang and Thomson’s model [106] is selected as the baseline model for
this thesis. Although this approach is fairly new and has not yet been studied extensively,
it is still a promising approach because it is based on more than 20 years of research on
PD [106], and it is also said to be one of the most holistic simulation models created to
date, including many aspects of the product, process, and organization domain of PD [26].
In addition, the original research paper [106] describes the functionality of the model in
intricate detail, which makes its usage for further research easier. A short description of
this selected baseline model can be found in Appendix A.

This baseline model must be adapted to better represent the partially included charac-
teristics in order to fill the gaps. The evaluation of the baseline model (last row in Table 4.1)
determined that these are the process domain, the tool domain, and partially the organiza-

tional domain. Therefore, the following research question will guide the next sections.

Research Question 2.1: How can the baseline model be enhanced to represent complex

product development more holistically?

5.2 Extension of the Process Logic

To identify how the process logic can be extended, the limitations of the baseline model
will be elaborated first. Based on that analysis, an adapted process logic that is based on a

high-level problem-solving cycle is proposed.

5.2.1 Limitation of the Baseline Model

The baseline model [106] assigns only one activity to every architectural element: a design
activity for components and an integration activity for subsystems. This leads to a rigidly
defined process that cannot be altered by changing the sequence or overlapping activities.
Furthermore, reviews or verification activities, which check the quality of designs and de-

cide whether iteration is necessary or not, happen instantaneously in the baseline model.
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These simplifications do not accurately reflect the realities of PD, where multiple dif-
ferent activities may exist for each architectural element, and verification requires effort
and time. As a result of this limitation, the simulation results of the baseline model indi-
cate that most work occurs early in the PD process, i.e., many component design activities,
with only a few agents remaining active in later stages, i.e., a few high-level system inte-
gration activities [106]. In development projects or individual stages, the distribution of
effort usually follows a skewed normal distribution, as described in Norden’s effort model
[129]. However, this characteristic is not reflected in the baseline simulation. Norden’s ef-
fort model is expressed in Equation 5.1, where ¥’ is the effort required (e.g., person-months

per month) at time ¢, E is the total effort required and « is the shape parameter.

v = 2Eate™" (5.1)

Figure 5.1 compares Norden’s effort model with the approximated® effort distribution
of the baseline model results. It can be seen that the effort distribution of the baseline model
follows an exponential distribution. Due to this misalignment of the effort curves and the
highly abstracted version of the PD process, expanding the logic of the process is identified

as a potential improvement of the simulation model to fill Research Gap 1.
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Figure 5.1: Comparison of Norden’s effort model [129], using Equation 5.1 with E = 60
person-months and a = 0.03, and the baseline models’ smoothed® simulation results.

The results of [106] shown here have been approximated using y’ = 60 - 0.3¢~?3, to reduce noise.

54



5.2.2 Applying a Problem-solving Cycle to the Product Architecture

As identified in Observation 1.2 the PD process always follows a similar structure at the
high level, regardless of the technical domain or product. Product development is solving
a large problem. As part of product development and specifically systems engineering, this
problem is decomposed into smaller problems to be solved individually and then integrated
with each other later [73]. On a smaller scale, problem-solving methods are also applied
iteratively until a feasible design for a subsystem or component is reached.

There are many different versions of the problem-solving cycle that can be applied to
PD [73]: e.g., plan-do-check-act (PDCA), design-build-test, analysis-synthesis-evaluation,
and the experimentation cycle [65]. In essence, these cycles have similar structures: (1) an-
alyze the problem, (2) develop a solution, (3) test that solution, and then (4) evaluate the
solution. Based on the evaluation, the cycle iterates, or the solution is accepted.

Figure 5.2 illustrates a generalization of the various different problem-solving cycles,
inspired by a similar cycle developed by [123]. In addition to iteration inside a specific
cycle, decomposition and integration have been added to combine the high-level problem-
solving process with the lower-level problem-solving cycle. Decomposition or integration
occurs when the individual problem-solving cycle is completed and leads to smaller or
larger problems, respectively. Developed solutions on any level of decomposition and fi-
delity are quantified in some way (i.e., simulation or testing) to evaluate and validate them
against performance criteria. The cycle continues through all decomposition and integra-
tion levels until the product is fully developed. This cycle captures the possibility of itera-

tion not only at the component level but also at the system level [55].

Define / Design N Quantify
/ Build (Sim. / Test)

T

Evaluate

Iterate, Decompose, or Integrate

Figure 5.2: Generic problem-solving cycle during product development.
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As stated in the previous section, a more detailed PD process is desirable to create a
more realistic and changeable representation of the PD process. A problem-solving cycle
could be used to generate the activities necessary to develop a product. However, due
to the high uncertainty of PD, it is not feasible to generate very detailed activities far in
advance [70]. In addition, PD activities are often closely related to a specific subsystem
or component [70] (e.g., main body design, structural analysis of the arms). The product
architecture and the PD process are strongly linked and in part mirror each other. Therefore,
modeling both with a high degree of detail is not necessary, as this would increase the
modeling effort. Combining this observation with the logic of a recurring problem-solving

cycle consisting of a few distinct activities leads to the following hypothesis.

Hypothesis 1: If generic process elements are used to recursively generate activities based
on the product architecture, then a product development process can be simulated more

accurately without significantly increasing the modeling effort.

5.3 Modeling of Digital Tools

The reviewed M&S methods almost never include digital tools. Especially their impact
on how knowledge is created, shared, and used is never considered. This is also true for
the baseline model [106]. Because of this, no existing methods can be used or adapted
for modeling tools in this thesis, and a new approach is required. Therefore, the following

research question will guide the following sections in an effort to fill Research Gap 2.

Research Question 2.2: How can digital tools be abstracted to be represented in M&S

methods of product development?

This section is split into two subsections to handle the observations about the impact of

digital tools on PD separately.
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5.3.1 Digital Tools as enabling Resources

Observation 2.1 states that digital tools have powerful capabilities to directly support or
enable engineering activities (e.g., design, simulation) that enable faster, higher quality,
and more cost-effective development of products, but also require new competencies and
adapted processes. To account for this observation, a simulation model cannot only model
tools as resources used by engineers, but must also have an effect on the activity, its result,
and the person using the tool.

First, specific tools are required for some activities. Therefore, if a tool does not provide
the capability required for an activity, this activity cannot be performed. However, if a tool
provides new capabilities, the overall PD process changes due to this new activity being
added and potentially impacting downstream activities. For example, if there is no high-
fidelity system simulation tool, virtual integration activities (e.g., functional digital mock-
ups, digital twins) cannot be performed. If there was a tool with that capability, a detailed
virtual prototype could be created to enable the testing of different designs before physical
tests begin [64].

Digital tools have become more sophisticated with time, leading to better predictive
capabilities [2]. As a result, simulation is faster and more accurate, making its use during
PD more effective by delivering better product designs in shorter time frames. However,
digital tools still have a performance gap compared to physical tests [130]. Thus, digital
tools are used to augment physical testing by reducing the amount of physical testing and
possibly also increasing the performance of the product [65, 130].

Lastly, it has been found that engineers must adapt to new tools and that frequent tool
changes lead to reduced productivity [2]. Digital tools also require specialized training and
digital literacy to be used effectively [17]. Digital literacy is the ability to create, interpret,
and communicate information effectively using digital tools, models, and data [66]. There-
fore, learning is essential for the use of digital tools, and a ‘competency-capability’ trade-

off must be considered when implementing new tools. Learning has already been modeled
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through learning curves in many other PD simulation models. They are commonly applied
to repeating activities (e.g., [45], [94], [106]) or technical expertise (e.g., [106], [124]).

The following hypothesis is formulated to apply all the above-mentioned ideas.

Hypothesis 2.1: Digital tools can be modeled as agents that are used by agents of engi-
neers for the execution of activities, where the efficiency and quality of results depend upon

the tool’s properties and the engineer’s digital literacy.

These tools will be called Engineering Tools for this thesis.

5.3.2 Digital Tools as Platforms for Knowledge

In the baseline model, knowledge is only stored by the designer agents themselves and
shared among them. However, a significant portion of knowledge is embedded in artifacts,
which can be stored, accessed, and exchanged using various tools [59]. Observation 2.2
states that digital tools improve the availability, organization, and flow of knowledge and
information, ensuring consistency and efficient collaboration through better accessibility,
traceability, and exchange between tools and personnel. To account for this, the use of
digital tools to store, exchange, and retrieve knowledge must be considered.

These tools often are platforms acting as a central repository for engineers to access
general knowledge, knowledge and insights from previous projects, and, most importantly,
information and knowledge about the products being developed throughout their entire
lifecycle [16, 59, 64]. Therefore, they could also be modeled as central agents, accessible
to all other agents (Engineering Tools, Personnel). In [124], a simple knowledge base was
modeled as a central agent that engineers could use to gain competence, therefore, already
partially implementing this concept.

Information and knowledge must be transferred between different people due to infor-
mation dependencies implied in the activity sequence or through product interfaces. Due

to the different nature of activities, product elements, or even organizations, different tools

58



may be used but still require some sort of connection in order to input information from
these other tools. The effectiveness of the connections between these tools is highly depen-
dent on their interoperability. High interoperability allows for digital continuity [68]. This
leads to fast and error-free data transfer, fostering more efficient and effective processes by
enabling concurrent engineering and ensuring that everyone is working with consistent data
[19]. Because interoperability is one of the biggest challenges in implementing a digital
thread [68], the simulation model of these tools should consider it.

In the baseline model [106], an information agent is used to model communication
that occurs probabilistically. Its purpose is purely technical to store the information that is
being sent to dependent engineers until that engineer reads the information. Since digital
tools and their interoperability influence the efficiency of information transfer, this agent
could be changed to also carry properties related to this efficiency and the probability of
communication occurring.

By combining the above-mentioned aspects, the following hypothesis is formulated.

Hypothesis 2.2: Collaborative and knowledge management tools can be modeled as cen-
tral platforms that connect tools, personnel, and knowledge with each other with varying

efficiency depending on interoperability and digital literacy.

These tools will be called Engineering Knowledge Management Tools for this thesis.

5.4 Summary of the Problem Formulation

In this chapter, hypotheses for a holistic M&S framework of PD were formulated based on
a selected baseline model. The baseline model was selected by comparing the available
approaches with the key characteristics of PD. Figure 5.3 summarizes how the hypotheses
were derived on the basis of Formulation Question 1 and Research Question 2. The
hypotheses aim to fill the gaps identified in the selected baseline model. The following

chapter will present the proposed M&S framework and a methodology to create and test it.
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Formulation Question 1: What key Research Question 2: How can

elements and interactions are necessary modeling and simulation methods be
to describe and understand PD? used to evaluate and plan PD?
Characteristics Reviewed
of PD Methods
Research Gap 1: PD |, Selected .| Research Gap 2: Tools
process oversimplified baseline model not considered
Research Question 2.1: How can the Research Question 2.2: How can
baseline model be enhanced to digital tools be abstracted to be
represent PD more holistically? represented in M&S methods?

4 4

Hypothesis 1: If generic process | | Hypothesis 2.1: Digital tools can be modeled as agents that
elements are used to recursively || are used by agents of engineers for the execution of
generate activities based on the activities, where the efficiency and quality of result depend
product architecture, then a prod- | | WPon the tool's properties and the engineer's digital literacy.

uct development process can be

simulated more accurately without | | Hypothesis 2.2: Collaborative and knowledge management
significantly increasing the mod- || tools can be modeled as central platforms that connect tools,
eling effort. personnel, and knowledge with each other with varying
efficiency depending on interoperability and digital literacy.

Figure 5.3: Overview of the problem formulation and the resulting hypotheses.
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CHAPTER 6
PROPOSED FRAMEWORK AND METHODOLOGY

This chapter presents the proposed M&S framework of complex product development, as
well as the methodology proposed to test the hypotheses formulated in the previous chapter.
Because this framework extends the work of [106], a description of this baseline model can

be found in Appendix A.

6.1 High-level Model Architecture

The proposed M&S framework is based on the structure illustrated in Figure 6.1. This
organizes the PD domains and highlights the key interactions that are modeled. The logic
of this simulation framework is fully based on the observations made in Chapter 2 and
implements the hypotheses proposed in Chapter 5.

First, a product architecture consisting of the hierarchical structure of subsystems and
components and the interfaces between components’ is combined with a high-level process
to generate a detailed process. The procedure for generating this process will be discussed
in Section 6.2

The detailed activities are then performed by personnel that are part of the organiza-
tion. Activities require specific Engineering Tools that engineers use for their execution.
These activities and tools also require specific competencies. Not fulfilling the required
competencies leads to reduced efficiency and quality, but also causes more technical prob-
lems, that require collaboration to be resolved. Quality issues, when detected by validation
(i.e., simulation, testing) activities, cause rework of activities that can propagate to other

dependent activities or product elements.

"The original baseline model [106] used functions instead of physical elements to define the product. This
was changed to allow for easier selection of the tools required for their development, simulation, and testing.
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Figure 6.1: Proposed high-level M&S architecture.

Since the product is developed by many engineers, communication has to occur to
exchange information about the individual elements of the product. This communication
happens between dependent activities and the interfacing product elements. For interfaces,
the need for communication is influenced by the complexity of the interface, as well as the
knowledge, information, and past experience available to engineers. Collaboration between
engineers occurs when problems have to be resolved. The collaboration then increases the
engineers’ knowledge about other product elements.

Activities generate knowledge and information about the specific element of the prod-
uct. This is stored in Engineering Knowledge Management (EKM) Tools. Engineers use
EKM tools to retrieve knowledge or information that is required for their activities. The
properties of the EKM tool and the engineers’ competency define how efficient the process
of sharing, searching, or retrieving knowledge is. EKM tools also facilitate the exchange of
information between different tools, with their interoperability influencing the efficiency.

This high-level methodology includes all attributes of PD that have been identified in
Observation 1 and Observation 2 and therefore presents a holistic view of PD. Because
each entity (i.e., product element, engineer, activity, tool) in this framework is represented

as agents in the model, their individual states and interactions can be tracked during sim-
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ulation. This enables many possibilities for the extraction of data tailored for individual
purposes, as defined as a requirement for the M&S framework in Section 3.3.

The following sections will describe aspects related to the hypotheses in more detail.

6.2 Generation of the detailed Process

The proposed high-level PD process can be seen in Figure 6.2. This process is an extension
of the problem solving cycle described in Section 5.2.2. Since the framework will focus
heavily on how digital tools can be simulated, this PD process is oriented around their
use. The basis for this are adapted systems engineering reference processes, such as the
W-model proposed by [131] and [132]. These incorporate two “V’s” to account for high-
fidelity virtual prototypes and simulation that occurs before physical testing is started. This
also relates to model-based enterprise approaches for PD that incorporate two design loops,
one virtual and one physical [67].

The activities of this high-level process are generated for every architectural element
depending on the type of element. The components are related to the activities Design,
Component Simulation, Prototype Manufacturing and Component Testing, while the other
activities are related to the subsystems. Subsystem activities are generated recursively for

every hierarchy level. Furthermore, the capabilities of tools and the responsibilities of per-
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Figure 6.2: High-level product development process used for the proposed framework.
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sonnel, which are mapped to activities and architectural elements, influence the generation
of activities. If no tool or engineer is capable of performing a specific activity for an ele-
ment, that activity will not be generated.

In the problem solving cycle, a ‘creation’ task (i.e., system design, design, integration)
is followed by a ‘quantification’ task (i.e., simulation, testing). This is also the case in the
proposed process. An important step is the evaluation of the quantification results to decide
whether the next succeeding activity can be started or if rework must occur. The proposed
framework models several types of iteration, depicted as dashed lines in Figure 6.2. Large-
scale rework covering multiple activities is possible here, unlike in the baseline model.

It should be stated that the baseline model [106] assigns a single person to one architec-
tural element, an extreme interpretation of the mirroring hypothesis [49]. Due to the many
newly added activities, a wider variety of personnel will be required, therefore assigning
multiple people to the same architecture element. Therefore, considerations of organiza-
tional structures and different responsibilities of personnel are necessary in order to include
their effect on the efficiency of communication, knowledge sharing, and decision making
[46]. These effects have already been effectively captured by Task-based Team Interaction
ABS models, for example [102-104], and could be utilized for this framework as well.

To validate Hypothesis 1, the simulation results must produce effort distribution curves

that more accurately resemble those generated by Norden’s effort model [129], as discussed

“B” Test

“C” Test

Prototype Release

Effort (person-month)

T < T T T T T 1
Time (months)

Figure 6.3: Exemplary application of Norden’s effort model to multiple PD stages [129].
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in Section 5.2.1. Since multiple stages of PD will be considered, this distribution should
emerge for individual stages (Figure 6.3), as originally proposed by Norden [129]. An
empirical validation will not be possible due to the lack of data. Therefore, this hypothesis

will only be validated qualitatively.

6.3 Addition of Digital Tools to the Simulation

In the problem formulation two types of tools were introduced: Engineering Tools and En-
gineering Knowledge Management (EKM) Tools. In the proposed M&S framework these
are represented as agents that can interact with people and other tools, thus influencing
the efficiency of work being done and the flow of information. As stated in the problem

formulation, the following five dimensions will be considered in the M&S framework.

Enablers: Engineering Tools provide capabilities required for specific activities.

Validation: Varying accuracy of simulation and testing tools.

Collaboration: EKM tools are used to exchange knowledge and information.

Interoperability: Varying efficiency of information exchange between tools.

Digital Literacy: Competencies for tools are required for their efficient use.

To implement this, some interactions and properties have to be defined. Tools must be
associated with specific activities and product elements to define their capabilities to enable
the detailed activities mentioned in the previous section. In addition, engineers must be able
to interact with EKM tools to provide and retrieve knowledge and information.

To define how good validation activities (i.e., simulation, testing) are, an accuracy met-
ric is used. This measures the predictive capability of specific tools. A high predictive
capability leads to better forecasts of a systems behavior [133], therefore leading to better
detection of errors and the initiation of necessary rework. Thus, a high-accuracy simulation
tool would reduce the need for physical testing because issues are detected before physical

testing starts, which has been observed as a major advantage of digital tools in PD [14,
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65]. To simulate this effect, the tools used for physical testing (i.e., test equipment, test
facilities) will also be included in the simulation framework.

The interoperability between tools defines how good knowledge or information from
one tool can be used by a different tool both syntactically and semantically [69]. This met-
ric would therefore influence how fast and often information can be exchanged and used
by other tools. Here, interoperability represents a highly abstracted concept of information
exchange efficiency between tools through the use of standards and the use of automa-
tion. Low interoperability would mean that a lot of manual effort is required to prepare
and transform data. This also affects the completeness and availability of information and
knowledge in EKM tools.

Lastly, the digital literacy required to use the tools will be considered. The baseline
model [106] already compares the knowledge requirements of the product elements with
the expertise of the engineers to determine their efficiency, problem rates, and the quality
of the product design. In addition, learning to increase expertise and knowledge is modeled
through learning curves. This approach can therefore also be applied to digital tools by
defining the ease of use of the tools and the tool competency (i.e. digital literacy) of engi-
neers. A mismatch would then lead to reduced efficiency and more problems occurring.

Because the proposed framework is still conceptual, the proposed properties of the
tools are very abstract. In this thesis, no methods for quantifying any of these properties
are provided, as the goal is to qualitatively demonstrate how the digital tools used during
PD could be abstracted for the purpose of simulating the PD process.

To do this, different scenarios will be analyzed. If these scenarios exhibit the behav-
ior expected from digital tools, the hypotheses can be verified. To validate Hypothesis
2.1, highly capable Engineering tools must demonstrate a reduction in physical testing and
overall PD lead time. To validate Hypothesis 2.2 less iteration due to interface incompati-
bilities has to occur when highly interoperable tools are used because the information used

1S more consistent.
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In addition, both Engineering and EKM tools have to enable the simulation of the
‘competency-capability’ trade-offs. This should be understood as the trade-off of imple-
menting new more capable tools that require new or better competencies, which leads to

lower productivity when no training is provided.

6.4 Notional Case Study for Testing the Framework

The framework will be applied to a case study in order to perform various tests to validate
the hypotheses. It has to be relatively simple to implement to ensure that it remains within
the scope of this thesis without requiring excessive time. However, sufficient complexity is
also required to validate the hypotheses, especially with respect to the emergent behavior
of PD.

The baseline configuration for the notional case study is structured as follows. A simple
drone has been selected as the product (Figure 6.5), as this is a multidisciplinary product
with multiple different dependencies and interfaces, but also has a manageable number of
subsystems. The organization (Figure 6.4) is divided into four teams that make up the entire
project team. Various tools with different capabilities have also been defined (Table 6.1).
The current selection of tools presents a rather ‘traditional’ engineering process without
any highly capable simulation tools. Because the current framework does not explicitly
include procurement, a ‘Supplier’ is defined as a tool to act as a proxy to generate activities
related to prototype procurement. More detailed information on the defined configuration
can be found in Appendix C.

A notional configuration was chosen due to the limited data available. Due to the com-
plex nature of this problem, a lot of hard-to-access data would be required. For this, process
mining [84] would most likely have to be used, which is currently beyond the scope of this
thesis. Companies willing to share this sensitive data would also have to be found. There-
fore, this thesis will not be able to validate the framework against empirical data but can

only use general trends described in the PD literature to validate the intended behavior.
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System Team Electronics Team
3x Systems Engineers 4x Electrical Engineers
1x Simulation Engineer 1x Software Engineer

Design Team Validation Team
5x Design Engineers 3x Prototyping Engineers
2x Structural Engineers 2x Testing Engineers

Figure 6.4: Teams and engineers defined for the baseline organization.

1 Drone
|
v v v
1.1 Airframe 1.2 Propulsion System 1.3 Flight Control System

1.1.1 Main Body 1.3.1 Sensor Suite

A 4

1.2.1 Propeller

A 4

1.1.2 Arms 1.3.2 Controller

A 4

1.2.2 Battery

A 4

1.2.3 Motor 1.3.3 Software

A 4
A 4

1.1.3 Landing Gear

Figure 6.5: Hierarchical product architecture of the notional drone.

Table 6.1: Tools defined for the baseline organization and their capabilities.

Tool Capabilities

MBSE System Design (1, 1.1, 1.2, 1.3)

Basic System Simulation ~ LF System Simulation (1, 1.2, 1.3)

MCAD Design & Virtual Integration (1.1, 1.1.1, 1.1.2, 1.1.3, 1.2.1)
ECAD Design (1.3.2)

IDE All Activities (1.3.3)

FEA All Simulation Activities (1.1, 1.1.1, 1.1.2, 1.1.3, 1.2.1)
Circuit Simulation Component Simulation (1.3.2)

Manufacturing Equipment Prototyping (1.1.1, 1.1.2, 1.1.3, 1.2.1, 1.3.2)

Assembly Equipment Prototyping (1, 1.1, 1.2, 1.3)

Universal Test Machine Testing (1.1, 1.1.1, 1.1.2, 1.1.3, 1.2.1)
HIL Equipment Testing (1.3, 1.3.2)

System Testing Facility Testing (1, 1.2)

Supplier Proxy Design & Prototyping (1.2.2, 1.2.3, 1.3.1)
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To validate the framework, the goal of the implementation will be to replicate the be-
havior and attributes captured in Chapter 2 and also provide enough insights to fulfill the
modeling objective and purpose stated in Chapter 3. More specifically, this is related
to Observation 1.2 and 1.3 to validate Hypothesis 1 (i.e., the process logic), as well as
Observation 2.1 and 2.2 to validate Hypothesis 2.1 and 2.2 respectively (i.e., digital tools).
To demonstrate the capabilities of the proposed framework, different scenarios will be de-
fined that relate to an organization’s potential efforts to increase PD efficiency. These will
be described in more detail in Section 8.2.

The next chapter will provide a detailed description of how the proposed framework

was implemented and set up to be validated.
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CHAPTER 7
IMPLEMENTATION OF THE M&S FRAMEWORK

This chapter will present the developed simulation model and implementation. The model
was built entirely with Python. This enables the implementation of custom functions, logic,
and data extraction that might be more complicated in commercial ABM software. In
addition, the creation of a customized dashboard is also possible to visualize detailed data.
Although building the initial framework is time-consuming, it allows for high flexibility to
implement exactly what has been proposed in the previous chapters. The entire code can
be found on GitHub (see Appendix D).

The implementation was already partially published in [134] as a preliminary simula-
tion framework and is based on the selected baseline simulation model [106], described
in Appendix A. This chapter extends the partial implementation to fully realize the pro-
posed framework. The following sections are organized and guided by the proposed high-
level modeling logic presented in the previous chapter. First, the product architecture will
be discussed, as it guides the flow of the simulation together with the process defined in
Section 6.2. After that, the simulation logic centered around the agents of engineers will
be discussed. All other entities of the simulation will also be discussed in more detail in
that section. Supplementary information on the defined parameters and detailed input data

used for the notional case study is provided in Appendix B and Appendix C, respectively.

7.1 Product Architecture

The product architecture defines the structure of the product that is being developed. The
hierarchy guides the decomposition into subsystems and components, and interfaces define
how the components interact and connect to each other. Interfaces are defined through dif-

ferent types and a corresponding severity. The complete list of the types used can be found
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in Table B.1 in Appendix B. The interfaces for the product architecture of the notional case
study are defined in a design structure matrix (DSM) that can be found in Figure C.2 in
Appendix C. A symmetric DSM was chosen for this thesis, but is not required.

A metric based on important product complexity drivers (i.e., hierarchy, interfaces, mul-
tidisciplinarity) [3], proposed by [37], is used to characterize the complexity of individual
product elements and their interfaces.

The complexity of any product element is defined by the amount of knowledge gained
from formal education and training that is needed for its development [106]. This knowl-
edge requirement is represented as a vector K r» Where each value k, defines the require-
ment for a specific knowledge domain (e.g., mechanical, electrical, etc.). Table B.2 in
Appendix B lists all defined knowledge domains. The severity of this knowledge require-
ment is measured on a scale from 0 to 3. Equation 7.1 is used to calculate the technical
complexity TC of a product element based on its knowledge requirements, where N is the

number of knowledge requirements [37].

(7.1)

Integrating elements is more complex with many severe interfaces and when the mutual
understanding of engineers decreases due to the need for different knowledge [106], thus
increasing the need for coordination. Therefore, the integration complexity IC is calculated
from the severity of the interface IS and the knowledge difference KD of the elements, as

expressed in Equation 7.2.

IC=05-1S-KD (7.2)

The constant 0.5 is added to distribute the complexity between the two elements of
the interface. The interface severity LS is defined as the sum of all severity values for the
different types of interfaces, divided by the highest possible interface severity 1S, .. The

knowledge difference KD between elements is defined as the angle between their knowl-
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edge vectors K & 1n the multidimensional knowledge space, which is scaled with the upper
limit of the knowledge scale r to maintain the same order of magnitude as the technical

complexity [37], as stated in Equation 7.3.

_ \/1—<—fz&l"2’3’2 >
KD = rsm@ = KR 11INKR I (73)

The complexity of the elements and their interfaces is used to define the effort required
for activities (Section 7.2.1), the amount of information flow required between interfacing

elements (Section 7.2.2), and the difficulty to resolve technical problems (Section 7.2.3).

7.2 Detailed Simulation Logic

The high-level simulation logic has already been discussed in Section 6.1. This logic and
the generated process (see Section 6.2) guide the flow of the simulation on a high level by
defining the sequence of activities and the information flow that must occur. The logic is
extended by the detailed behavior of the individual agents of engineers®, depicted as a state
machine diagram in Figure 7.1.

Agents perform technical work when tasks are ready. The competence of the agents and
the tools used influences the outcome of these tasks influencing the quality of the product
and the accuracy of validation results. Technical work will be discussed in more detail
in Section 7.2.1. During or after technical work, multiple events are possible and occur
probabilistically. The probability of events occurring is influenced by the properties of the
engineers and tools.

Information about dependent elements or preceding activities could be needed. If that
information is not available on the Engineering Knowledge Management (EKM) Tool, it is
requested. Once information is available, it is processed and the compatibility of interfaces

or the feasibility of requirements is checked. The processing of information during the

8For simplicity the agent of an engineer will be called ‘agent’ from here on.
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Figure 7.1: State machine diagram for the behavior of engineer agents in the simulation
model ({talics: probabilistic events).

simulation is discussed further in Section 7.2.2.

If the checked information does not cause any problems, technical work can be contin-
ued. However, if problems occur, collaboration is initiated to resolve the problem. Simi-
larly, if technical problems due to missing expertise occur during technical work, an expert
is consulted to resolve the problem. If no expert is available, the EKM tool is searched for
knowledge. If this is successful, technical work is continued. If not, consultation with an
expert is requested. The resolution of problems through collaboration, consultation, and

the EKM tool will be discussed in more detail in Section 7.2.3.

7.2.1 Technical Work

Technical work refers to the effort applied to the activities generated from the product

architecture and the high-level process (see Section 6.2).
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Effort of Activities

To account for uncertainties, the effort required for individual activities is estimated us-
ing triangle distributions, as is common practice in the PD literature [73]. To account for
the increased effort required for complex products, the distribution T'RI(a, b, ¢) is multi-
plied by the technical complexity TC of its corresponding product element, as stated in

Equation 7.4. The nominal effort E

act

required for an activity is sampled only once at the
beginning of the simulation.

E,, = TRI(a,b,c)-TC (7.4)

Each activity is modeled as a series of sequential tasks, as proposed in the baseline
model [106]. This is done to discretize the occurrence of events during the simulation.
Tasks are assumed to require a constant amount of effort. Therefore, the number of tasks
n, is calculated based on the task duration E,,, as stated in Equation 7.5. To avoid rounding
errors, Equation 7.6 calculates the nominal task effort E,, based on the number of tasks.
The learning effects resulting from the repetition of a task are modeled in Equation 7.7. The
effort is reduced using learning curves modeled with the power model [135], where [ is the
learning rate and n,,, is the number of repetitions of the task. The learning rate represents
how much the nominal effort of a task is reduced after each repetition. Consequently, a

lower learning rate corresponds to a larger reduction in effort.

n, =nint(E,,/E,) (7.5)
Etn = Eact/nt (76)
E,=E, -n,, "' (1.7)

The lower limit a, upper limit b and mode c of the triangle distributions, as well as the

learning rates / used for individual activities can be found in Table C.2 in Appendix C.
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Working on Tasks

When agents are idle, they check what tasks can be performed by them. For a new task to
start, all its predecessors have to be completed. This is defined through the activity network
created from the high-level process and the product architecture.

When a task within the responsibilities of an agent is ready, the agent starts working on
that task. If multiple tasks are ready for one agent, a section is made based on the priority
of the tasks. The priority is derived from the importance of the product element associated
with the task and the urgency of the task, which is the amount of time that the task has
been ready, as proposed by [103]. Tasks that have already been started are finished before
a different task is started. Tasks can only be interrupted for collaboration with other agents.

Agents can only have one responsibility for a System Design or Design activity. This
was done for implementation reasons to make modeling the information flow between
agents on interfacing elements easier. For other activities, an agent can have multiple re-
sponsibilities. All defined responsibilities can be found in Table C.3 in Appendix C.

Equation 7.8 calculates the efficiency of an agent while working on a task, where A is
the agent’s competence, Az is the agent’s tool competence, and 7, is the productivity of

the tool. Low efficiency results in an increased effort required to complete a task.
Ae f = AC ) ATC,Eng ) Tp (78)

The tool productivity defines how much effort while working on tasks is made more
efficient through, for example, automated workflows or assistance functions.

The agent’s competence is defined by the mismatch of the agent’s technical expertise
with the knowledge required for the development of a product element. Therefore, techni-
cal expertise is defined by the same knowledge vector that is used to define the knowledge
requirements of product elements. It refers to an engineer’s knowledge in various domains
and determines the ability to perform a certain task. Equation 7.9 calculates the agent’s

competence [106], where k, is the knowledge requirement for knowledge domain n, a, is
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the agent’s expertise in knowledge domain n, M is the set of knowledge domains that sat-
isfy k, > 0, and m is the size of the set M. Through learning processes, competence can

be increased throughout the simulation (see Section 7.2.3).

AC:%Zmin{l,%} (7.9)

Tool competence is defined as the ratio of digital literacy to tool usability, as stated in
Equation 7.10, where Ap; g,, 1s the agent’s digital literacy for the Engineering tool used
and Ty,,, is the tool’s usability. Digital literacy is a generic term used here to define an
agent’s proficiency in using digital tools, models, and data. The usability refers to the ease
with which a tool is used and defines the amount of training required to use a tool. A large

value implies that more training is required.

A n
Atc png = Min { 1, } (7.10)

Usab

The tool competence and technical competence are used to define the efficiency, as
discussed here, as well as the efficacy of the agents, which will be discussed in the following
sections. Excessive expertise or digital literacy can partially increase efficiency beyond one,
resulting in faster than nominal task completion. The efficacy cannot exceed 1.

All properties of the agents and tools can, respectively, be found in Table C.4 and
Table C.6 in Appendix C.

Once a task has been completed by fully applying the total required effort E,, events
can be triggered, and the succeeding task can start. What events are triggered depends on

the type of activity. All possible events will be discussed in the following sections.

Quality of Work

System Design and Design activities define the quality of the product elements. The defi-

nitions used to model the quality are all based on the baseline model [106] and adapted to
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include the impact of system design activities. The quality of product elements and inter-
faces is modeled as the probability of successful validation, discussed later in the section.
Figure 7.2 illustrates the different quality types defined for product elements and how they

relate to each other.

i Subsystem |
i Feasibility Feasibility i
| v Interface |Feasibility v :
i | Component 1 |« Y —»| Component2 |
| Interface Quality i
' Design Quality Design Quality i

Figure 7.2: Quality types defined for product elements.

The competence A (Equation 7.9) of an engineer defines how well the knowledge
requirements of a product element are matched. Fewer technical mistakes are expected
when the engineer’s competence meets more requirements. Therefore, the design quality
O, of product elements is equal to the competence of the agent designing it [106].

During System Design activities, requirements are established for subsystems and com-
ponents. The feasibility of these requirements defines the upper limit of the design quality.
If an engineer has a lot of experience with a product, more feasible and balanced require-
ments are expected to be defined. Therefore, the feasibility Q is defined to be equals to
the product knowledge PK about the specific product element. Product knowledge refers
to the experience an engineer has with a product through similar previous projects. PK
is represented as values between 0 and 1. The initial product knowledge of each agent
is determined by multiplying the novelty of the product element with the engineer’s prior
experience. Throughout the simulation, product knowledge is increased through collabo-
ration, as further described in Section 7.2.3.

The work on interfaces requires an understanding, i.e., product knowledge PK, of the

dependent elements, as well as the exchange of information to align individual designs with

77



each other. More experience results in better anticipation of how an interfacing element
will be designed, therefore increasing the interface quality Q, [106]. Because interfaces
are already partially defined through requirements set during System Design activities [6],
the required exchange of information is reduced with increasing feasibility of the interface.
The interface feasibility Q, is equal to the system designer’s average product knowledge

PK about the interfacing elements. The interface quality is then defined as

Q;=PK-Qp+0-0p)1,) (7.11)

where 1,,, is the relevant information used to design the interface. Section 7.2.2 will
further discuss the definition of information in the context of the simulation.

The integrated goodness of a system or the complete product Q, defines how well in-
dividual elements of that system are designed with respect to the elements they interface
with. The goodness of a system is limited by the weighted average of the level of goodness
of its subsystems. The goodness of the subsystems is defined in Equation 7.12, where i are
all subsystems or components of the integrated system, w; is the importance of subsystem
i, and Qg ; are the individual levels of goodness. The importance is defined as the de-
gree to which a subsystem contributes to satisfying the overall product requirements. The

importance could be quantified through a QFD analysis or other comparable methods.

Zi Og, " W
Zi w;

The goodness of a product element is then modeled using Equation 7.13 [106]. O, is

O6.sp = (7.12)

the design quality of the element, Q_, is the average interface quality of all interfaces in the

subsystem, and a, and f, are shape parameters.

Q : Q su
Q,= —2 =9 (7.13)
1 +a, e
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Figure 7.3: Function shape of Equation 7.13 (Qp, = 1, &, = 50, , = 10) to model the
impact of the interface quality on the solution goodness of an integrated product element.

Figure 7.3 depicts the shape of this function by varying the average interface quality.
An S-shaped function was chosen based on observations that slower quality changes are
expected at the beginning and end of PD [136].

The quality of the interfaces define how well the components of the subsystem integrate
with each other, especially when the difficulty to integrate systems is high. Therefore, the
weighted average of the interface qualities Q_I of a subsystem is defined in Equation 7.14,
where i are the interfaces within the subsystem, Q, ; is the quality of interface i, and IC; is

the integration complexity of interface i.

= _ Zi QI,i : ICi

0, = W (7.14)

Validation through Simulation and Testing Activities

The purpose of validation activities is to check the quality of a design. LF System Simu-
lation, Component Simulation, and Component Testing activities check the design quality
Op. HF System Simulation and System Testing activities check the solution goodness QO
of the product or a subsystem that includes all its subsystems, components, and interfaces.
Interfaces with other components and subsystems are partially validated, depending on the

integration complexity IC and the interface feasibility Q,, which define the difficulty of
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testing an external interface and the completeness of the requirements set for an interface.
Since the tools used to perform the validation activities can vary in accuracy, the mea-

sured quality is changed based on this accuracy. The measured quality Q is defined as

Q=1-(1-Q)A« (7.15)

where Q is the actual quality and and Acc is the accuracy of the agent-tool pair working
on the validation task. For Acc <1, the measured quality is greater than the actual quality.

Figure 7.4 visualizes this relationship in more detail. The accuracy is defined as

ACC = TACC * ATC,Eng * AC (7.16)

Acc' =0.5-(T,,, - Arc g + Ac) (7.17)

where T, is the accuracy of the tool itself, A¢ g, is the agent’s tool competence (Equa-
tion 7.10) and A is the agent’s technical competence (Equation 7.9). The accuracy of
the validation tool describes its predictive capability [133], where 1 would correspond to
perfect predictions, and values close to 0 would correspond to very poor or limited predic-
tions. Equation 7.17 is used when a tool is not required, but can enhance validation (see

Section 7.2.3).
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Figure 7.4: Function shape of Equation 7.15 to model the impact of the tool accuracy on
the measured quality.
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The probability of ‘successful’ validation is then defined in Equation 7.18, where Q is

the measured quality and Ty, is the quality target.

I N
P, —mln{l,TQ} (7.18)

Thus, when the accuracy is low, validation is more likely to ‘succeed’ and quality issues
are not detected. Later (physical) validation activities can still detect these quality issues,
leading to more rework. Quality is checked after every completed validation task.

If validation fails, rework of the affected activities must occur. For LF System Simula-
tion, Component Simulation and Component Testing, the direct System Design or Design
activity of the product element is reworked. For HF System Simulation and System Testing,
the system itself or any of its subsystems, components, or interfaces can be the cause of
failed validation. Therefore, the activity that must be reworked depends on the product
element that failed validation. The portion of work that must be reworked is equal to 1 — Q.
Furthermore, the quality gains that can be made through rework are limited by (1 —Q)- Ac.

All downstream activities working on hierarchically dependent product elements are
reset as a result of this iteration (first-order rework). Change propagation to interfacing

elements (second-order rework) is currently not considered.

7.2.2 Processing Information

Information (i.e., drawings, data, reports, models) is generated by agents working on activ-
ities. Information is assumed to be created linearly with the progression of an activity. The
exchange of this information is essential in PD, because people work on different activities
that have to be aligned with each other. All information, once shared, is stored in the EKM
tool, where it can be accessed by other agents and tools when needed. If information is not
available when it is needed, it is requested from the agent responsible for creating it. The
need for information about dependent elements is based on the integration complexity, the

goodness of the interface requirements, and the amount of missing information.
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Information Completeness and Correctness

Every agent who uses information about product elements has properties associated with

that information to define the completeness of the information (I, , ) and the correctness

comp

of the information (1,,,,). The completeness measures how much of required information

orr
is available to that agent, and the correctness measures how up-to-date that information is.
The amount of correct information that is relevant for technical work is defined as

I,=1, -1,.. (7.19)

re comp corr

Upon receiving information about a product element, the completeness and correctness
are updated to match the information source. The source of information is either the agent
that created this information or the EKM tool. Using more relevant information during the
design of components increases the interface quality as defined in Equation 7.11.

Upon rework, some information about the product elements becomes obsolete. There-
fore, the amount of correct information used by the agents is reduced. For the agent respon-
sible for designing the element, the information completeness is reduced by the amount of
rework. For all other agents and the EKM tool, the information correctness is reduced by
the percentage of rework. If a subsystem is reworked, the same reduction of information
occurs for all of the subsystem’s hierarchically dependent elements. The reduced correct-
ness leads to quality problems on interfaces if updated information is not exchanged. Once

an agent receives new information, the inconsistencies are resolved.

Information Exchange

Information exchange is required due to information dependencies between interdependent
product elements that are developed concurrently and between sequentially dependent ac-
tivities. In addition, information is also needed for the verification of designs based on

requirements set during system design.
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For a new activity to start, relevant information from predecessors (System Design,
Design) or information about a design (all other activities) must be received. The nominal

effort required to process information before starting the activity is modeled with

E, AT (7.20)

act rel

= einfo - E

N

where e, is the information handling effort per unit of information, E,, is the nominal ef-

act
fort of the activity the information stems from, and A1, is the difference between relevant
information that has already been processed and the information needed. Because design
verification is not modeled as a separate activity in the simulation, e, is introduced to
increase the effort of verification work, as it is assumed that this requires additional effort.
The actual effort to process information is defined in Equation 7.21, where T is the
Engineering tool’s interoperability with the EKM tool, Az¢ gk 18 the agent’s competence
for the EKM tool, and T, is the EKM tool’s productivity. The EKM tool competence
is calculated based on Equation 7.10 by substituting for the properties of the EKM tool.
Interoperability in this context measures how effectively data from one tool can be used by
another. This refers to the use of standards, APIs, or automated data exchange capabilities
within a digital thread [68]. A value of O indicates that there is no data compatibility, while
a value of 1 represents seamless data sharing that requires no effort. Most tools fall between

these extremes, meaning that some manual effort is required to exchange and utilize data.
E,,= Fr 0710 (7.21)

' Arc.exm - T,

Interfacing elements are developed concurrently. Therefore, not all information about
dependent elements is available at the start of a design activity. This information is ex-
changed throughout the duration of the design activities. Figure 7.5 depicts the interactions

between agents and tools while working on interdependent elements. Only relevant in-

formation is exchanged. Complex dependencies require more information exchange and
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Figure 7.5: Information exchange between agents designing interdependent elements.

coordination [137]. Therefore, the fraction of information that is exchanged between inter-
dependent product elements is modeled as the ratio of the interface’s integration complexity
IC to the element’s total complexity, defined as (TC + IC).

Information exchange between interdependent elements and the verification of designs,
while working on System Design and Design activities, is more likely if the agent is pro-
ficient in using the EKM tool (A gxar)- This likelihood increases further if the interop-
erability (7) of the specific Engineering tool with the EKM tool is high and if the EKM
productivity (7)) is high, as defined in Equation 7.22. The assumption for this is that if
information can be exchanged easier and faster, it will be done more often. P;, and P; ,
are tuning parameters to adjust the frequency of information exchange.

Pr=P,+ P A Ti - T, (7.22)

If information is needed or has been requested, the sharing and processing of informa-
tion is not modeled probabilistically. Here, only the priority of the respective tasks and

requests is considered to determine when information is exchanged.

7.2.3 Collaboration and Consultation

Collaboration in PD is important to align engineers working on different parts of the prod-

uct with each other [54], but also to transfer knowledge from experts to novices [61].
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Three types of collaboration are modeled: Consultation of an expert due to technical
problems and collaboration between agents to resolve interface or feasibility issues. Once
any of these problems occur, collaboration is requested from an expert or responsible agent.
If the agent is available, the collaboration can begin immediately. When this is not the case,
collaboration is requested and will be started once the request is accepted. The priority of
requests is defined the same as that for tasks. Thus, when an agent selects what to work on,
the highest priority request or task is chosen.

The purpose of consultation and collaboration is to resolve problems and, consequently,
to increase the knowledge of an agent. This models the learning process of engineers
through the exchange of tacit knowledge. Increased knowledge then leads to fewer prob-
lems and a higher quality of the product. The following three subsections will introduce
the individual problems that cause collaboration, and the last subsection introduces the

equations used to model knowledge improvement.

Technical Problems

A technical problem occurs due to lack of expertise in a knowledge domain required for a
technical task. The problem forces the agent to stop working and seek help. An exponential
distribution defines the time interval between technical problems. Equation 7.23 calculates
the rate at which technical problems occur [106], where k, is the knowledge requirement
for knowledge domain n, a, is the agent’s knowledge of knowledge domain », and M is
the set of knowledge domains that satisty k, > 0. If all knowledge requirements are met,

technical problems will not be encountered.

by = max <1 - k—) (7.23)

To help resolve the technical problem, the agent consults an available expert. In the
simulation, an expert is defined as an agent that has a knowledge level higher than the

required knowledge level for the knowledge domain that causes the problem. The consul-
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tation improves the agent’s expertise, increasing their efficiency and efficacy.

If no expert is available, the agent attempts to use the EKM tool to retrieve general
knowledge. This is modeled with reduced efficiency (#,,) and a probability of failure de-
pending on the digital literacy of the agent A p; gk, and the completeness of the EKM tool.
If the search on the EKM tool failed, a consultation meeting with an expert is requested.

The request is then accepted depending on the expert’s other priorities.

Feasibility Problems

A feasibility problem is encountered during the design or validation of a product element.
Regardless of how good a product element is designed, it may fail to meet the required
quality if the underlying requirements are not well-defined. The probability of this occur-
ring after the completion of a task is 1 — Q F- 0 r 18 the measured feasibility of a product
element, calculated using Equation 7.15 and 7.17. The tool accuracy of design tools is
related to simulation capabilities within them.

A feasibility problem requires the Design activity to be stopped until the feasibility is
improved. For this, the agent responsible for specifying the requirements and the agent
responsible for the design collaborate. This increases the system designer’s product knowl-
edge of the lower-level element. After the collaboration is finished the System Design
activity is reworked, improving the feasibility of the requirements and allowing the paused

activity to be continued.

Interface Incompatibilities

After receiving information on interdependent elements, that information is checked to
verify its compatibility with the interface. The probability of an element failing this check
is 1 — Q,, where Q, is the quality of the interface. Validation activities can also detect
interface incompatibilities.

The verification of interface information is done by the system designer of the subsys-
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tem that contains the interface and the designer of the dependent element. The agent de-
signing the element only checks the incoming information for its compatibility. The system
designers, however, verify the alignment of both elements with the defined requirements.

The probability of the system designer to detect incompatibilities is higher when high-
quality requirements are defined for the interface (I,). Additionally, the probability is
reduced based on the accuracy of the agent-tool pairing performing the verification. Here,
accuracy relates to the fidelity, completeness, and traceability of models created to per-
form the verification. The accuracy and resulting reduced probability of detecting issues is
calculated using Equation 7.15 and 7.17.

When an incompatibility is detected, the agents responsible for designing the interface
collaborate to learn about each other’s designs and resolve the issue. This increases their
product knowledge of the dependent element. The effectiveness of collaboration triggered
by the verification by a system designer is based on the quality of the requirements set for
the interface ().

After the collaboration, the product element that caused the interface incompatibility
is reworked. The percentage of rework is based on the amount of information that was
verified and the interface quality: 1,,, - (1 — Q). The latest information on the product

element is also exchanged before rework starts.

Knowledge Improvement

The effect of consultation and collaboration is the improvement of general knowledge (ex-
pertise) or product knowledge. The improvement is modeled as an exponential rise that
starts at the initial knowledge (" or PK'") and the knowledge increases with consul-

tation or collaboration effort (E

ensiy OF E..;105)- During consultation, knowledge increases

towards the expert level X,. For collaboration, the maximum value is 1, since product
knowledge is increased. Equation 7.24 calculates the improvement of general knowledge,

while Equation 7.25 calculates the improvement of product knowledge [106]. The effi-

87



ciency of consultation or collaboration (#,,,,;; OF 1.,;4) 1S the complexity resolved per hour.
The learning efficiency is reduced according to the complexity of the element (TC) or in-

terface (IC) due to the increased difficulty of solving problems in a complex context.

@, = al (7.24)
" 1 + ( X, 1) _"cnsltr'gcnxlr .
it - - e
PKNew — 1 (7 25)
1 _ Neollab Ecollab °
1+<pKim'r_1>'e ©

Figure 7.6 illustrates the improvement of product knowledge with collaboration effort
for different integration complexities. The shape of the function for consultation on general
knowledge is the same, the only difference being the change in scale depending on the level

of expert knowledge X, and the initial level of knowledge a/"".
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Figure 7.6: Function shape of Equation 7.25 (PK™" = 0.25, 7., = 0.5) to model the
improvement of knowledge through collaboration.

7.3 Simulation Execution

Before executing the simulation, all agents and entities (i.e., product elements, activities,
tasks, engineers, tools) are created based on input files that store the input data. The input
data required for this is summarized in Table 7.1. The detailed data defined for the simula-

tion can be found in Appendix C. Since no empirical data was available, the values for all
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Table 7.1: Summary of the input parameters for the simulation model.

Entity Attributes

Product Elements Interfaces Knowledge Requirements
Hierarchy Novelty Importance

Activities  Duration Learning Rate

Engineers Responsibilities Digital Literacy Salary
Expertise Experience

Tools Capabilities Usability Interoperability
Productivity Accuracy Cost

parameters used are rough estimates based on observations from the literature.

The simulation is executed by stepping through time in small increments Af, contin-
uously assessing and updating the state of each agent at every step. State-transitions are
triggered according to the logic described in the previous sections. The next section will
describe what data is extracted during the simulation. After that, the efforts to calibrate the

model will be discussed.

7.3.1 Data Extraction

In Section 3.3 many possible MOEs and MOPs were proposed to evaluate PD. Many of
these are supported by the developed M&S framework. However, creating data extraction
functions for all of the different states of agents and their interactions, as well as functions
for the necessary visualization, is a time-consuming process. Therefore, in this thesis, only
the data necessary to demonstrate the potential capabilities of the framework and validate
the hypotheses will be extracted.

Because the simulation has many probabilistic effects (e.g., activity duration, validation
success, information exchange, problem rates), a Monte Carlo simulation is needed to gain
reliable insights. The simulation results are then averaged, and distributions or scatter plots

can be utilized to visualize their spread.
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Measures of Effectiveness

All MOE:s (i.e., cost, time, quality, risk) are extracted during the simulation. However,
quality is a fallout, meaning that a quality goal is predefined and the simulation runs un-
til that goal is achieved through sufficient iteration. The development risk is calculated
based on the cost and lead time distributions of the Monte Carlo simulation by applying

Equation 3.1 and 3.2.

Measures of Performance

Some MOPs and other more detailed information is extracted during the simulation to mea-
sure how changes to the configuration impact the individual entities of the model. Table 7.2
lists the extracted MOPs along with the hypothesis each is intended to validate.
Measurements 1—4 track the state of agents and plot this over time, average it, or sum
it up. These metrics are only available for single simulation runs. The cost tracked during
simulation is derived from the salaries of engineers and the cost of using or licensing tools.
Measurements 5—10 have already been stated as potential MOPs in Section 3.3.2. Their

basic definitions are unchanged, but some notes on their implementation for this simulation

Table 7.2: Summary of the measures of performance extracted during the simulation.

MOP/Measurement Parameter  Validation of

1 Gantt chart® -

2 Applied and backlogged effort over time* - Hypothesis 1

3 Resource utilization over time? -

4 Effort and cost breakdown? -

5 Rework effectiveness Mrework  Hypothesis 2.1

6 Average number of iterations per element Nifor Hypothesis 2.1

7 First pass yield FPY Hypothesis 2.1

8 Cost of physical validation Conysica  Hypothesis 2.1

9 Work efficiency Noalue Hypothesis 2.2
10  Average information consistency E Hypothesis 2.2

2 Only extracted for single simulation runs.
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should be made: For metric No. six, the number of iterations of each element is counted
and averaged over all elements of the product. The first pass yield (FPY) is the number
of testing tasks that have not been repeated divided by the total number of testing tasks.
Metric No. eight counts the cost of prototyping and testing activities as the cost of physical
validation. Lastly, the average information consistency requires a detailed analysis of the

information used by individual agents, which will be discussed in the following section.

Average Information Consistency

The information consistency I of individual agents, defined in Equation 7.26, is mea-
sured by comparing the information the agent uses while designing product elements with
the available information. The consistency reaches 1 when no information is missing or
outdated. Negative values are possible if the values for missing information and outdated
information are large. The underlying assumption for this is that only missing information

is better than missing the correct information and additionally using outdated information.

Io=1-(,+1) (7.26)

Missing information I, is the difference between the available information and the
amount of correct information that is used for a specific task, as stated in Equation 7.27.
The available information I, is the total information that has already been generated by
other agents. The amount of correct information is defined through the completeness I,

comp

of the information, that is, the total amount of information used, and the correctness I

corr

of that information. Outdated information /, is the amount of incorrect information that is

used for a specific task, as stated in Equation 7.28.

Im = Ia - Icomp ) Icorr (1.277)
Iy = Ty (1= 1) (7.28)
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The information consistency of an engineer is calculated for every dependent element
after each design task is completed. After the simulation is completed, the average infor-

mation consistency I_C is calculated across all agents, elements, and tasks.

7.3.2 Model Calibration and Verification

The model uses several tuning parameters and settings that can change the behavior and
execution of the simulation that have been mentioned throughout this chapter. All parame-
ters and their values are summarized in Table B.3 in Appendix B. Some initial calibration
of these parameters was performed to obtain reasonably realistic results. However, since
no empirical data was available, fine-tuning was not possible.

Verification of the intended behavior was performed during model development after
each major update, ensuring that the defined logic is implemented correctly. This was done
by tracing the states of all agents (product elements, engineers, activities, tools) and events
that trigger state transitions in the simulation logs. In addition, several iterations of the
completed framework were necessary on the basis of the simulation results to enhance the
logic, correct errors, and handle edge cases.

The convergence and precision of the simulation was ensured by analyzing the influence

of different step sizes At, task durations E,;, and number of simulation runs n A bal-

runs*
anced approach was adopted to obtain sufficiently accurate data with stable distributions,
while avoiding a significant increase in execution time. With the selected parameters, a full

Monte Carlo simulation of one configuration is executed in 15 to 25 minutes on a high-end

computer.

The next chapter will analyze the calibrated simulation framework to demonstrate and ver-
ify its capabilities, as well as to validate the hypotheses of this thesis based on the extracted

data for different scenarios.
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CHAPTER 8
RESULTS AND ANALYSIS

This chapter will test the developed simulation framework to validate or reject the hy-
potheses. For this, first the baseline configuration of the notional case study is simulated
to evaluate the general simulation behavior and then test Hypothesis 1. After that, the
sensitivity of the framework to various scenarios related to digital tools is evaluated, to
test Hypothesis 2.1 and Hypothesis 2.2. Additional capabilities of the framework will
also be presented to demonstrate how the framework could help manage or plan product

development, and therefore fulfill the Research Objective.

8.1 Analysis of Baseline Simulation Results

Before the impact of varying parameters through different scenarios can be analyzed, the
baseline configuration must be simulated. The input data for this configuration is defined
in Appendix C.

First, a Monte Carlo simulation of this configuration was performed to quantify its
MOEs and MOPs. These will be used as a reference for the sensitivity analysis later in
this chapter. Then a likely case is analyzed in more detail to highlight the framework’s
capability to provide deeper insights into causes of inefficiencies. This will also help with

analyzing the behavior of the process in more detail to validate or reject Hypothesis 1.

8.1.1 Monte Carlo Simulation Results

The cost and lead time distributions resulting from the Monte Carlo simulation are de-
picted in Figure 8.1. The results have been normalized as the actual values do not provide
any insight due to the use of a notional case study. All extracted MOEs and MOPs are

summarized in Table 8.1.
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Figure 8.1: Lead time and cost distributions of the baseline configuration (#,,,, = 1, 500).

The spread of the distributions is large. This is because validation tasks are modeled
probabilistically on the basis of the quality of architecture elements and do not incorporate
decision logic. This leads to the possibility of no iteration occurring at low quality or
excessive iteration occurring at high quality.

The distributions are used to calculate the risk (Equation 3.1 and 3.2), based on all runs
that are above the cost and the lead time target multiplied by the impact of the overrun.

The quality is lower than the defined target quality of 0.9. Due to probabilistic quality
checks, this is expected. When the quality is above the target, the probability of passing
this check is 1. Therefore, on average, the quality will always be lower than the target.
Since the simulation uses quality to converge, it is not indented as an evaluation metric and
was only listed as a control.

Overall, the results show that the process heavily relies on iteration and rework. On
average, every element is reworked 7.5 times, resulting in only 27.5% of development work
not being reworked. Much of this rework is caused by physical validation as only 7.5% of
physical validation tasks are successful on the first pass and 72% of the development cost
is caused by physical validation. In addition, only 49% of the development effort is spent
on value-adding work, i.e. technical tasks, and the average consistency of the information
used by engineers is 66%, which means that on average 34% of the information is missing

or outdated while designing individual components.
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Table 8.1: MOEs and MOPs of the baseline configuration (n,,,, = 1500).
Metric Definition Result + Confidence (95%)
Cost Cost of labor and tools $1.40m + $0.02m
Lead Time Time for completion 26.0 mo. + 0.3mo.
Risk Eq. 3.1 and Eq. 3.2 $18.76m
Quality  Overall Solution Goodness (Eq. 7.13) 0.804 + 0.006
Nrowork Rework Effectiveness (Eq. 3.4) 0.275 +0.002
Nifor Average number of iterations 7.5+0.1
FPY First pass yield of testing tasks 0.075 £ 0.002
Conysical Relative cost of physical validation 0.720 + 0.002
Npalue Work Efficiency (Eq. 3.3) 0.490 + 0.002
E Information Consistency (Sec. 7.3.1) 0.660 + 0.001

8.1.2 Dashboard for Detailed Insights

A simple dashboard was created to visualize the data extracted during a single simulation
run. The data relates to measurements 1—4 in Table 7.2. Figure 8.2 presents the dashboard
and the extracted data from a likely run of the baseline configuration. The run was selected
based on its close proximity to the mode of the cost and lead time distributions.

The left-hand side of the dashboard displays time-series data about the process and
engineers. The upper diagram shows a Gantt chart generated by the simulation. Blue bars
indicate working on a task for the first time, red bars indicate repetitions of tasks due to
rework, and gray bars indicate paused tasks due to technical problems, missing information,
or resource constraints. The center diagram plots the effort backlog of different teams,
meaning the effort of tasks that are ready to be performed. The bottom diagram displays
the resource utilization of the same teams.

The right-hand side displays the effort and cost breakdown of the completed process.
The upper diagram breaks down the effort of individual teams spent on different types of
activities such as technical work, collaboration, information handling, and waiting (i.e. for

information or collaboration). The other diagrams break down the cost of the components

95



(center) as well as the product and subsystems (bottom) by different types of activities. In
this case Development (i.e. System Design, Design, Virtual Integration), Virtual Validation,

and Physical Validation are the selected types.

Identification of Inefficiencies

The dashboard can be used to analyze the causes of inefficiency and how the process can
be improved. The times-series data (left-hand side) can be used to identify bottlenecks
due to under-staffing. When multiple activities are assigned to the same engineer or team,
but cannot be processed, the effort backlog rises, while the resource utilization is constant.
In addition, paused tasks on the Gantt chart indicate resource constraints as well. In the
example, it can be seen that the Testing and Prototyping Team is a bottleneck for the process
because it has high peaks in the effort backlog and many paused tasks in the Gantt chart.

The cost breakdown can help identify what activities or parts of the product cause the
most cost. The reason for this could be high complexity, but also missing competencies or
predictive capabilities.

Breaking down effort allows for a clearer understanding of time losses and their causes.
In the example, the Design and Electronics Team spends relatively much time waiting
for information, causing them to stop working. Here, measures such as increasing the
interoperability could be identified to mitigate these inefficiencies.

In general, the analysis of the data presented in this dashboard offers detailed insight
into the specific sources of inefficiencies, rather than simply reporting high-level metrics
related to overall effectiveness and performance. This enables a more targeted identification
of areas that need or could benefit from improvement.

More detail could be added, by extracting more data and enabling dynamic visualiza-
tions that allow the user to quickly filter data or step through time. Using data from the
Monte Carlo simulation instead of the most likely run could increase accuracy. This would

require averaged time-series data to be visualized probabilistically, as proposed by [105].
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Figure 8.2: Dashboard visualizing data extracted during a single simulation run of a likely run of the baseline configuration (Effort
backlog and resource utilization have been smoothed using a moving average).



8.1.3 Analysis of the Process Behavior

Based on the most likely run of the Monte Carlo simulation, the behavior of the process
will be analyzed in more detail, to test Hypothesis 1: If generic process elements are
used to recursively generate activities based on the product architecture, then a product
development process can be simulated more accurately without significantly increasing the
modeling effort.

Figure 8.3 plots the effort applied by engineers over time for development and testing
activities, as well as the overall process. Here, the highest peaks are caused by the initial
design and testing activities. During rework, the most effort is caused by testing activities
as these activities have low learning rates and have to be repeated fully to validate a new
design. This can also be seen in the Gantt chart of Figure 8.2. The large amount of rework
is caused by several iterative loops that can span the entire process. For smaller scale
projects this might be possible, however, for large engineering projects gates are usually
implemented to limit iteration between stages that can cause this kind of large-scale rework
[38]. The effects of gates or reviews, such as the preliminary design review (PDR) or
critical design review (CDR), are not considered in the simulation framework.

Compared to the baseline model (Figure 8.4) the effort distribution is shifted towards

Norden’s effort model [129], meaning that the process and the interactions during the pro-

—— Overall
44 4 Development

Testing

Applied Effort (person-months)

Time (months)

Figure 8.3: Applied effort over time of a likely run of the baseline configuration. Results
have been smoothed using a moving average.
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Figure 8.4: Comparison of the effort distributions generated by the developed simulation
framework, the baseline model (approximated) and Norden’s effort model (Equation 5.1).

cess are more realistic. In particular, the beginning of the process is improved by explicitly
including system design activities. This leads to the required effort increasing first before
decreasing, instead of starting high and continuously decreasing. As a result, the normal-
ized mean squared error is reduced from 0.65 to 0.35. Therefore, the developed simulation
framework improves the results despite the excessive amount of rework that increases the
effort towards the end of the process.

Furthermore, the modeling effort to use this simulation framework is comparable to the
modeling effort of the baseline model. Individual duration distributions for the different
types of activities (Table C.2 in Appendix C) are the only additional inputs needed. There-
fore, the ability to simulate the PD process more realistically than the baseline model while
maintaining the modeling effort leads to the validation of Hypothesis 1.

Although the process is simulated more realistically, some improvements are possible to
move closer towards the effort distribution proposed by Norden’s effort model. The spread
of the simulation results is high because the validation tasks are modeled probabilistically.
This can cause large-scale rework that might not be realistic for PD projects that usually
use gated processes. Stochasticity could be reduced by implementing review gates (PDR,

CDR) and adding decision logic that defines a minimum quality requirement that always
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has to be met but also limits the amount of rework. Limiting the amount of rework can be
done by adapting the risk calculation to include the quality. The simulation then converges
by assessing the risk of iteration, weighing the added time and cost against its potential

quality gains. This approach was already proposed by [115] for activity networks.

8.2 Sensitivity Analysis

To test the impact of digital tools using the proposed M&S framework, the variables related
to these tools will be analyzed. This will enable the validation or rejection of

Hypothesis 2.1: Digital tools can be modeled as agents that are used by agents of engi-
neers for the execution of activities, where the efficiency and quality of results depend upon
the tool’s properties and the engineer’s digital literacy; and

Hypothesis 2.2: Collaborative and knowledge management tools can be modeled as cen-
tral platforms that connect tools, personnel, and knowledge with each other with varying
efficiency depending on interoperability and digital literacy.

Several Design of Experiments (DoE) were created to analyze different aspects of the
modeled tools related to these hypotheses. First, smaller DoEs will investigate individual
effects related to accuracy, interoperability, and digital literacy, as well as the addition of
a new tool. After that, a larger DoE will investigate the design space of the organization
by combining the parameters of the previous DoEs and increasing the granularity. The

following sections will describe the experiments in more detail and present their results.

8.2.1 [Experiment 1 — Accuracy of Simulation Tools

This experiment focuses on the impact of the Engineering tools on the validation of de-
signs. The accuracy of the digital tools is varied by a percentage relative to the baseline
configuration’s values. In addition, the digital literacy of engineers will be varied to test
the impact of training. All agents and tools will be changed at once for this experiment.

Table 8.2 summarizes the setup of this DoE.
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Table 8.2: Setup of Experiment 1.

Parameters Range Design Cases Runs per case
Digital literac A 1,2,3

g Y oLeng } Full factorial 27 400
Factor for accuracy T, -0.8...0.8

Simulation Results

Figure 8.5 summarizes the MOEs and MOPs extracted during all the cases simulated for
Experiment 1. The mean and confidence of each case are plotted. Cost, lead time, and risk
have been normalized around the mean values generated by the baseline simulation. The
baseline value is indicated for all metrics to better visualize the relative changes.

The overall cost (a) and lead time (b), and consequently risk (c), are reduced by in-
creasing the accuracy and digital literacy. Digital literacy has a strong negative effect on
the metrics when it is lower than required by the tool used. The opposite effect is weaker
because less efficiency gains and no accuracy gains are possible for excessive expertise.
The risk plot (c) has some outliers, probably caused by the variability of the results. Be-
cause risk is calculated based on the cost and lead time distributions (Eq. 3.1 and 3.2) it is
particularly sensitive to slight instabilities. Quality (d) is unaffected by all changes as it is
used for the convergence of the simulation.

As a result of the increased predictive capability, increasing the accuracy parameter
leads to less rework being required, thus increasing the effectiveness (e). At the same
time, the average number of iterations (f) slightly increases, indicating that while more
iteration is caused by better virtual validation tools, it occurs earlier and therefore is more
efficient. These effects can also be seen in the first pass yield (g) and relative cost of
physical validation (h).

Work efficiency (i) is negatively affected by the digital literacy of engineering tools,
because technical work is performed faster, but supporting work is unchanged. Information
consistency (j) is not affected by changing the accuracy of the tools. This is expected

because the exchange and processing of information is not influenced by a tool’s accuracy.
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Figure 8.5: Results of Experiment 1 — Accuracy and digital literacy (Gray area: 95%

confidence interval; B: Result of the baseline configuration).
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8.2.2 Experiment 2 — Interoperability between Tools

This experiment focuses on the impact of the EKM tool and its interaction with the En-
gineering tools on the exchange of information during simulation. For this, the interoper-
ability of tools and the digital literacy of engineers are varied. All agents and tools will be

changed at once for this experiment. Table 8.3 summarizes the setup of this DoE.

Table 8.3: Setup of Experiment 2.

Parameters Range Design Cases Runs per case

Digital literac A 1,2,3
8 2y Aprpw L23) b oral 33 400
Interoperability T, 0...1

Simulation Results

Figure 8.6 summarizes the MOEs and MOPs extracted during all the cases simulated for
Experiment 2. Cost (a), lead time (b), and risk (c) are reduced due to increased interop-
erability and digital literacy. Interestingly, the effect is stronger at lower levels of interop-
erability, suggesting that initial improvements in interoperability yield greater gains than
later ones. Quality (d) is again not affected by the changes.

These improvements result from reduced effort in processing information, which en-
ables faster and more frequent information exchange. Therefore, the work efficiency (i) and
the average information consistency (j) are increased. For high interoperability, the impact
of digital literacy on the work efficiency is reduced due to higher degrees of automation
of information processing tasks. The inverse is observed for the information consistency
because the effective use and exchange of information still depends on the competence of
the engineer.

As a result of the use of more consistent information during design activities, the qual-
ity of interfaces is higher. This makes iteration (f) less necessary to fix interfaces and

increases the effectiveness of process (e) by reducing the amount of repeated work. The

103



~

st &
. I
o9 o))

Norm. Co
o

0.7

T
0.00

T T T
0.25 0.50  0.75

0.2

T T
0.50  0.75 1.00

(®

0.3 1

FPY

0.1 A

®
0.6

0.5 1

Nvalue

0.4 1

0.3 1

0.2 1

T
0.00

0.00 025 050 0.75 1.00

T T
0.25 0.50

0.00

025 050 075 1.00

Interoperability 77

| gttt og=g——e=8 B
T
0.75

-%- Aprexkm=2.0

(b) 1.6

—e— Apr exm = 3.0

T T
0.25  0.50

T
0.75

T
1.00

T T
025  0.50

T
0.75

T
1.00

5

0.00
(h) 0.8

025 050 0.75

1.00

0.7

.6 1

Cphysical
=)

0.5 1

0.00
1)

T T T
0.25 0.50 0.75

T
1.00

0.8
0.7 1

Q
=< 0.6

0.5 1

0.00

0.25 0.50  0.75
Interoperability 7;

1.00

Figure 8.6: Results of Experiment 2 — Interoperability and digital literacy (Gray area:
95% confidence interval; B: Result of the baseline configuration).

104



first pass yield (g) remains unchanged due to design quality issues not being affected by
information exchange. In addition, it is unaffected because the verification of the interface
by the system designers takes place before physical testing begins.

Unintuitively, the relative cost of physical validation (h) increases with better interop-
erability. This is because the reduction of cost for information processing is greater than

the cost saved due to reduced physical testing needs.

8.2.3 Experiment 3 — New Tool Capability

In this experiment, a new tool is added to the organization. This “Advanced System Simu-
lation Tool” enables activities related to Virtual Integration and High-fidelity System Simu-
lation of the Propulsion System, Flight Control System, and Drone. Due to the logic of the
process generation, discussed in Section 6.2, new activities are created to account for the
capabilities that the tool adds.

Figure 8.7 and Figure 8.8 compare the activity networks of the baseline configuration
and the new configuration with the added tool. The structure of the process changes sub-
stantially. According to the definition of the high-level process used for this thesis (Fig-
ure 6.2), physical validation activities only begin once all elements that are hierarchically
dependent have been validated virtually. Thus, with the newly added tool, all prototyping
activities start after the HF System Simulation activity of the Drone is completed.

To assess the impact of the new tool and identify the characteristics necessary for it to
enhance the PD process, its parameters are analyzed. These are the accuracy, usability, and

interoperability of the tool. Table 8.4 summarizes the setup of this DoE.

Table 8.4: Setup of Experiment 3.

Parameters Range Design Cases Runs per case
Usability Tysan {1,2,3}
Accuracy T,.. 0.1..0.9 Full factorial 81 400

Interoperability T, {0.2,0.5,0.8}
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Figure 8.8: Activity network generated by adding the new HF system simulation tool.
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Simulation Results

The results of this experiment are summarized for the tool’s interoperability 7, = 0.5 in
Figure 8.10. Detailed results for changes of the interoperability are not provided as these
only slightly impact the simulation results, as illustrated for a few examples in Figure 8.9.
The reason for this is that for simulation activities, information is processed only once at
the beginning and end.

The impact of the tool’s accuracy is similar to the results of Experiment 1. However,
performance improvements are only made above a certain level of accuracy. For this config-
uration, the tipping point is T, = 0.5. The new tool is capable of substantially reducing
the need for physical testing (g, h) beyond the tipping point. As a result, the effective-
ness (e) is increased. Rework is still required, as the tool does not improve quality directly,
but quality issues are detected earlier. However, the number of iterations (f) also increases
slightly. This shows that a highly capable tool allows for more design iterations while ap-
plying only some additional effort. The effects observed here are stronger than with the
accuracy of the tools tested in Experiment 1 because the high-fidelity system simulation
tool can virtually validate the fully integrated system, which includes all its interfaces.

For low usability (i.e., large values for T;;,,,), no performance improvements are made

at any level of accuracy, as higher levels of digital literacy are required of the engineer using
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Figure 8.9: Results of Experiment 3 — Interoperability of the new tool (Gray area: 95%
confidence interval).
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the tool. Notably, the overall PD performance even is worse than the baseline configuration
due to increased cost (a) and lead time (b). This is caused by the extra effort required for
the newly added activities and potentially new resource constraints due to changes in the
process structure. As illustrated in Figure 8.8, all physical validation activities begin after
the virtual validation is completed. This creates new bottlenecks that were not as extreme
in the structure of the baseline process.

To outweigh these added challenges, the accuracy of the tool and the digital literacy of
the engineer who uses the new tool must be sufficiently high. If this is not the case, the
activities enabled by the new tool do not add value to the PD process, due to most quality
issues remaining undetected. Only when the tool has both adequate accuracy and good

usability the additional effort pays off, as it enables earlier and faster design iteration.

8.2.4 Experiment 4 — Exploration of the Organizational Design Space

To explore the design space of the organization in more detail, a DoE is performed that
individually varies the parameters of each tool. The selected parameters are the same as in
Experiments 1-3. However, because of the high dimensionality of this experiment, a full

factorial DoE is not feasible. A design consisting of a D-optimal design generated by JMP

Table 8.5: Overview of Experiment 4.

Parameters Range Design  Cases (Runs per case)
Digital literacy ApL Eng {1,2,3}
Digital literacy Apr Exm {1,2,3}

Each tool individually:
Accuracy T,.. {0.2,0,0.8} D-optimal 276 (400)
Interoperability T, {0.2,0.5,0.8} + +

New tool: {Yes, No} LHS 724 (30)
Usability Tysas {1,2,3}
Accuracy Ty.. {1,2,3}
Interoperability T, {0.2,0.5,0.8}
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[138] and Latin Hypercube Sampling (LHS) [139] was chosen. This particular D-optimal
design is similar to a Box-Behnken Design [140], as it uses three levels and avoids corner
points. The LHS is applied to the full range of possible values. This combined approach
ensures that the edges of the design space are included, but also that the space in between is

filled. A total of 1,000 cases were simulated. Table 8.5 summarizes the setup of this DoE.

Simulation Results

Figure 8.11 and 8.12 aggregate all results of Experiment 4 in matrices related to the accu-
racy and interoperability of the tools, respectively. The x-axis represents the input variables,
while the y-axis shows the responses for all MOEs and MOPs. Given the large volume
of data and its variance, only the linear regression lines are plotted to help illustrate the
strength and direction of the effects more clearly. Regression was performed on data from
individual simulation runs. Since the addition of the new tool is a categorical variable, with
its properties only relevant when set to ‘true’, the results are plotted separately for cases
where the tool is used versus when it is not.

It can be seen that the strongest effects are digital literacy (EKM and Engineering), the
accuracy of the MBSE tool, and the addition of the HF system simulation tool. The overall
impact of the digital literacy is high because it is applied to all agents of engineers at once
and affects the efficient use of all tools.

The accuracy of the MBSE tool (i.e., system model fidelity, completeness) not only im-
pacts the analysis of possible feasibility issues in system designs, but is also used to perform
design verifications. Improved accuracy improves the detection of interface compatibility
issues, minimizing the need for unnecessary rework.

The main effects of the new tool are the same as stated in Experiment 3 (Section 8.2.3),
but additional effects can also be identified. For example, the accuracy of component sim-
ulation tools (i.e., FEM, Circuit Simulation) has a greater impact when the new HF system

simulation tool is added. A possible cause for this is that the new tool enables faster it-
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eration which is also beneficial for the component simulation tool because many different
designs can be tested.

Design tools, such as CAD and ECAD, also have an accuracy parameter that allows
these tools to assist in identifying feasibility issues. This represents the integration of sim-
ulation or evaluation capabilities into design tools. However, the impact of these capabil-
ities is not significant in the simulation, likely due to interface and design quality issues
outweighing the feasibility.

Analyzing the interoperability of individual tools reveals that some benefit more from
higher interoperability than others, primarily due to their need to exchange information.
Among these, the MBSE and CAD tools have the greatest impact on the results. Since the
CAD tool is responsible for developing many of the defined product elements, it also plays
a key role in shaping their interfaces, making the exchange of data crucial. Meanwhile, the

MBSE tool receives information in order to perform design verifications.

Further Analysis of the Design Space

Analyzing the interactions between more tools, similar to the current analysis of the new
tool, would allow one to identify more effects caused by multiple tools. In addition, interac-
tions and correlations between different input parameters or metrics could be investigated.
The large amount of data and metrics extracted during the simulation allows for many dif-
ferent types of analysis, depending on the need and interest of a potential user. However,
this will not be further investigated as part of this thesis, as it would require the analysis of
more granular data. Granular data can be generated, but currently provides limited insights
due to its large variance (individual runs) or is very time-intensive to obtain (Monte Carlo).

Nevertheless, the previously presented results show that the design space can be ana-
lyzed to identify the tools that impact the PD process the most. In addition, interactions
between different factors can be analyzed to better understand the behavior of the PD pro-

cess. These insights could then, for example, support better decision making on what tools
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to implement or improve. Also, the number of configurations to be considered for further

evaluations or implementation can be reduced based on MOE/MOP requirements or goals.

8.2.5 Summary of the Effects of Digital Tools

The sensitivity analysis has revealed that the implemented agents of digital tools have a
significant impact on the simulated PD process. Most of the observed effects are consistent
with expectations. Some minor discrepancies are present, likely due to the variability in
the simulation. Running additional simulations would help reduce these errors. Further
fine-tuning the strength of some effects could also reduce some unintuitive behaviors. The
impact of digital tools can be summarized as follows.

Increasing the Accuracy of digital tools leads to faster and more cost-effective PD,
due to more effective virtual validation and less large-scale rework. Consequently, the
reliance on physical tests is also reduced. These effects are especially strong for the MBSE
tool (i.e., system model fidelity, completeness) and high-fidelity system simulation tools
(i.e., predictive capability about the integrated systems). The impact that accuracy has is
weakened or completely negated when the digital literacy of engineers is not sufficient for
the tool used. Therefore, Hypothesis 2.1, stating that digital tools can be modeled as agents
that are used by agents of engineers for the execution of activities, where the efficiency and
quality of results depend upon the tool’s properties and the engineer’s digital literacy, is
validated.

Higher Interoperability leads to faster and more frequent exchange of information. This
increases the consistency of the information used to design components, causing less re-
work. This effect is also significantly influenced by the digital literacy of the engineer
using the tool. Interoperability is a more important factor for tools that require frequent
information exchange, such as design tools and verification tools. These observations lead
to the validation of Hypothesis 2.2, stating that collaborative and knowledge management

tools can be modeled as central platforms that connect tools, personnel, and knowledge
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with each other with varying efficiency depending on interoperability and digital literacy.

Although the direction of many observed effects is intuitive through the definition of
the parameters, the strength of the effects is not and depends on many factors defined by
the scenario (i.e., product, engineers, and other tools). In addition, the synergetic impact
of various tools might not always be apparent, such as the impact of adding a new tool on
the existing tools. The simulation can identify and quantify these interactions and effects
to enable a more detailed analysis of which tools can benefit PD the most.

The simulation currently does not account for the cost and effort (i.e., investments into
infrastructure, development of new tools/capabilities, training, etc.) required to implement
changes. In order to conduct trade studies, the cost of implementation must also be taken
into account. Therefore, the results must always be weighted against the cost of imple-
menting the simulated configuration. For example, the interoperability of the CAD and
MBSE tools both have similar responses in Figure 8.12, but increasing the interoperability

of CAD tools will probably be easier than for MBSE tools [19].
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CHAPTER 9
CONCLUSION

Product development is a difficult-to-manage process that is constantly changing and must
adapt to new challenges. The increasing complexity of products and shift towards digital
engineering change the engineering process itself. However, the planning and management
processes of PD must also account for these changes. Therefore, the objective of this thesis
was to create a holistic modeling and simulation framework of product development that
can serve as a decision support tool for managers to identify how new configurations or the
implementation of new digital tools can lead to better product development performance.
Several gaps of existing simulation methods were derived based on a set of observations
on the characteristics of PD. The method that best met the defined evaluation criteria was
selected as the baseline model for this thesis. The baseline model [106] was improved by
adding new logic and entities to more holistically represent product development. The main
additions consisted of a refined high-level process and digital tools used for engineering and

knowledge management activities.

9.1 Review of the Hypotheses

Based on the identified gaps, additional logic was incorporated into the selected baseline
model. These extensions were formulated as the following hypotheses.

Hypothesis 1: If generic process elements are used to recursively generate activities based
on the product architecture, then a product development process can be simulated more
accurately without significantly increasing the modeling effort.

Hypothesis 2.1: Digital tools can be modeled as agents that are used by agents of engi-
neers for the execution of activities, where the efficiency and quality of results depend upon

the tool’s properties and the engineer’s digital literacy.
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Hypothesis 2.2: Collaborative and knowledge management tools can be modeled as cen-
tral platforms that connect tools, personnel, and knowledge with each other with varying

efficiency depending on interoperability and digital literacy.

A notional case study was used to demonstrate the capabilities of the framework and
test the hypotheses. Hypothesis 1 was tested by analyzing the behavior of the process. The
analysis was focused on proving that using a generic high-level PD process for the simu-
lation generates a more realistically distributed effort-time curve than the baseline model.
For this, Norden’s effort model [129] was referenced as a realistic effort distribution. The
simulation results were not able to perfectly replicate Norden’s effort model, but the effort
distribution was shifted toward it compared to the baseline model and significantly reduced
the normalized mean squared error from 0.65 to 0.35.

Furthermore, the main input for creating the process is the product architecture for both
the baseline model and the model of this thesis. The modeling effort therefore remains
unchanged. These results led to the validation of Hypothesis 1.

For Hypotheses 2.1 and 2.2 detailed sensitivity analyses were performed based on var-
ious experiments. The main parameters (i.e., accuracy, interoperability, digital literacy) of
digital tools were extensively studied. The results revealed that the modeled agents of the
tools have significant effects on nearly all MOEs and MOPs used to evaluate the PD pro-
cess. Increasing interoperability leads to more consistent information and less time wasted
on non-value-adding activities. Higher accuracy reduces the reliance on physical testing
and leads to less rework. Furthermore, the ‘competency-capability’ trade-off related to the
digital literacy can be observed in the simulation results.

These effects are consistent with the expected behavior, but also go beyond it, by quan-
tifying the strength of the effects and discovering interactions between tools. A deeper
analysis discovered that some tools impact the results more than others depending on how
many product elements are developed using a tool and what types of activities the tool is

used for. These results led to the validation of Hypotheses 2.1 and 2.2.
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9.2 Review of the Simulation Framework

This thesis was based on the gap in holistic views in PD simulations, as well as the lack
of capabilities to quantitatively evaluate the PD process in a detailed and insightful way.

Therefore this sections re-examines these gaps to identify the contributions of this thesis.

9.2.1 Modeling Content

The simulation combines all five domains of product development (product, process, or-
ganization, tools, goals) into a single quantitative evaluation tool. In Chapter 4 existing
methods were evaluated based on the characteristics of PD. Table 9.1 provides the same
evaluation, but also includes the simulation model developed in this thesis. The developed
framework extends the Knowledge-based Team Interaction model [106] by adding a more
detailed PD process and agents of digital tools.

The complexity of the product is included in the model to the same extent as the baseline
model. The main complexity drivers, such as hierarchy, interfaces, and multidisciplinarity,
are considered.

The newly introduced high-level process within the simulation logic, which incorpo-
rates various development and validation activities, results in a more intricate and realistic
representation of a PD process. However, the process is still relatively rigid, which leads
to limited possibilities for changing the process sequence or overlapping activities. Formal
reviews and gates (i.e., PDR, CDR), which are usually part of PD processes [29], are also
not yet included in the model, leading to the possibility of very large rework loops.

The simulation model considers rework of activities that have already been completed
to increase the quality of the product. This is triggered by validation activities (i.e., simula-
tion, testing) or the review of designs (interfaces, feasibility). Rework propagates through
the process sequence, causing additional rework for downstream activities (first-order re-

work). However, the propagation of changes over interfaces (second-order rework), which
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Table 9.1: Comparison of the developed M&S framework with the existing approaches.
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is usually also incorporated by Activity Networks [45, 94], is currently not considered.

The organization has been slightly adapted compared to the baseline model, due to the
addition of new activities. A one-to-one mapping (mirroring hypothesis) of design activities
and responsibilities of engineers has been carried over from the baseline model. Respon-
sibilities for the newly added validation activities, however, can be adjusted more freely.
An organizational structure exists in the model, but it does not yet impact the efficiency
of communication or knowledge sharing, which has been modeled by some Activity-based
Team Interaction models [102, 104]. Competencies and expertise are captured for individ-
ual engineers, which impacts their efficiency and quality of work.

The use, creation, and transfer of knowledge is implemented in the model similar to the
baseline model: Engineering activities require knowledge to be executed effectively and
create new knowledge. This knowledge is then transferred through information exchange
or collaboration.

The addition of tools significantly affects the simulation results, indicating a substantial
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extension of the framework. Engineering tools can enable new activities and influence the
overall outcome and performance of PD. This depends on the accuracy and interoperability
of the tools, as well as the digital literacy of the engineers who use them. Currently, only
the capabilities of virtual validation tools are considered in the model. These help identify
quality issues earlier in the PD process. Other capabilities, such as optimization, generative
design, engineering intelligence, or integrated design and analysis tools, are not included in
the model. Therefore, engineering tools currently do not have a direct impact on the actual
quality of designs, but only the accuracy of the measured quality.

Knowledge management and collaborative tools are modeled as centralized repositories
that manage, store, and exchange knowledge and information. A limitation to this is that
the model currently only supports one such tool, whereas, in most cases, multiple tools
would be expected. Thus, the connection and interactions between different knowledge

management tools cannot be analyzed.

9.2.2 Capabilities and Limitations

The validation of the hypotheses and the successful demonstration of the framework’s ca-
pabilities indicate that the Research Objective with its defined modeling purpose (Sec-
tion 3.3) has been achieved. This presents a significant contribution to the body of knowl-
edge on product development and engineering management.

The simulation framework is a step towards more holistic PD simulations that can serve
as decision support for planning and managing PD processes, as well as the implementa-
tion of digital tools. The intended usage of the framework, as defined in Section 3.5, is
the evaluation of the later stages of a single PD project in the context of development and
validation activities. The framework enables testing and evaluating different what-if sce-
narios or exploring the entire organizational design space. It also offers a high degree of
flexibility to gain detailed insight into various aspects of the PD process. These can lead to

the identification of inefficiencies or areas with the greatest potential for improvement.
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However, it must be acknowledged that the model only simulates the configuration
itself, not the cost and effort required to achieve changes. This means that the framework
can currently only be used to explore the design space but not to conduct trade studies.

Another limitation of the framework is that several abstract parameters (e.g., accuracy,
interoperability, digital literacy) have been introduced without providing any methods to
quantify them. Lastly, no empirical validation was performed to confirm the practical ap-
plicability. Addressing these and other limitations could further enhance the framework in
the future. The following section outlines several ways these limitations could be addressed

to strengthen the framework.

9.3 Future Work

To address the limitations discovered and further develop the framework, several next steps
can be taken. These are intended to increase performance, accuracy, credibility, and prac-
tical applicability. First, validation of the framework against real-world data is necessary.
The functionality and usability can be improved by extending the scope, increasing the
modeling flexibility, adding and integrating data sources, and extracting more relevant data.
Ultimately, these efforts should lead to the development of a functional Digital Twin of an

Organization (DTO).

9.3.1 Model Validation and Fine Tuning

Throughout the development of the framework, the intended behavior was continuously
verified and the expected behavior was validated with respect to the hypotheses. However,
this validation was based on a notional case study representing a simplified drone devel-
opment project and observations made from the PD literature due to the lack of empirical
data available. For higher accuracy and applicability of the framework, real-world data and
experience must be used.

This could be approached through case studies on various development projects, begin-
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ning with smaller, more accessible efforts (such as student projects) and gradually scaling
up to complex large-scale projects. As projects grow in size, the value of running simula-
tions is likely to increase because complex interactions and the emergent behavior become
less predictable.

The validation of the sensitivity of different input parameters could also be done by
consulting various domain experts and project managers. These could also help with fur-
ther developing the framework, to be applicable in industry by providing the necessary
modeling flexibility and the insights needed for planning projects in practice.

Abstract input and tuning parameters must also be quantifiable based on actual available
data. Here, process mining and data analytics, or even a DTO, could help identify relevant
factors and hidden dependencies. Methods for quantifying these parameters are essential
to enable the cost-benefit analysis of potential changes to the organization or tools. This is
required for the practical applicability of the framework.

A potential challenge to validating the framework is that ABS models are very difficult
to validate and cannot easily prescribe a plan [73]. Some measures have been taken to
mitigate these effects by extracting and visualizing a lot of the data generated by the model.

For further validation and to generate more insights, these efforts must be continued.

9.3.2 Framework Improvements and Extensions

The framework could be extended in several ways, as highlighted in Table 9.1.

Allowing changes in process structures, such as overlapping and different sequences,
would be beneficial, as different work policies can have a substantial effect on the lead
time and cost of PD [45]. Enabling dynamic processes, previously proposed by [115],
could change the process depending on the simulation context, leading to more realistic
iteration and reduction in variability of simulation results. Reducing the variance is espe-
cially important to also increase the simulation accuracy.

Adding logic to the organizational domain could help explore the impact of different

122



organizational structures on knowledge sharing, communication, coordination, and deci-
sion making in PD. Less rigid mappings of the responsibilities for design activities would
also improve modeling flexibility.

In the product domain, increasing the granularity by modeling individual activities for
the requirements, functions, or interfaces of product elements could add more detail to the
simulation by adding several activities per element (e.g., FEA and CFD for the propeller).
Instead of an abstract quality value, the use of technical performance measures (TPMs)
could also be beneficial [95, 141]. Adding system-level dependencies, similar to interfaces
of components, would allow more detailed simulation of interactions during system design.

Digital tools could be modeled more comprehensively, by adding properties related to
capabilities other than virtual validation, adding multiple knowledge management (EKM)
tools and their interactions, or considering resource constraints caused by tool availability
and licenses. Modeling learning for digital tools, similar to expertise and product knowl-

edge, could also provide deeper insights into the potential risks of implementing new tools.

9.3.3 Development of a Digital Twin of an Organization

The vision of a Digital Twin of an Organization (DTO) is the broader context of this thesis.
A DTO consists not only of a simulation model, but also requires a connection to data
sources within the organization and should help optimize the organization [82, 84]. These
extensions could enable the framework to be used for accurate cost-benefit analyzes instead

of only evaluating a configuration without accounting for implementation costs.

Data Integration and Acquisition

For the simulation model function in the context of a DTO, data from the organization must
be provided. Therefore, identifying relevant data sources is important. Possible examples
of these data sources could be Enterprise Resource Planning (ERP) or Product Lifecycle

Management (PLM) tools. Methods for extracting relevant process data through process
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mining during PD have already been proposed [142, 143].

These approaches could generate large amounts of data, making the use of data analyt-
ics necessary. Insights generated from the data can then be used to contentiously optimize
the organization and its PD process, but also refine and fine-tune the simulation model.

Furthermore, data related to the as-is and to-be architecture is required to simulate dif-
ferent configurations. In a preliminary version of the simulation framework, a methodology
was proposed that uses an enterprise architecture and SysML to define input data for dif-
ferent configurations [134]. This approach could be further investigated to move towards a

DTO of product development organizations when integrated with data.

Optimization of Product Development

A DTO would be used to optimize PD by continuously monitoring the process and provid-
ing recommendations to improve it [82]. The current framework is only able to evaluate a
configuration and, therefore, is limited to manual iterative optimization.

In the future, an optimization algorithm for the simulation framework of this thesis
could be developed. Optimizations have previously been developed for PD simulation
models with smaller scopes [26] (e.g., [144—-146]).

Since a changes to an organization (e.g., recruitment, training, tool implementation)
cannot be immediately implemented and can have various external and internal constraints
(e.g., cost, resources, cultural barriers), an optimization algorithm in the context of a DTO
would need to account for these effects. The costs and barriers to implementing changes to
an organization are not yet integrated into the simulation framework.

To make the simulation more viable on larger scales, especially for optimization, the
framework itself will first have to be optimized by improving the coded implementation.
The Monte Carlo simulation of the simple case study already required 15-25 minutes per

configuration (n,,, . = 400), indicating the need for improvement.

runs
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APPENDIX A
BASELINE MODEL

Zhang and Thomson’s model [106] was selected as the baseline model. This chapter serves
as a short summary of the logic of the baseline model. In this thesis, several changes were
made to the baseline model that are explained throughout Chapter 6 and Chapter 7.

Zhang and Thomson’s model focuses on modeling the development of complex prod-
ucts from a knowledge perspective. It employs an agent-based modeling approach to sim-
ulate the learning and application of knowledge throughout the PD process. The model
represents PD as a network of interdependent agents for product functions, design activ-
ities, and designers. These elements are connected through knowledge. The product is
represented as a hierarchy of interdependent functions.

By simulating the interactions and activities at a micro-level, the model generates

macro-level project performance measures, such as effort and duration.

A.1 Knowledge

In the model, knowledge is categorized into general knowledge and product knowledge.
General knowledge refers to the technical expertise of a designer acquired through formal
education and training. It determines the designer’s ability to perform specific tasks and
is classified into different levels of proficiency. Product knowledge, on the other hand,
refers to a designer’s understanding of the specific product being developed, which is ac-
cumulated through experience with similar projects. A higher level of product knowledge
enables designers to anticipate potential integration issues and take proactive measures.
The model also incorporates a learning curve effect, where designers gradually improve

their efficiency, reducing the rework time as they gain experience.
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A.2 Development Process

The overall process begins with the decomposition of the product into a hierarchy of func-
tions and subsystems. Each function requires specific knowledge and effort to develop.
Assigned designers develop the function through technical work. As functions are com-
pleted, they provide input to higher-level subsystems, which gradually lead to the full sys-
tem design. Throughout the process, designers communicate and consult with each other
to resolve uncertainties and ensure alignment. The model captures iterative cycles of de-
sign, review, and rework until the final product meets the required quality. The simulation
follows a probabilistic approach, incorporating triangle distributions for task durations,

communication delays, and rework probabilities, reflecting real-world uncertainties.

A.2.1 Technical Work

Technical work involves designers completing tasks based on their knowledge abilities
and the complexity of the product functions. Each function is represented as a series of
sequential tasks that must be completed before moving to higher levels of integration. The
technical complexity of a function is determined by the types and severity of knowledge
required. The designers’ work efficiency is influenced by their competence, defined by
their general knowledge with respect to the knowledge requirements of the function. The
quality of the work performed depends on the competence and product knowledge of the
designer. Completed tasks undergo a technical review to check quality, triggering rework if
necessary. Integration of higher-level functions begins only when all associated subsystems

meet a predefined quality threshold.

A.2.2 Communication and Consultation

Communication plays a crucial role in ensuring the alignment among interdependent func-

tions. It involves the preparation, exchange, and reading of design information, such as
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task outcomes and interface data, between dependent functions.

Consultation is modeled as meetings between designers to address technical difficulties
and interface issues. These meetings are triggered when problems occur during technical
work or interface incompatibilities are detected during communication. During consulta-

tion, designers’ knowledge is increased, leading to higher quality work.
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APPENDIX B
MODEL PARAMETERS

B.1 Knowledge Domains and Interface Types

Table B.1: Interface types and possible severity values (based on [36]).

Interface Type No Interaction Weak Strong Severe
Spatial/Geometric (G) 0 1 3 9
Structural (S) 0 1 3 9
Energy (E) 0 1 3 9
Material (M) 0 1 3 9
Data/Information (D) 0 1 3 9

Table B.2: Knowledge domains and their possible values used for defining knowledge
requirements of product elements or digital tools, and the expertise of engineers.

Knowledge Domains None Basic Advanced Expert
k,ora,  Mechanical Engineering 0 1 2 3
k,ora,  Aerospace Engineering 0 1 2 3
kyora,  Aerodynamics 0 1 2 3
k,ora,  Electrical Engineering 0 1 2 3
ksoras  Software Engineering 0 1 2 3
ke or a;  Stability and Control 0 1 2 3
k,ora,  Sensor Technology 0 1 2 3
kg orag  Signal Processing 0 1 2 3
kg ora,  Embedded Systems 0 1 2 3
k,,ora,, Manufacturing 0 1 2 3
DLg,, Engineering Tool Digital Literacy 0 1 2 3
DL pi0s EKM Tool Digital Literacy 0 1 2 3
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B.2 Tuning Parameters and Settings

Table B.3: Tuning parameters and settings of the simulation model.

Parameter Value
- Excess efficiency (> 1) factor, applied to Equation 7.9 and 7.10 0.2
Product Definition

r Upper limit of the knowledge scale 3
1S,.. Upper limit of for interface severity 9
Quality

a, Shape parameter for the solution goodness (Equation 7.13) 50
B, Shape parameter for the solution goodness (Equation 7.13) 10
Collaboration and Consultation

Neonay ~ Collaboration efficiency 1.2
E, ., Collaboration effort (min, max) 2-3h
N..s;  Consultation efficiency 0.5
E_,, Consultation effort (min, max) 0.5-1h
EKM tool and information exchange

Nexy  Knowledge base efficiency 0.3
E,, Knowledge base latency (min, max) 0.5-1h
€info Information handling effort per unit of information (min, max) 0.2-03h
€,y Verification effort per unit of information (min, max) 0.3-0.45h
P, Base information exchange probability 0.1
P, Information exchange probability factor 0.5
Requirements and Risk Parameters

T, Quality Target 0.9
Trr Lead Time Target 2 years
T Cost Target $1.4m
Kir Lead Time Risk factor (Equation 3.1) $20k /wk
Ke Cost Risk factor (Equation 3.2) $10/$k
Simulation Settings

E, Task duration 4h
At Step size 0.1h
n,.s  Number of runs (Monte Carlo) 400
- Work hours per week 40 h
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APPENDIX C

INPUT DATA OF THE NOTIONAL CASE STUDY

1 Drone

y

A

v

1.1 Airframe

1.2 Propulsion System

1.3 Flight Control System

1.1.1 Main Body

1.1.2 Arms

1.1.3 Landing Gear

A 4

1.2.1 Propeller

A 4

1.3.1 Sensor Suite

A

1.2.2 Battery

A 4

1.3.2 Controller

A

1.2.3 Motor

A 4

1.3.3 Software

Figure C.1: Hierarchical product architecture of the notional drone.

Table C.1: Properties of the defined product elements.

Knowledge Requirement K R

Product Element Novelty Imp. Procure
ky ky ki ky ks kg ky ky ko kg

1 Drone 1 32 1 1 2 0 0 0 1 0.5 1

1.1 Airframe 3120 01 0 0 0 2 0.5 0.3

1.1.1 Main Body 20 2 0 0 0 O O O0 3 0.5 0.15

1.1.2 Arms 302 0 0 O O O O 3 0.5 0.1

1.1.3LandingGear 2 0 0 O O O O O O 3 0.5 0.05

1.2 Propulsion 232 2 01 0 0 01 0.5 0.3

1.2.1 Propeller 323 00 0 0 0 0 2 0.5 0.1

1.2.2 Battery 0O 00300 0 010 0.5 0.1 Yes

1.2.3 Motor 200 21 0 1 0 00 0.5 0.1 Yes

1.3 FlightControl 0 2 2 1 2 3 1 2 1 0 0.5 0.4

1.3.1SensorSuite O O O 2 1 1 3 2 1 O 0.5 0.1 Yes

1.3.2 Controller 0 003 1 01 2 30 0.5 0.05

1.3.3 Software 0 21 1 3 3 1 2 10 0.5 0.25
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Figure C.2: Design structure matrix of the defined drone showing the interfaces between

components and their severity.
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Table C.2: Duration and learning rates for the high-level PD activities.

Duration?®

Activity . Learning rate /
Min Mode Max

System Design 10 15 20 0.8
LF System Simulation 10 12 14 0.9
Design 20 25 30 0.8
Component Simulation 10 14 18 0.9
Virtual Integration 4 6 8 0.6
HF System Simulation 8 10 0.9
Prototype Manufacturing 36 40 44 0.95
Component Testing 12 15 18 0.9
Physical Integration 18 20 22 0.95
System Testing 24 30 36 0.9

2 h/complexity
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Table C.3: Responsibilities assigned to the engineer agents.

Tool Responsibilities

System Team

Systems Engineer 1 System Design & Virtual Integration (Drone)
Systems Engineer 2 System Design & Virtual Integration (Propulsion System)
Systems Engineer 3 System Design & Virtual Integration (Flight Control System)

Simulation Engineer 1 ~ LF System Simulation (all), Component Simulation
(Controller, Control Software)

Simulation Engineer 2 HF System Simulation (all)

Design Team

Design Engineer 1 System Design & Virtual Integration (Airframe)
Design Engineer 2 Design (Main Body)

Design Engineer 3 Design (Landing Gear)

Design Engineer 4 Design (Arms)

Design Engineer 5 Design (Propeller)

Structural Engineer 1 Component Simulation (Main Body), HF System Simulation
(Airframe)

Structural Engineer 2 Component Simulation (Arms, Landing Gear, Propeller)

Electronics Team

Electrical Engineer 1 Design (Motor)

Electrical Engineer 2 Design (Sensor Suite)

Electrical Engineer 3 Design (Controller)

Electrical Engineer 4 Design (Battery)

Software Engineer 1 Design & Prototyping & Testing (Control Software)

Validation Team

Prototyping Engineer 1  Prototyping (Components)
Prototyping Engineer 2  Prototyping (Subsystems)
Prototyping Engineer 3  Prototyping (Drone)

Testing Engineer 1 Testing (Components)

Testing Engineer 2 Testing (Subsystems, Drone)

Supplier Proxies*

Supplier 1, 2, 3 Prototyping (Motor, Battery, Sensor Suite)

4 Needed to generate activities related to procurement.
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Table C.4: Baseline properties of the defined engineer agents.

vel

i Expertise Digital Literacy .
Engineer Agent Experience Salary ($k)
a a a a4 as ag a; ag ay a DLg,, DLgy,

System Team

Systems Engineer 1 05 2 1 1 2 1 1 1 1 2 2 2 0.5 150
Systems Engineer 2 2 2 1 1 1 1 1 2 2 1 2 2 0.5 140
Systems Engineer 3 05 3 1 1 2 3 1 1 1 0.5 2 2 0.5 140
Simulation Engineer 1 2 2 1 1 2 2 1 1 | 0.5 2 2 0.5 140
Simulation Engineer2 2 3 2 2 2 3 1 2 1 0.5 2 2 0.5 140
Design Team

Design Engineer 1 3 1 1 05 1 2 05 05 05 2 2 2 0.5 150
Design Engineer 2 3 1 05 05 05 05 05 05 05 3 2 2 0.5 140
Design Engineer 3 3 1 2 05 05 05 05 05 05 2 2 2 0.5 140
Design Engineer 4 3 1 2 05 05 05 05 05 05 2 2 2 0.5 140
Design Engineer 5 2 1 2 05 05 05 05 05 05 2 2 2 0.5 140
Structural Engineer 1 3 2 3 05 1 2 1 1 0.5 2 2 2 0.5 140
Structural Engineer 2 3 2 2 051 05 1 1 05 2 2 2 0.5 140

Continued on next page



Table C.4: Baseline properties of the defined engineer agents. (Continued)

Expertise Digital Literacy

cel

Engineer Agent Experience Salary ($k)
a a a3 a4 as ag 4a; ag ay a, DLg,, DLgy,
Electronics Team
Electrical Engineer 1 05 2 05 3 2 2 2 2 1 0.5 2 2 0.5 150
Electrical Engineer 2 05 05 05 2 1 2 3 1 2 05 2 2 0.5 140
Electrical Engineer 3 05 05 05 2 1 2 2 1 3 05 2 2 0.5 140
Electrical Engineer 4 05 05 05 3 1 2 1 1 2 05 2 2 0.5 140
Software Engineer 1 05 2 05 1 3 2 1 1 1 0.5 2 2 0.5 160
Validation Team
Prototyping Engineer1 3 2 05 1 1 1 05 2 2 3 2 2 0.5 90
Prototyping Engineer2 2 2 1 2 1 1 2 1 2 2 2 2 0.5 90
Prototyping Engineer 3 1 2 05 2 1 1 2 1 2 3 2 2 0.5 90
Testing Engineer 1 2 3 2 2 2 2 1 1 1 1 2 2 0.5 90
Testing Engineer 2 2 1 05 2 1 1 1 2 2 1 2 2 0.5 90




Table C.5: All defined tools and their capabilities.

Tool Capabilities
Baseline Tools
MBSE System Design (Drone, Airframe, Propulsion System,

Basic System Simulation

MCAD

ECAD
IDE
FEA

Circuit Simulation

Manufacturing Equipment

Assembly Equipment

Universal Test Machine

HIL Equipment
System Testing Facility

Flight Control System)

LF System Simulation (Drone, Propulsion System,
Flight Control System)

Design (Main Body, Arms, Landing Gear, Propeller),
Virtual Integration (Airframe)

Design (Controller)
All Activities (Control Software)

All Simulation Activities (Airframe, Main Body,
Arms, Landing Gear, Propeller)

Component Simulation (Controller)

Prototyping (Main Body, Arms, Landing Gear,
Propeller, Controller)

Prototyping (Drone, Airframe, Propulsion System,
Flight Control System)

Testing (Airframe, Main Body, Arms, Landing Gear,
Propeller)

Testing (Flight Control System, Controller)

Testing (Drone, Propulsion System)

New Tool

Advanced System Simulation

Virtual Integration and HF System Simulation (Drone,
Propulsion System, Flight Control System)

Proxy Tools*
Supply Chain Management
Supplier

Design (Battery, Motor, Sensor Suite)
Prototyping (Battery, Motor, Sensor Suite)

2 Needed to generate activities related to procurement.
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LET

Table C.6: Baseline properties of the defined tools.

Tool Cost ($k)  Productivity T, Usability T}, Accuracy T,,,. Interoperability T,
Baseline Tools

MBSE 10.0 /mo 0.7 2 0.1¢ 0.5
Basic System Simulation 5.0 /mo 0.7 2 0.4 0.5
MCAD 4.0 /mo 0.7 2 0.1 0.5
ECAD 4.0 /mo 0.7 2 0.1 0.5
IDE 2.0 /mo 0.7 2 0.6 0.5
FEA 12.0 /mo 0.7 2 0.6 0.5
Circuit Simulation 4.0 /mo 0.7 2 0.6 0.5
Manufacturing Equipment 0.2/h 0.7 - - 0.5
Assembly Equipment 0.1/h 0.7 - - 0.5
Universal Test Machine 0.1/h 0.7 - 0.95 0.5
HIL Equipment 0.1/h 0.7 - 0.95 0.5
System Testing Facility 0.2/h 0.7 - 0.95 0.5
New Tool

Advanced System Simulation 15.0 /mo 0.7 2 0.1...0.9 0.5
Proxy Tools®

Supply Chain Management 1.0 /mo 1.0 2 - 0.5
Supplier 0.3/h 1.0 - - 0.5
EKM Tool 5.0 /mo 0.7 2 - -

2 The accuracy of the MBSE tool relates to the fidelity, completeness, and traceability of models created by the tool.

b Needed to generate activities related to procurement.



APPENDIX D
SIMULATION CODE AND DATA

The simulation model was fully implemented using Python version 3.12. The logic, func-
tionalities, and most important parameters were discussed throughout the thesis. The code,

as well as the data generated by all the experiments of this thesis, can be found on GitHub:

https://github.com/SeanRM2000/Product-Development-Simulation

The code is divided into several scripts. The main simulation logic is implemented in
«sim_run.py», and the Monte Carlo simulation logic is implemented in «monte_carlo.py».
The simulation inputs are stored in several json and csv files. Each configuration is stored
in a separate folder inside the Architecture/Inputs folder. The simulation results are stored
in the Architecture/Outputs folder. A detailed summary of the simulation results can be
found in «DOE_Results.xlsx» in the folder DOE.

The simulation settings and tuning parameters are defined in «sim_settings.py» and
«tuning_params.py». The remaining scripts are used for preprocessing of the input data to

create all agents, as well as the detailed PD process.
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