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Abstract

Companies require information about their customers to maintain an
attractive portfolio of products and services. This information is essential
in different departments for a variety of tasks along the product life cycle. By
providing this information based on data, decision-making processes can lead
to more accurate outcomes and improved overall results. This thesis explores
part complexity and its relevance in better understanding customer needs
throughout the product lifecycle. The industry partner of and example used
in this dissertation is TRUMPF, a German machinery and plant engineering
company that builds machine tools for the sheet metal processing industry.
Sheet metal processing contains process steps such as laser cutting, bending,
and welding to manufacture sheet metal parts. The application possibilities
are manifold, with use cases in industries such as automotive, construction,
renewable energy, aerospace, and many more.

Many researchers agree that part complexity represents the
manufacturability of a part. However, we identify three major research
gaps in this field: (1), there is no consensus regarding the research method
of assessing part complexity but co-existing methods differ in how they
investigate part complexity. (2), the part complexity influencing part
characteristics have not been thoroughly researched, even less for our field
of research, sheet metal processing. (3), only two part complexity use cases
have been identified in the literature, despite the increasing demand for
data-based information along the product life cycle. This thesis addresses
these three research gaps with these contributions:

(1), we develop a methodology for assessing part complexity and
demonstrate its applicability by putting this research approach into practice.
This methodology combines both qualitative and quantitative methods. (2),
we conduct a computer-assisted self-assessment to let experts label the
complexity of 80 parts. To facilitate this self-assessment, we develop a labeling
tool that implements a visualization of the parts and provides additional part
information. For complexity labeling, we implement a Likert scale ranging
from 1 (least complex) to 5 (most complex), deliberately omitting the middle
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option “3” to encourage more definitive responses. Participants are also
required to provide a written explanation for their chosen complexity rating.
The participants of the computer-assisted self-interview are experts for the
production unit that we chose as an example for our research endeavor.
Furthermore, as an evaluation mechanism, we repeat a subset of 10 parts in
each of the three weeks of the complexity labeling to assess the consistency
of the participants’ labeling over time. Second, we observe a consensus of
the labeling participants in some of the repeating geometries and a clear
correlation between distinct part characteristics and the reasons given for the
assigned complexity ratings. (3), we identify part complexity influencing part
characteristics based on the results of the aforementioned research approach.
(4), by conducting a focus group, we explore the application possibilities of
part complexity for the three main stakeholder groups: product and portfolio
management, research and development, and sales and consulting. These
results add to the two use cases of part complexity that have already been
identified in the literature and demonstrate the usefulness of part complexity
as a contributor to data-based customer information along the product life
cycle.
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Chapter 1
Introduction

Companies need to know their customers to provide attractive portfolios of
products and services and remain competitive in the market. This is especially
true in the field of mechanical and plant engineering. The machinery and
plant engineering sector represents one of the biggest industrial sectors within
the European Union (European Union (EU)), with approximately 80,000
companies employing 3.1 million people, and a total machine sales generating
an estimated revenue of around 606 billion Euros [VDMA, 2022]. Within the
EU, Germany, Italy and France are the largest machinery suppliers [VDMA,
2022]. Part of the machinery and plant engineering sector is the production
of machine tools for sheet metal processing. TRUMPF Werkzeugmaschinen
SE & Co. KG (TRUMPF, see Section 2.2) is such a manufacturer and serves
as an example in this research.

Companies may gain a competitive advantage by utilizing data about
their customers to map their portfolio to their customers’ needs. The phrase
“garbage in—garbage out” by Clark [1972] represents the principle that
results can only be as good as the data they are based on, emphasizing the
importance of data. Utilizing data about customers can lead to competitive
advantages, such as tailoring the portfolio to meet the customers’ needs.

This thesis identifies the research gap regarding data-driven customer
information along the product life cycle and investigates part complexity as
a contribution to closing this research gap. The research lacks an established
definition of part complexity as well as an agreed-upon method to identify
part characteristics that affect the part complexity. In addition, this thesis
aims to uncover part complexity use cases not yet covered in the literature.
In the following section, we present the motivation for this thesis (see
Subsection 1.1). Afterward, we provide a detailed explanation of the research
question in Subsection 1.2, and highlight the key contributions of this
thesis in Subsection 1.3. Subsection 1.4 declares the use of generative Al
and Al-assisted technologies in this thesis, while Subsection 1.5 gives an
overview of the publications. Lastly, we give the outline of this thesis (see
Subsection 1.6).
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1.1 Motivation

In the recent past, machine tool manufacturers have been facing a rise in
competitive pressure [MCKINSEY, 2016]. At the same time, the availability
of manufacturing data from the shop floor has increased due to Industry 4.0
[WATANABE ET AL., 2020]. The global trend of increasing the individuality
of the products and the demand for customized solutions makes staying
competitive even more challenging. It underlines the demand for detailed
information about the customers and their needs. To stay competitive
and maximize revenues, companies increase their focus on their customers’
needs [AIYER ET AL., 2018|. For this shift, companies require data-driven
information about their customers for customer-centric activities along the
product life cycle [TJADEN ET AL., 2022].

In this thesis, we use the term customer-centric activities to summarize the
activities related to the customers. The customer-centric activities include,
but are not limited to (1) the management of the portfolio of products and
services, (2) the development of new products and services, (3) refinement
of already existing products and services, (4) activities related to sales and
consulting, and (5) customer support in after-sales.

These customer-centric activities require information about the customers
to help meet the goals mentioned above of competitiveness and customization.
Experience has been a significant source of knowledge for tackling questions
in customer-centric activities like portfolio decisions, product development,
and sales activities. However, decision-making solely based on experience
bears the risk of errors [COOPER ET AL., 2001], potentially leading to
losing customers and not acquiring new customers. In contrast, data-driven
decision-making processes offer more objectivity, reliability, and accuracy.

Especially in machine and plant engineering, e.g. for sheet metal
processing, further information about the customers’ production is required
along the product life cycle to develop well-fitting portfolios of products
and services as well as customized solutions. The internal stakeholders
working on these tasks and requiring data-driven customer information are
stemming from the areas of product and portfolio management, research and
development, and sales and consulting [TJADEN ET AL., 2022].

To demonstrate the specific challenges associated with data-driven
customer information inherent to machinery and plant engineering, we
present a practical example from the domain of sheet metal processing, which
deals with metal processing in the form of sheets.

1.2 Research Questions

The purpose of this thesis is to develop a methodology that allows the
assessment of part complexity to provide data-driven customer information
for the stakeholders within a mechanical and plant engineering company. Part
complexity can contribute to understand the demands upon the customers’
production. The research objective is to quantify the complexity of sheet
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metal parts as a foundation for the stakeholder groups of product and
portfolio management, research and development, and sales and consulting
to provide them with the data-driven information required for targeted
customer-centric activities. After an explorative examination of different
research questions, we extracted three research questions that have not
yet been answered in the related work. These research questions guide the
direction of this thesis:

Research Question 1: How can we determine part complexity in sheet metal
processing?

So far, several approaches for determining part complexity exist in the
literature. To the best of our knowledge, the literature does not agree on
a definition of part complexity, despite its relevance across various domains.
Moreover, a methodology that can be adapted to different use cases and
industries is lacking. This thesis aims to address this gap by developing
such a methodology. To validate our methodology, we aim to implement it
exemplarily for one production unit from our industry partner.

Research Question 2: How do the part characteristics influence the part
complexity in sheet metal processing?

Based on the results of the data collected during the application of our
part complexity assessment methodology, we want to identify characteristics
that contribute to the part complexity for the process steps of the chosen
production unit. By closely analyzing these characteristics, we aim to uncover
patterns and insights that can inform a deeper understanding of part
complexity.

Research Question 3: How can part complexity contribute to the demand for
data-driven information about the customers along the product life cycle?

We want to extend the applicability of the concept of part complexity by
adding further use cases than those known in the literature. To the best of
our knowledge, currently, only the two use cases ”Production Technology
Selection” and ”Production Optimization” are researched in the literature.
We want to identify further use cases within the stakeholder groups and
illustrate the benefits and limitations of part complexity with these use cases.

1.3 Contributions of this Thesis

The contributions of this thesis address the concept of part complexity as a
key element for the demand for data-driven customer information along the
product life cycle.

C1: Part Complexity Assessment Methodology for Sheet Metal Processing

The first contribution answers research question 1 and involves the
development of the methodology for assessing part complexity. Although
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specifically designed for sheet metal processing, this methodology is adaptable
to other domains. This methodology considers practices known in the
literature regarding the assessment of part complexity and complements these
practices with statistical elements. To ensure the quality of the assessment,
several feedback loops are run, covering both the development of the
methodology and the data collection for the part complexity assessment. In
contrast to current practices of part complexity assessment, this methodology
describes the whole process for part complexity assessment, from the creation
of the data basis, selection of the participants, development of feedback loops
as well as the development of a supporting online tool for the complexity
labeling. In addition, this methodology is tested by implementing it for a
production unit of sheet metal processing, ensuring its practical applicability.

C2: Identification of Part Characteristics Influencing the Part Complexity

The second contribution answers research question 2 by identifying
part characteristics that influence the part complexity for an exemplary
production unit from sheet metal processing, using the data collected with
the supporting labeling tool as a basis. Section 2.4 explains this production
unit in detail. For quality purposes, we only consider the labeling participants
who pass a repetition test of re-occurring geometries in the labeling. By doing
so, we introduce the part complexity concept in our running example. This
thesis identifies the correlation between the geometrical characteristics, the
chosen part complexity, and the explanation given for the part complexity.
In addition, we created codebooks containing the categorized explanations
of the labeling participants for the respective chosen part complexity.
This identified correlation contributes to the part characteristics influencing
part characteristics known in the literature for the domain of sheet metal
processing. Moreover, we publish the geometries used for the labeling.

C3: Contribution of Part Complexity to the Need for Data-Driven
Customer Information along the Product Life Cycle

The third contribution answers research question 3. Currently, the use cases
of part complexity known in the literature are limited to the two use cases
of production technology selection and production optimization. We add to
these use cases in two different ways: Firstly, we add to these use cases
from the industrial perspective, conducting a focus group with the previously
identified stakeholder groups of product and portfolio management, research
and development, and sales and consulting. The newly found use cases
include portfolio optimization, comparison of customers with their peers, and
production planning. Secondly, we compare the application possibilities of
part complexity identified by the focus group to the demand for data-driven
customer information known in the literature. This maps the contribution of
part complexity to the demand for data-driven customer information along
the product life cycle.
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1.4 Declaration of Generative Al and
Al-assisted technologies

Generative Artificial Intelligence (AI) and Al-assisted technologies were used
during the thesis’ work and writing process. We used Grammarly to increase
the language and the readability of the writing. Connected papers helped
during the literature research to identify papers that have been cited or cited
analyzed publications. ChatGPT assisted in solving problems with coding
the algorithm and the explorative data analysis as well as solving problems
with LaTeX. After using these Al-assisted technologies, the author reviewed
and edited the content as needed and takes full responsibility for this thesis.

1.5 Own publications

This section gives an overview of the publications and where they have been
embedded in this thesis.

1. Greta Tjaden, Anne Meyer, and Alexandru Rinciog (2022), Towards
Adaptable Customer Segments and Reference Geometries, Advances in
Production Management Systems [TJADEN ET AL., 2022]

Tjaden et al. [2022] published the pre-study on customer segments and
reference geometries, presented in Subsection 2.3.

2. Greta Tjaden, Annika Baier, Maureen Strache, Cornelia Regelmann,
and Anne Meyer (2023), Maximizing Customer Satisfaction in Sheet
Metal Processing: A Strategic Application of the Customer Health Score,
Advances in Production Management Systems [TJADEN ET AL., 2023A]
Tjaden et al. [2023a] explores one further use case of data-driven
customer information along the product life cycle and is incorporated in
Section 3.

3. Greta Tjaden, Luis Feyhl, and Anne Meyer (2023), Prototyping a
data-driven customer segmentation utilizing machine usage data for
product portfolio management, Procedia CIRP [TJADEN ET AL., 2023B]|
Tjaden et al. [2023b] explores one further use case of data-driven
customer information along the product life cycle and is incorporated in
Section 3.

4. Greta Tjaden, Nick Grofie, and Anne Meyer (2024), Understanding
Part Complexity: A Novel Approach for the Identification of
Complexity-Influencing Part Characteristics, Advances in Production
Management Systems
Sections 4 and 5 extend [TJADEN ET AL., 2024]. This work also
published the 80 geometries utilized for the labeling: Tjaden [2024]
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5. Arthur Krause, Tobias Dannerbauer, Steffen Wagenmann, Greta Tjaden,

Robin Strobel, Jiirgen Fleischer, Albert Albers, and Nikola Bursac (2024),
Enhancing efficiency and environmental performance of laser-cutting
machine tools: An explainable machine learning approach, Procedia CIRP
[KRAUSE ET AL., 2024]
Krause et al. [2024] researched the optimization of machine tool
operations, aiming at increasing their sustainability. While part
complexity metrics have been considered in this work, it is not included
in this thesis’ content.

1.6 Outline of this Thesis

In Section 2, we give an overview of sheet metal processing and present
TRUMPF, this thesis’ industry partner. In addition, the problem is described,
covering customer segmentation, exemplary sheets and geometries, and part
complexity. Lastly, this thesis’ running example, the laser cutting machine
TruLaser Center 7030, is explained.

Section 3 presents the state of the art related to this dissertation. First, it
provides an overview of the need for data-driven methods in the product life
cycle management in Subsection 3.1, followed by the state of the art of part
complexity in Subsection 3.2.

Section 4 refers to Contribution C1. After developing a definition of sheet
metal part complexity based on the literature, we present the development
of the research design. Subsequently, the methodology is implemented into
practice. We explain the exemplary production unit in detail and provide
the results of the explorative data analysis of the geometry data set. After
selecting a representative material and sheet thickness, we present the tool
supporting the complexity labeling. The section concludes with a discussion
and summarizes the first contribution as the interim result.

Section 5 presents the results of implementing the first contribution into
practice and refers to contribution C2. After evaluating the participants’
labeling consistency, the codebooks are presented that analyze the
explanations for the chosen complexity as well as an analysis of the overall
complexity per process step and the chosen explanations. Then, we present
ten geometries and their labeling results in detail, followed by the transfer of
the complexity labeling results to new geometries using algorithms. After a
discussion, this section concludes with an interim result section summarizing
the second contribution to this thesis.

Afterwards, Section 6 deals with the third and last contribution of this
thesis, C3. First, the research method of focus groups is explained, followed by
presenting the preparation of this method for our field of research. Then, we
give details about conducting the focus groups, followed by the presentation
of their results stand-alone as well as in the context of the related work. After
a discussion, this section is concluded with a summary of this contribution
as an interim result.
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Section 7 is the final section of this dissertation. After summarizing the
main contributions, followed by their limitations, an outline of the future
work closes this dissertation.






Chapter 2
Problem Description and Background

This section first describes the fundamentals of sheet metal processing in
Section 2.1 and then this thesis’ industry partner in Section 2.2. Subsequently,
we present the challenges and the current work of data-driven customer
information along the product life cycle (see Subsection 2.3), consisting
of customer segmentation, exemplary sheets and geometries, and part
complexity. Section 2.4 concludes this section and presents the TruLaser
Center 7030 as this thesis’ running example.

2.1 Sheet Metal Processing

The range of sheet metal processing application fields adds complexity
to the transition to data-driven decision-making in customer-centric
activities. Although the sheet metal processing domain covers two- and
three-dimensional geometries, we only concentrate on two-dimensional
geometries. We excluded three-dimensional geometries to maintain a focused
investigation, as their inclusion, although valuable, would have deviated
from the intended focus of this work. Sheet metal processing encompasses
various production techniques, including laser cutting, bending, welding, and
punching. In addition, it involves part-handling tasks such as loading and
unloading sheet metals, finished parts, sheet skeletons, and scrap, all of which
are integral to the overall sheet metal processing workflow.

These processes can be combined as required for the production of
the sheet metal geometries. Mechanical engineering, automotive, electrical
industry, and many other sectors utilize sheet metal products, and the variety
of applications is reflected in the variety of sheet metal geometries. This
variety also influences the development of machine tools for sheet metal
processing.

We present three exemplary geometries to represent possible sheet metal
processing products. These geometries are used during this research project;
for clarification purposes, we do not rename them. As we manually altered
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these geometries, we do not know their application purposes but present
possible explanations as to how they may be applied.

Figure 2.1 visualizes geometry B, which is a narrow rectangle that presents
with an uneven outer contour. Possible application scenarios are in the
construction sector, especially door frames.

| -

Fig. 2.1: Geometry B. Own visualization

Geometry C, shown in Figure 2.2, is larger in height than geometry
B, also has an uneven outer contour but additionally has many circular
inner contours in different sizes. Possible application scenarios are in garden
decoration or ventilation, as air may flow through the inner contours.

Fig. 2.2: Geometry C. Own visualization

The last exemplary geometry is geometry I, which is visualized in
Figure 2.3 and has a circular shape and two circular inner contours. Geometry
I may be used as a fixture in domains such as mechanical or electrical
engineering.



2.3. PROBLEM DESCRIPTION 11

Fig. 2.3: Geometry I. Own visualization

2.2 The Industry Partner: TRUMPF

This thesis is a doctoral research project of the Technical University
Dortmund in cooperation with TRUMPFEF Werkzeugmaschinen SE + Co.
KG, hereafter referred to as TRUMPF. TRUMPF is a German machine tool
manufacturer for sheet metal processing and offers solutions for bending,
punching, combinations of laser cutting and bending processes, 2D and 3D
laser cutting, laser welding, and additive manufacturing [TRUMPF, 2023].

2.3 Problem Description

The need for data-driven information about customers is present along
the product life cycle, e.g. as stated in Li et al. [2015]; Tao et al. [2018];
Wang et al. [2021]. Along the product life cycle, companies make a series
of decisions, such as "How should they design the product or service?”,
"Which customers do they want to address?”, and many more. Decisions
that rely on data are associated with a competitive advantage for the
companies [SONG AND KusiAk, 2009] due to their higher accuracy and
quality in comparison to their non-data-driven counterparts. For TRUMPF,
we conducted a cross-departmental workshop and found the approaches
of 1) customer segmentation, and 2) exemplary sheets and geometries as
possible contributors to the foundation for data-driven customer information
for the use cases along the product life cycle [TJADEN ET AL., 2022].
Furthermore, we identified 3) the concept of part complexity as a suitable
candidate. We describe each of these three approaches and survey the
related work in the following subsections: In Subsection 2.3.1 for customer
segmentation, in Subsection 2.3.2 for exemplary sheets and geometries, and in
Subsection 2.3.3 for part complexity. Where possible, we furthermore provide
practical examples. Additionally, we evaluate each approach’s applicability
as a foundation for data-driven customer information along the product life
cycle in the respective subsections. As we will see, the first two approaches
customer segmentation and reference geometries are not suitable. Therefore,
this thesis focuses on part complexity as its primary research subject.
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2.3.1 Customer Segmentation

This subsection is mainly based on Tjaden et al. [2022]. Customer
segmentation is a widely accepted approach to aggregate data about
customers, as highlighted by several studies [HOSSEINI AND SHABANI,
2015; KANDEIL ET AL., 2014; MAULINA ET AL., 2019; RIVERA-CASTRO
ET AL., 2019; SIMKIN, 2008]. In the context of Business-to-Business
(Business-to-Business (B2B)) segmentation, which applies to TRUMPF,
common attributes identified in the literature include customer purchase
behavior and customer value [STORMI ET AL., 2018; KANDEIL ET AL.,
2014], product preferences, frequency, and customer firmographics [STORMI
ET AL., 2018]. Simkin et al. similarly identify typical traits of the
agrichemical industry, namely product group, location, and business sector,
but note that these are insufficient for creating meaningful customer
segments. Additional attributes describing the customers, their needs,
their buying behavior, and their decision-making reasoning are required
[SIMKIN, 2008]. Other authors concentrate on the application of the
Recency-Frequency-Monetary (Recency-Frequency-Monetary (RFM)) model
[STORMI ET AL., 2018; HOSSEINI AND SHABANI, 2015; MAULINA ET AL.,
2019] or variations [KANDEIL ET AL., 2014]

In our cross-departmental workshop conducted at TRUMPF, we identified
a wide variety and range of attributes required by the stakeholders for the
different use cases along the product life cycle. Many of these attributes
cannot be obtained automatically but collected and updated manually, such
as the cleanliness of the production site. To identify the most important
data points and subsequently, minimize the required database for such a
customer segmentation generator, we clustered the data points into groups
such as ”production data” or ”data about the customer in general” and let
the stakeholders vote on the importance of each data point.

However, since the stakeholders voted almost every data point as
important, we could not reduce the required database for generating use
case-specific customer segmentation models for sheet metal processing.
Hence, one concludes that establishing and maintaining the eventually
resulting database would be too cost-intensive, making the development of
our customer segmentation generator unfeasible for this dissertation project.

2.3.2 Exemplary Sheets and Geometries

This subsection is mainly based on Tjaden et al. [2022]. Especially in machine
tool manufacturing for sheet metal processing, companies need to know how
their customers use the products and services. This is highly influenced by
the products the customers produce. This makes having an overview of the
products essential, e.g. for portfolio decisions, development, and customer
interactions. In machine tool manufacturing for sheet metal processing,
exemplary sheets—so-called benchmark sheets—have been employed for the
purpose of exemplary customer products. For example, these benchmark
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sheets are used to compare the productivity of machines in regard to the
customer’s product portfolio. Table 2.1 exemplarily shows eight benchmark
sheets that have been developed at TRUMPF to compare the productivity
of 2D laser cutting machines. On sheets with sheet thicknesses between 1
and 4 mm, between 4 and 10 mm, and for sheet thicknesses greater than
10 mm, geometries that range in classes of low, medium, and high complexity
have been placed. The process of placing geometries on sheets is called
nesting.

Sheet Parts Complexity
Thickness | Low complexity |Medium complexity |High complexity
T || el | [

1I- <4 mm |w. 700 ‘

4-10mm [\ Ao

> 10 mm

Table 2.1: Benchmark Sheets.

Exemplary sheets and geometries have also been employed in the literature
[DEOKAR ET AL., 2016] as well as in the industry [TJADEN ET AL., 2022].
From a literature perspective, exemplary sheets and geometries have not
been researched in detail, as we could find only one source employing such
exemplary sheets [DEOKAR ET AL., 2016]. From a research and practice
perspective, exemplary sheets are insufficient: They are time-consuming
to establish and update, resulting in employees working with outdated
information. Furthermore, we do not need exemplary sheets but exemplary
geometries that can additionally support tasks like nesting optimization
and production planning of orders, not of sheets. From a data governance
perspective, the establishment of the database necessary for the creation of
exemplary geometries inherits several risks:

1. Due to intellectual properties and non-disclosure agreements between
machine tool manufacturer and customer as well as these customers and
their customers, the geometries themselves may not be distributed or
stored.

2. To overcome the intellectual property and non-disclosure agreement
challenge, features describing the geometries may be collected that
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contain sufficient information for the use cases of the stakeholders
but insufficient information for the reconstruction of these geometries.
Moreover, this information needs be stored for the time required for the
justification of decisions that are taken upon this database to comply with
transparency requirements towards the decisions of the stakeholders.

Due to the lack of research in the literature and the risks stemming from
data governance, the approach of creating exemplary geometries to support
the stakeholders with customer-based information seems infeasible at the
moment.

2.3.3 Part Complexity

At the moment, both customer segmentation and exemplary sheets and
geometries seem unfeasible. The underlying reasons for the unfeasibility are
mainly due to missing geometrical databases that represent customer orders.
The third approach that may contribute to data-driven information about
the customers for the customer-centric activities in product and portfolio
management, research and development, and sales and consulting is the
concept of part complexity.

As we will see in Subsection 3.2, part complexity has been fairly researched
in the literature. Based on this literature review, we can derive a definition
of part complexity for the field of machinery and plant engineering for sheet
metal processing. The use cases of part complexity known in the literature
seem limited, and we want to extend the applicability of part complexity for
the stakeholders’ customer-centric activities during this dissertation.

Since part complexity seems to be the most promising approach in
comparison to customer segmentation based on the data required by the
stakeholders and exemplary sheets or geometries, the goal of this thesis is to
develop and implement a methodology for the assessment of sheet metal part
complexity and to extend the applicability of the part complexity concept.

2.4 Running Example: The TruLaser Center
7030

We chose the TruLaser Center 7030, depicted in Figure 2.4, as the
example production unit since it is highly automated so we can neglect
human activities, which bear more variance and variability than automated
activities. The TruLaser Center 7030 covers these process steps:

1. Laser cutting: The geometries are cut out of the metal sheet using laser
technology. The sheet thickness range varies from 1 mm to 12.7 mm,
depending on the material.
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2. Part Handling:

a. Smart Gate: Small parts as well as scrap parts that are between
30 mm x 30 mm and 160 mm x 160 mm fall through this hole and
are then transported to boxes for storage (see Figure 2.5).

b. SortMaster Speed: Parts that do not fit in the SmartGate are
transported with the SortMaster Speed, a roboter with many small
suction cups. The SortMaster Speed can handle parts between 90 mm
x 60 mm and 2000 mm x 1500 mm (see Figure 2.6).

I \

Fig. 2.4: The TruLaser Center 7030. Source: TRUMPF Group.

In the explanation of the TruLaser Center 7030’s operation, we concentrate
on the functionalities that are relevant to our case study. We assume that the
TruLaser Center 7030 is connected to storage, making it autonomous. First,
metal sheets are delivered to the TruLaser Center 7030 from the storage.
After the machine or remote operator starts the machining program, the
TruLaser Center 7030 will cut the metal sheet as previously defined in the
machining program. During the laser cutting, the SmartGate is positioned
under the laser beam, and scrap parts as well as finished parts with maximum
dimensions of 160 mm x 160 mm fall through the SmartGate. The SmartGate
is depicted in Figure 2.5. The scrap parts and finished parts are collected
separately in storage boxes. The storage boxes are the blue boxes in the
lower half of Figure 2.4. The finished parts that have dimensions bigger
than 160 mm x 160 mm are sorted with the SortMaster Speed, which is
a robotic arm with small suction cups. Figure 2.6 shows the underneath of
a SortMaster Speed, holding a part with the black suction cups. Finally, the
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SortMaster Speed stacks the finished parts on the palette, which can be seen
on the left side of Figure 2.4. The completely laser-cut metal sheets are called
scrap sceletons and are stored in the right part of Figure 2.4.

Fig. 2.6: Part Handling with
Fig. 2.5: Part Handling with the the SortMaster Speed. Source:
SmartGate. Source: TRUMPF. TRUMPEF.



Chapter 3
State of the Art

This section presents the related work resulting from our literature reviews
and is twofold: Subsection 3.1 presents the need for data-driven methods
along the product life cycle, while Subsection 3.2 presents our findings
regarding the part complexity.

3.1 Need for Data-Driven Methods in Product
Life Cycle Management

This subsection extends the literature research of Tjaden et al. [2022] and
presents the need for data-driven methods in product life cycle management
(Product Life Cycle Management (PLM)) in the literature. PLM covers the
journey of its product, from its creation to its degradation. We searched for
the terms ”data-based information along the product life cycle”, "need for
data product life cycle”, and ”product life cycle data” in the research search
engines ResearchGate and Google Scholar. Our literature review covers
publications up until June 20th, 2024. In addition, we considered related
papers as well as recommendations from peers. We screened the literature
for data-driven use cases along the product life cycle: First, we filtered the
relevance of the search results by their title. Subsequently, we scanned the
abstracts regarding their match to the need for data-driven information
along the product life cycle. We stopped the literature review when we no
longer identified new use cases. One needs to keep in mind that the specific
search for use cases along the product life cycle that would benefit from
data-driven methods is challenging due to many use cases that are not linked
to the product life cycle or PLM in the title, abstract, or keywords, making
them hard to find. Moreover, we assume countless use cases could benefit
from data-driven methods along the product life cycle. Hence, we do not
claim our literature review to be complete. Instead, we want to motivate
the investigation of solutions to this research gap by presenting a variety of
potential applications of data-driven methods along the product life cycle.

17
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Many authors emphasize the importance of data-driven methods along the
product life cycle [ACERBI AND TAISCH, 2020; MARCHETTA ET AL., 2011;
PHAM ET AL., 2004; RIEGER AND OLESZEK, 2023; SRINIVASAN, 2021;
TERZI ET AL., 2010; UDROIU AND BERE, 2018]. Figure 3.1 analyzes the
year of publication of the 25 considered publications overall and for the three
phases of PLM: The product life cycle is often divided into three categories
Beginning of Life (Beginning of Life (BOL)), Middle of Life (Middle of Life
(MOL)), and End of Life (End of Life (EOL)) [TERZI ET AL., 2010]. Since
several publications covered use cases along the product life cycle from more
than one phase, the number of publications per phase is greater than 25. We
can observe a trend of increasing publications covering said topic. While
EOL use cases have been covered more in recent years, we see stronger
coverage of BOL and MOL use cases. Due to the trend of increasing number
of publications and a stronger coverage of EOL use cases in the recent past,
we expect more use cases along the product life cycle that could benefit from
data-driven methods in the future.
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Fig. 3.1: Analysis of the Count of Publications per Year for the Topic of Data
Need along the Product Life Cycle
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Table 3.1 presents the use cases along the life cycle that we identified in
our literature research and that could benefit from data-driven methods. We
followed the three PLM phases according to Terzi et al. [2010] and structured
our findings into Beginning of Life (see Subsection 3.1.1), Middle of Life
(see Subsection 3.1.2), and End of Life (see Subsection 3.1.3). For better
understanding, we only incorporated the phase categories for which we found
part complexity use cases in the literature and do not claim the categories to
be complete.

3.1.1 Beginning of Life

We found use cases needing data support for the first phase of the product
life cycle, beginning of life, for the three categories market analysis, product
development, and product manufacturing.

3.1.1.1 Market Analysis

The first use case during the market analysis phase that could benefit from
data-driven methods is customer identification [L1 ET AL., 2015; TAO ET AL.,
2018; WANG ET AL., 2021]. The authors of Tjaden et al. [2023b] perform
a data-driven customer segmentation by employing a K-means algorithm to
build clusters of a customer database, using information such as the material
and part size as input. The authors of Horvat et al. [2019] mention data-driven
opportunity identification, using the utilization of customer data in the
development of new food products as an example. They observed that 85 %
of the responses to their survey utilize data about the three topics consumer
involvement, food trends, and environmental factor data for the development
of the new products. In addition, the authors of Horvat et al. [2019] see
a high potential for product success if data would be involved in more
phases throughout the product life cycle, such as opportunity identification,
specifying customer requirements, and phasing-out decisions. Moreover, the
authors of Horvat et al. [2019] observed a declining utilization of customer
data once a product is launched. The specification of customer requirements
using data seems to be the most relevant use case during the market analysis
with a total of six mentions by Acerbi and Taisch [2020]; Feng et al. [2020];
Horvat et al. [2019]; Li et al. [2015]; Tao et al. [2018]; Wang et al. [2021].
The data-driven definition of product features has a total of five mentions
by Acerbi and Taisch [2020]; Li et al. [2015]; MacCarthy and Pasley [2021];
Wang et al. [2021]; Zhang et al. [2017] and may be based on the results of
the previously mentioned customer identification and specification of their
requirements. Using data to define quality requirements is mentioned by
MacCarthy and Pasley [2021]; Tao et al. [2018]. Both Terzi et al. [2010] and
Zhang et al. [2017] suggest collecting data about the usage of the product
or service to further improve the product or service’s design. Furthermore,
customer segments are useful to forecast demands and trends and to analyze
historical data [ZHANG ET AL., 2017].
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Beginning of Life (BOL)
Market Analysis
Customer identification [ ] [] [] 3
Customer segmentation [ ] 1
Opportunity identification [ ] 1
Specification of qui (] LI (] L] o |6
Definition of product. features [ ] LI ] LJC I
Definition of quality requirements [] [ ) 2
Analysis of historical data [] o2
Demand and trend mining algorithm for
T - LB
predictive life cycle design
Product Development
Product design o0 2
Cust tric product devel [] 1
R b and und. 1 beh ) 1
R b and und. 1 0 ) 1
Improving future product generations [ [ ] 2
Definition of waste management. practice [] 1
Definition of circular product requirements | @ 1
Cost assessment. [ ] 1
Product Manufacturing
Selection of (sustainable) suppliers [ ] 1
Optimization of supply chain network o1
Simulate and test product [ ] [] 2
Training of a real-time scheduler [] [] [ ) 3
Smart production planning with the analysis ° 1
of customer orders
Feature extraction from step files for ° 1
improving operation control
Quality Assurance e @ 2
Middle of Life (MOL)
Sales & Distribution
Client. groups [] 1
Sales prediction L ] 1
Sustainable procurement of product [J 1
Product Usage
Ensure product performance LTI TPl lIe [ oo |]]s
Product Usage Monitoring HEEEEEEEEEEEEEEEEEEEEEUEEEE
Repair
Predictive maintenance [] [] [] o4
Automated anomaly detection, leading to
new revenue streams, digitized servitization, o1
and decrease prices for product services
After-sales service [] 1
End of Life (EOL)
Recycle activities e |@ [ ] [ ] 4
Dismissal activities [ [ [ 3
Data-driven phasing out decisions o |eoe 3

Table 3.1: Literature Review: Need for Data-Driven Methods along the
Product Life Cycle.
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3.1.1.2 Product Development

Product development is the second category of the beginning of life phase for
which the literature provides use cases that would benefit from data-driven
methods. Both Feng et al. [2020] and Horvat et al. [2019] identified product
design as a use case that would benefit from data-driven methods. The
authors of Feng et al. [2020] focused on the product design phase and
identified the customer requirement analysis, conceptual design, and detailed
design as tasks that could benefit from data support. We summarized the
conceptual design and detailed design as product design in Table 3.1. In
addition, Feng et al. [2020] believe that design knowledge support also
could benefit from data support, e.g. to enable the collaborative design of
product concepts between different team members. Tao et al. [2018] specify
the product design slightly with customer-centric product development,
underlining the importance of customer-centricity during this product
development stage. Additionally, the authors of Tao et al. [2018] identified
the research and understanding of both customer behavior and customer
preferences as use cases that would benefit from enrichment with data-driven
methods. The improvement of future product generations is mentioned by
both Lachmayer et al. [2014] and Lee and Suh [2009]. In Lachmayer et al.
[2014], they suggest collecting data during product usage and utilizing this
data during the development of the product’s next generation to further
improve the product. In Lee and Suh [2009], the authors emphasize the
importance of data and a data management system for stakeholders along
the product life cycle. They mention specific tasks such as improving future
product generations by utilizing data about the usage of previous product
generations and maintenance activities. The use cases improving future
product generations and product design are the only ones of the product
development phase that have been mentioned twice in the literature. Acerbi
and Taisch [2020] examine information management needs along the product
life cycle. For product development, they identified the use cases definition
of waste management practices as well as the definition of circular product
requirements. The authors of Cheung et al. [2011] suggest enriching the cost
assessment during the product development phase with product life cycle
data from previous products for more accurate cost estimations.

3.1.1.3 Product Manufacturing

Product manufacturing is the last category of the BOL phase for which we
identified use cases benefiting from data-driven methods in the literature.
Both Acerbi and Taisch [2020] and Zhang et al. [2017] mention the topic of
suppliers. While Acerbi and Taisch [2020] emphasize the selection of suppliers,
especially sustainable ones, as a use case for data-driven methods, the authors
of Zhang et al. [2017] mention optimization of the supply chain network as
a whole. Another use case that would benefit from data-driven methods is
product testing [HORVAT ET AL., 2019; L1 ET AL., 2015] as well as the
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simulation of products [L1 ET AL., 2015|. Real-time schedulers mentioned
by Ahmadov and Helo [2018]; Rinciog et al. [2020]; Tao et al. [2018] would
allow for further optimization in the production planning but have sufficient
databases as prerequisites. Another data-driven approach for optimizing
production planning is analyzing customer orders [TAO ET AL., 2018], while
the authors of Sreenu and Gupta [2014] view the feature extraction from step
files as a suitable data-driven approach to improve the operation control.
For the use case of quality assurance, we found two approaches in the
literature: Kassner et al. [2015] use an application scenario as an example
and analyze the benefit of data for quality assurance, using their product life
cycle analytics approach that combines both unstructured and structured
data stemming from different data sources. In Leberruyer et al. [2023], they
employ artificial intelligence trained on data to improve the quality assurance
of a company to enable zero-defect manufacturing. They analyze the influence
of vibrations of an axle collected with sensors on the noise in the car, aiming
to identify defective axles and reduce high noise levels.

3.1.2 Middle of Life

Middle of Life is the second phase of the product life cycle, for which we
identified use cases of the three categories sales & distribution, product usage,
and repair in the literature.

3.1.2.1 Sales & Distribution

Sales and distribution is the first category of the MOL phase for which
we identified use cases. The authors of Wang et al. [2021] suggest using
customer segmentation to identify client groups based on data. This appears
to be similar to the BOL use case of Tjaden et al. [2023b], where they
employed customer segmentation to group potential customers during the
market analysis. Another use case for the method of customer segmentation
is the sales prediction [STORMI ET AL., 2018] According to Jensen et al.
[2023], a digital product passport containing product life cycle data would
enable customers to procure their desired products more sustainably due to
the increased transparency along the supply chain.

3.1.2.2 Product Usage

Product usage is the second category of MOL with the two use cases
ensuring product performance and monitoring product usage. According
to Stoll et al. [2023], data-driven methods could support maintaining the
performance of products and services while collecting data from products in
the field could enable monitoring the products’ life status [TERZI ET AL.,
2010]. The authors of Tjaden et al. [2023a] introduce a KPI system called
customer health score that considers field data as well as information about
the customer relationship, the products, and maintenance activities. This
customer health score monitors the usage of the product and enables two use
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cases: First, it can be observed if the customer health parameters are within
or not within the boundaries. If the parameters are not within the boundaries,
the responsible product and for the product, the responsible category can be
identified to investigate the reason for the deviation. Second, by observing the
customer health score over time, specific measures for the customer success
management can be derived to support the customer service.

3.1.2.3 Repair

For the last MOL category, we identified the three use cases of predictive
maintenance, anomaly detection, and after-sales service in the literature.
Predictive maintenance is the most popular use case, for which we found 4
mentions in the literature [CHAKROUN ET AL., 2023; JENSEN ET AL., 2023;
LEE ET AL., 2014; ZHANG ET AL., 2017]. The authors of Chakroun et al.
[2023] perform predictive maintenance, using both Discrete Bayesian Filter
and Naive Bayes Filter on a dataset generated with sensors of a packaging
robot. By utilizing data for maintenance activities, e.g. with predictive
maintenance, the products’ life cycles can be elongated due to better repairs
[JENSEN ET AL., 2023]. In addition, such digital product passports could
provide service manuals to make repairs easier for the customers [JENSEN
ET AL., 2023]. In their study, Zhang et al. [2017] view the automated
detection of anomalies as an enabler for new revenue streams, digitized
servitization, and reduced prices for products and services. After-sales service
activities such as describing repair activities or the characteristics of spare
parts could also benefit from data-driven methods, according to Acerbi and
Taisch [2020].

3.1.3 End of Life

End of Life is the last phase of the product life cycle. Since we could only
identify the three use cases of recycling, dismissal, and data-driven phasing
out decisions, we do not provide distinction with further categories. Collecting
data throughout the product life cycle in a product data pass may broaden
the product’s second life application possibilities on the example of batteries
for electric vehicles [BLUMKE AND HOF, 2023]. Tracing the product through
its lifecycle and storing this data can enhance the trust in the quality of
the used product, making it more suitable for recycling or other second-life
activities [BLUMKE AND HoOF, 2023]. To prevent unallowed alteration of
the product life cycle data, the authors of Bliimke and Hof [2023] suggest
physically connecting the data to its product. Jensen et al. [2023] also
investigate the potential use cases of digital product passports, especially
regarding the circular economy, and provide examples of what data should
be stored in these digital product passports. They state that data stored
in the digital product passport can be utilized to inform customers about
end-of-life options like recycling or dismissal activities such as returning the
product to its manufacturer. Another option is to simplify the disassembly of
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products by providing data about safe disassembly strategies [JENSEN ET AL.,
2023]. Information about the materials stored in the digital product passport
allows for better recycling of the products’ materials [JENSEN ET AL., 2023].
Data collected during the product usage could assist in deciding about
the products’ second-life options, e.g. remanufacturing components of the
product, and the remaining usage period of the product [JENSEN ET AL.,
2023]. Activities regarding both recycling and dismissal could benefit from
information such as the material and components of the product [TERZI
ET AL., 2010]. While Acerbi and Taisch [2020] also mention recycling as well
as dismissal activities, Dober et al. [2023] suggest data-driven support for
decisions of whether or not to phase out products or services.

3.2 State of the Art: Part Complexity

This section extends Tjaden et al. [2024] and presents our literature
research on part complexity. To the best of our knowledge, no definition
of sheet metal part complexity exists in practice. We want to fill this gap
to enable the comparison of customers and their parts and hence, their
requirements for sheet metal processing machine tools. For the literature
review, we employed a mixed strategy. We systematically searched for the
terms ”part complexity” and ”sheet metal part complexity” in SpringerLink,
ResearchGate, and Google Scholar databases. We considered literature
published until May 28th, 2024. Additionally, we considered previous
literature cited by already identified literature and searched for literature
citing the already found literature, using the database ConnectedPapers. We
did not exclude literature based on the publication year. Our results regarding
the importance of complexity in the context of manufacturing are followed
by use cases of part complexity in the literature. Subsequently, we present
definitions of part complexity and the influence of geometrical characteristics
on the part complexity.

3.2.1 Use Cases for Part Complexity in Literature

We found engineering use cases for part complexity in literature for
production technology selection and production optimization.

3.2.1.1 Production Technology Selection

In Greco et al. [2022], the authors aim to determine a part’s complexity
using an index to select the best suitable production technology: Traditional
or additive manufacturing. The authors of Valentan et al. [2011], too, assess
a part’s complexity to compare its manufacturability for milling, turning,
additive manufacturing with support, and additive manufacturing without
support. They distribute the parts into eight cubes that they call octants.
They consider part characteristics such as the vectors within the octants, the
size of the part, the material, and the manufacturing time [VALENTAN ET AL.,
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2011]. Moreover, they consider experts’ estimates of the part complexity
without specifying how.

In their study, ElMaraghy et al. [2012] aim to develop a so-called
”manufacturing index” “to enable a simple comparison of alternative designs”
(p- 799). The overall complexity of a reconfigurable manufacturing system
consists of the complexity of the machines, the complexity of the buffers, and
the complexity of the material-handling system.

Lohtander et al. [2007] hint that sheet metal part complexity may be
assessed based on geometrical features such as holes or bending and how
difficult they are for the respective process steps. The bending equipment of
choice highly depends on the geometrical characteristics of bending features.
Small parts can be bent with punching machines, while large parts need to
be bent with bending machines. Moreover, features usually are processed in a
certain order: Cutting comes before bending, and surface treatment is usually
the last production process step. Furthermore, the lot size of a geometry also
influences the decision for a blank and hence how the features are produced.
Hence, the geometry characteristics influence the production [LOHTANDER
ET AL., 2007].

In Lohtander and Varis [2007], the authors analyze sheet metal parts
according to their manufacturing features. These features cover common
characteristics of sheet metal parts, such as threads, material, and size
[LOHTANDER AND VARIS, 2007]. For the feature cutting, they created two
sub-classes edge and hole, since these features differ significantly in the
manufacturing process. Edges may be formed with punching techniques while
being not suitable for the production of holes. Subsequently, they analyze
how the manufacturing method can be selected based on the manufacturing
features.

The authors of Greco et al. [2022] use both objective and subjective metrics
to calculate the part complexity, but do not explain how they developed
this equation. For the subjective assessments, they use the Likert scale
ranging from 1 (very simple) to 5 (very complex). They demonstrate the
usefulness of their combined complexity metric with a case study, analyzing
26 polymer components, and selecting either Selective Laser Sintering or
Injection Molding as production technologies. To select the production
technology, they also consider production volumes (part repetition) and cost
per part.

3.2.1.2 Production Optimization

In their work, Lohtander and Varis [2008] concentrate on the
manufacturability of large sheet metal parts, focusing on size and dimension.
They aim to streamline the production processes of an assembly, making its
production less time-consuming and costly.

The authors of Qamar et al. [2019] want to quantify the shape complexity
in metal extrusion to determine the optimal set of production parameters,
e.g. the extrusion pressure, to improve the production processes, minimize
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product defects, and maximize the production efficiency. They state that the
complexity also influences the durability of the tools, energy consumption,
production cost, and more [QAMAR ET AL., 2019]. They state that they need
a complexity definition considering both the prediction of tool durability and
the determination of extrusion pressure. In addition, they research the domain
metal extrusion, where the quality of metal extrusion is mainly affected by
shape complexity, which influences the production process and parameter
selection [QAMAR ET AL., 2019]. They could not find a statement defining
extrusion complexity, but that the complexity represents the production
difficulty, depending on the geometrical features of the die profile.

Lam et al. [2007] state that material cost makes up the majority of overall
production cost. They want to optimize the nesting of geometries on the
metal sheet to maximize the use of material by using the Minkowski sum
evaluation. The authors of Lam et al. [2007] discovered that parts having the
Minkowski sum inner loop offer a great material use potential.

Joshi and Ravi [2010] agree that a high complexity implies quality defects,
higher cost, and reduced productivity.

In Ben Amor et al. [2022], they state that similar to traditional
manufacturing processes, the geometrical complexity also increases the
manufacturing time and cost for additional manufacturing processes.

3.2.2 Importance of Complexity in the Context of
Manufacturing

When dealing with the phenomenon of complexity, one quickly realizes that
there is a lack of a universally valid definition of complexity that would
be accepted across disciplines [SuH, 2005; ELMARAGHY ET AL., 2012].
Nonetheless, many agree that the relevance of complexity, in general, is
significant, and different perspectives on complexity and its role have been
analyzed, as this section lays down. To the best of our knowledge, no widely
accepted separation between the different perspectives on part complexity
has been established.

Methodologies for the evaluation of technological complexity have been
researched since the 1980s and have evolved from index complexities
calculated by mathematical programs towards questionnaire-based subjective
assessments of complexity as well as more objective assessments that rely on
system data [GRECO ET AL., 2022].

According to Suh [2005], the importance of complexity has increased
in both science and engineering. While almost all disciplines—e.g. natural
science, social science, and engineering—deal with complexity, each discipline
defines complexity individually in lack of a universal definition [SuH, 2005;
ELMARAGHY ET AL., 2012], since different complexity definitions serve
different purposes: While Qamar et al. [2019] aims to define complexity for
the domain of metal extrusion to optimize the production process to increase
both process efficiency and product quality, Suh [2005] see the aim of defining
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complexity in predicting the behavior of natural systems and enabling a
complexity reduction, e.g. aiming to decrease development cost. The authors
of Greco et al. [2022] believe that so far, no individual metric is suitable for the
description of part complexity. They believe that “a weighted combination of
these metrics could provide more comprehensive results than those provided
by individual metrics” (p. 5). At the same time, the authors of Brinkhoff
et al. [1995] suggest that using too many parameters may limit the intuitive
understanding of the calculation. Specifically for engineered systems, Suh
[2005] assumes that their complexity will increase in the future due to the
rising number of requirements these engineered systems shall fulfill.

A complexity reduction is—in contrast to the assumed increase
in complexity—associated with benefits such as more reliability and
performance improvement [SUH, 2005] as well as less cost of development
and operation [SUH, 2005; VALENTAN ET AL., 2011]. The authors of Suh
[2005] compare complexity observing physical things—where the complexity
increases with the number of parts involved—with a functional perspective.
For Suh [2005], complexity represents how certain the achievement of a
functional requirement is.

The authors of Suh [2005] further differentiate between time-independent
real complexity, time-independent imaginary complexity, time-dependent
combinatorial complexity, and time-dependent periodic complexity.
Time-dependent complexity means complexity that has parameters
that change over time, while parameters of time-independent complexity
remain the same. Combinatorial complexity means an increasing complexity
over time due to uncertainties regarding the future outcome. With periodical
complexity, they mean the complexity of systems that renew themselves
over periods of time.

The authors of Qamar et al. [2019] differentiate between three approaches
to define part complexity for the domain of metal extrusion:

1. Group similarly complex parts together: E.g. differentiating between solid
(least complex), hollow (maximum complex), and semi-hollow (medium
complex) extrusion shapes, where the extrusion difficulty increases with
complexity.

2. Develop an equation combining complexity with extrusion pressure,
many researchers relate the extrusion pressure with complexity in metal
extrusion.

3. Define complexity based on tool wear: The higher the complexity, the
earlier the tool fails due to wear.

The authors of Greco et al. [2022] view the aspects of design,
manufacturing, and assembly as fundamental for complexity in the context
of engineering.

The authors of ElMaraghy et al. [2012] state that the complexity of
manufacturing processes is influenced by the complexity of the parts to
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be manufactured, the assembly complexity, and product variety without
detailing part complexity.

3.2.3 Part Complexity as Manufacturability Indicator

This subsection sheds light on part complexity when being understood as
a manufacturability indicator, starting with part complexity definitions in
the literature, feature-based assessment of part complexity known in the
literature in general, and features used at our industry example TRUMPF
to describe parts.

3.2.3.1 Definitions of Part Complexity in the Literature

Sources
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Table 3.2: Part Complexity (PC) in Literature.

The results of the research on the sheet metal part complexity in literature
are visualized in Table 3.2. Sheet metal part complexity is mentioned without
being explained any further in Buff et al. [2013]; Claus et al. [2021]; Salunkhe
et al. [2015]; Kumar et al. [2017]; Lam et al. [2007]. The authors of Esener
et al. [2021] provide a rough definition of complex surfaces as “surfaces
that do not represent a classical geometry (circle, arc, etc.)” (p. 416), while
the authors of Turco and Maggioni [2020] state that complex products are
characterized by being rare. These definitions seem insufficient to assess the
sheet metal part complexity.

The influence of the sheet metal part’s manufacturability is brought up
in Schuh et al. [2019] by stating that complex geometries are difficult for
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production with conventional stamping. Other authors seem to agree with
the perspective of complexity as an indicator of manufacturability [KUMAR
ET AL., 2017; LOHTANDER ET AL., 2007; LOHTANDER AND VARIS, 2008,
2007; SCHUH ET AL., 2019; QAMAR ET AL., 2019; JosHI AND Ravi, 2010].
One needs to remember that three of these eight papers stem from the same
research group, namely Lohtander et al. [2007]; Lohtander and Varis [2007,
2008].

3.2.3.2 Feature-Based Assessment of Part Complexity Known in
Literature

Other researchers go into more detail regarding the geometrical
characteristics making certain parts hard to manufacture and hence,
increasing their complexity, as summarized in Table 3.3. While the majority
of the papers deal with (3D) CAD data, mainly with an industrial context,
we also found one paper illustrating complexity characteristics on islands
[BRINKHOFF ET AL., 1995], and one construction use case [LIU ET AL.,
2022].

In their study, Kumar et al. [2017] developed a system for automatic
feature extraction of sheet metal CAD files since none of the approaches
they identified in the literature provided the required level of detail. In
Radvar-Esfahlan and Tahan [2014], they extract geometrical features, such
as holes and edges, aiming to generate a triangle mesh of the geometries’
surface.

According to Greco et al. [2022], the entrappedness of a polygon
represents its shape complexity without further specifying how they define
entrappedness. Brinkhoff et al. [1995] illustrate the complexity of shapes
using map data in the form of differently shaped islands and use attributes
such as the deviation from the convex hull, the number of notches, the
so-called amplitude of the vibration, and the overall complexity. Their overall
complexity is a combination of the weighted attributes above in one measure,
aiming to enable the classification of the islands on a uniform scale.

The authors of Camba et al. [2019] elaborate on the complexity of
CAD models instead of the geometries, e.g. further considering the internal
structure of CAD files. They also state that the geometry complexity
influences the CAD complexity. They analyze a database containing 370 CAD
regarding their geometry features

models and analyze them—among others
as indicated in Table 3.3.

As stated in Joshi and Ravi [2010], the “shape complexity of a part is
usually described in qualitative terms like low, medium, high, and very high”
(p- 685). They analyze the complexity of a casting process with the use case
design for manufacturability. They want to identify drivers for high costs
within the geometries to alter the responsible geometrical features as early in
the design process as possible to lower the cost. First, they give an overview
of complexity factors that combine geometrical characteristics and tooling or
process design for casting. Following, they identified the features number of
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No. of faces Industry / 3D CAD [ J [ J
No. of vertices Industry / 3D CAD [ J
No. of edges Industry / 3D CAD [ ]
Volume Industry / 3D CAD o [ J
Surface Area Industry / 3D CAD [ J [ J
Volume/area ratio Industry / 3D CAD [ J
Volume ratio Industry / 3D CAD [ J [ J
Cube ratio Industry / 3D CAD [ J
Sphere ratio Industry / 3D CAD [ J [ J
Holes CAD data [ J
Edges CAD data [ J
Length 3D CAD data [ J
Width 3D CAD data L]
Height 3D CAD data [ J
Volume of bounding box 3D CAD data [ J
Volume of part 3D CAD data [ ]
Surface area of part 3D CAD data [ J
Radius of imag. sphere of equal vol. 3D CAD data [ ]
Surface area of imag. sphere 3D CAD data [ J
Area ratio 3D CAD data L] L]
Number of cores 3D CAD data [ J [ J
Total core volume 3D CAD data [ J
Minimum thickness 3D CAD data o0
Maximum thickness 3D CAD data LB
Thickness ratio 3D CAD data [ J
Draw distance 3D CAD data [ J
Machining cost of tube 3D CAD data [ ]
Actual tool machining cost 3D CAD data [ J
Convexity 3D CAD data [ J
Surface-to-volume ratio construction [ J
Number of openings construction [ J
Reinforcement ratio construction [ J
Number of embedded parts construction [ J
Amount of exposed rebar construction [ J
Number of triangles Industry / 3D CAD [ J

Table 3.3: Geometry
Literature.

Characteristics Indicating Part Complexity in
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cores, volume and surface area of the part, core volume, section thickness,
and draw distance as the main contributors to the costs, all of which can
be derived from the CAD model of the parts. Cores enable the molding of
parts with hollow portions and represent the inner hollow space of molding
parts. The more cores a part has, the more tooling is required, increasing
production costs. The section thickness is the thickness of the section of a
part that is being analyzed. The draw distance is the tooling’s maximum
depth. In the view of Joshi and Ravi [2010], equations for the calculations
for each criterion for the complexity should be defined such that they return
values between 0 (low complexity) and 1 (high complexity). Moreover, they
define the actual complexity “as the ratio of the additional cost of machining
[...] to the cost of machining a cube of differential volume” (p. 690). They
put their approach into practice, using 40 CAD data files from a tooling
manufacturing company. They accessed the cost data from the senior tool
maker, covering a period of two years and ignoring inflation. To derive the
weights for their six criteria, they perform a multiple regression analysis. In
the evaluation of their equation, they calculate the complexity of not yet
considered parts, reaching an accuracy of 97.7 %, satisfying their accuracy
requirement of at least 95 %.

The authors of Chougule and Ravi* [2005] aim to assess the
manufacturability of castings to optimize production planning. The shape
complexity is important for process planning and is being quantified based
on the geometrical parameters of the casting model: The area and the number
of cores. They define shape complexity as the sum of the weighted area ratio
and the weighted number of cores. For calculated shape complexity values
below zero, they manually set negative values to zero. Furthermore, they
consider other geometrical features like maximum casting size, casting weight,
minimum and maximum section thickness, and minimum and maximum
core size. In addition to the geometrical features, they further consider
attributes regarding the quality like dimensional tolerance, surface finish,
and maximum void size, and attributes regarding the production like order
quantity, production rate, sample lead time, and production lead time. They
derived these characteristics from interviews with casting engineers, product
designers, and purchase managers. They determined the weights of the
parameters of the calculation using the analytic hierarchy process (Analytical
hierarchy process (AHP)). To do so, they created a hierarchical structure of
the problem to assess the priorities of the attributes relative to each other,
evaluated the consistency of the relative priorities, and calculated the weights
based on the verified relative priorities of the attributes. Moreover, they
demonstrate their framework on an industrial example.

The authors of Liu et al. [2022] analyze production efficiency—consisting of
structural complexity comparable to part complexity, production complexity,
and management complexity—on the example of China’s offsite construction
industry. The structural complexity covers surface-to-volume ratio, number
of openings (holes), reinforcement ratio (hinting at production time), number
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of embedded parts, and weight of exposed rebar (hinting at the structural
complexity of the products). In addition to the literature research, the authors
of Liu et al. [2022] conduct a field search, visiting three factories to observe
the production processes and to semi-structured interview experts. To verify
the impact of the complexity features and the production efficiency, they
let 182 experts from the factories and researchers rank their influence, using
the Likert Scale from 1 (no influence) to 5 (significant influence). They
verified the reliability and validity of the ranking results using Cronbach’s
alpha test, Kaiser-Meyer-Olkin test, and Bartlett’s test. They could confirm
their hypotheses of a negative effect of structural complexity on production
efficiency with a p-test.

Bodein et al. [2014] assess the complexity of a part for CAD modeling by
the number of surfaces. They let CAD trainers assess the complexity of ten
parts, resulting in a part being considered complex when it has more than 250
surfaces. They state that their definition could be refined by taking further
characteristics into account, such as the size of the surfaces or the ratio of
planar and non-planar surfaces.

Valentan et al. [2011] work with experts to assess the part complexity
and observe a relation between the number of triangles of a geometry and
its complexity: The more triangles a geometry has, the more complex it is.
They further define that when the geometry decreases in size, the complexity
increases. They calculate complexity as the ratio of the product of the surface
and the number of triangles, and the volume.

In Contero et al. [2023], they aim to rank CAD models according to their
modeling complexity to quantify the quality of the modeling process. They
asked five experts for a pair-wise comparison of 95 different CAD models
that were randomly chosen from a database. They also provide a literature
overview of previously used geometrical characteristics in the literature,
similar to Table 3.3.

3.2.3.3 Features Used at TRUMPF

To describe our two-dimensional geometries, we calculate geometrical
features, following the list from Table 3.3. We use the geometrical features
already established at TRUMPF since they seem to be suitable for our
domain of sheet metal processing. These features are presented in Table 3.4.

We calculated the dimension of the part in the x- and y-direction, the
area of the part including the inner contours, called the part area, and the
area of the part excluding the inner contours, called area outer contour.
Furthermore, we calculate the circumference of the part. The cutting degree
is the sum of all inner contour areas divided by the area of the outer contour.
The antipodal distance is the longest distance within the part. The part’s
cutting length covers the inner and outer contours. We also calculated the
number of inner contours, if the centroid of the part lies within the part or
not, the convex hull area, and the circumference. Moreover, we calculated
the area and circumference of a circle covering the geometry as well as the
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Number Feature

1 Area of the part including inner contours

2 Length of the outer contour of the part

3 Cutting degree: Sum of all inner contour areas divided by the area of

the outer contour

1 Area of the part’s convex hull

5 Length of the part’s bounding box in x-dimension

6 Length of the part’s bounding box in y-dimension

7 Antipodal distance: Maximum straight dimension of the part

8 Contour length of the part’s convex hull

9 Circumference of an adapted circle

10 Area of an adapted circle

11 Ratio of contour length of the outer contour and the circumference of

an adapted circle

12 Contour length of the part

13 Amount of inner contours

14 Part area ignoring inner contours

15 Area ignoring inner contours of the part normalized by the area of the

bounding box

16 Ratio of the area of the convex hull and the part’s area, including inner
contours

17 Ratio of the part’s circumference and the circumference of the convex
hull

18 Information if the centroid of the part lies on its part area or not

19 Perimeter of part outer contour divided by perimeter of bounding box

20 Length of x-axis for the rotated part polygon’s minimum rectangle

21 Length of y-axis for the rotated part polygon’s minimum rectangle

Table 3.4: Geometry features used at TRUMPF.

bounding box, which is the area of a rectangle covering the part. Furthermore,
we calculated the ratio of the area of the bounding box and the part’s area,
excluding inner contours, as well as the ratio of the area of the convex hull
and the part’s area, including inner contours. In addition, we calculated the
ratio of the part’s circumference and the circumference of the convex hull.
We provided the ratio of the part’s circumference and the circumference of
the circle covering the geometry.

Compared to the literature, we used the features of the area [CAMBA
ET AL., 2019; VALENTAN ET AL., 2011; JOsHI AND RaAv1, 2010], the inner
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contours [RADVAR-ESFAHLAN AND TAHAN, 2014; L1U ET AL., 2022|, and
the length and width [JosHI AND RaAvi, 2010]. The authors of Joshi and
Ravi [2010]; Chougule and Ravi* [2005] also used area ratios.

3.2.4 Literature Evaluation: Part Complexity

The literature agrees that complexity, in general, plays an important role in
the context of manufacturing and is utilized for use cases such as production
technology selection [GRECO ET AL., 2022; VALENTAN ET AL., 2011;
ELMARAGHY ET AL., 2012; LOHTANDER ET AL., 2007; LOHTANDER AND
VARI1S, 2007] or production optimization [LOHTANDER AND VARIS, 2008;
QAMAR ET AL., 2019; LAM ET AL., 2007; JosHI AND Ravi, 2010], but
is also associated as helpful for cost reduction [SuH, 2005; VALENTAN
ET AL., 2011]. Since the use cases for complexity are manifold across the
disciplines, so far, no universal complexity definition exists [SUH, 2005;
ELMARAGHY ET AL., 2012], and the (co-)existing complexity definitions
[QAMAR ET AL., 2019; ELMARAGHY ET AL., 2012] are tailored for specific
use cases. The definitions of part complexity in the literature seem rather
vague and insufficient for the sheet metal part complexity. However, the
literature agrees that part complexity reflects a part’s manufacturability
[KUMAR ET AL., 2017; SCHUH ET AL., 2019; LOHTANDER ET AL., 2007;
LOHTANDER AND VARIS, 2007, 2008; QAMAR ET AL., 2019; JOSHI AND
RaAvi, 2010]. Furthermore, we found papers going into more detail on
which characteristics of a part influence its manufacturability and hence,
its complexity [GRECO ET AL., 2022; BRINKHOFF ET AL., 1995; CAMBA
ET AL., 2019; RADVAR-ESFAHLAN AND TAHAN, 2014; JOSHI AND RAvI,
2010; LIAN ET AL., 2012; CHOUGULE AND RAvVI*, 2005; LIU ET AL., 2022;
BODEIN ET AL., 2014; VALENTAN ET AL., 2011]. These papers additionally
consider expert knowledge collected via interviews or manual labeling.

The literature could not provide an approach for the assessment of
part complexity specifically tailored to the needs of sheet metal processing
that seems sophisticated enough for our endeavor. However, the literature
provided examples of how other researchers assessed the part complexity
that seems worth following, such as purpose-specific definitions, e.g. for the
definition of production process parameters, the reflection of part complexity
as its manufacturability, and the linkage between a part’s manufacturability
and its geometrical characteristics. In the following section, we want to fill this
research gap and develop a methodology for the assessment of part complexity
using the example of sheet metal processing.



Chapter 4

Assessing Sheet Metal Part
Complexity

This Section extends Tjaden et al. [2024] and aims to answer the first research
question of this thesis: ”How can we determine part complexity in sheet metal
processing?”

First, we derive a definition of part complexity in sheet metal processing
from the literature in Subsection 4.1. Building on this definition, we
develop a methodology for the assessment of sheet metal part complexity in
Subsection 4.2, followed by its implementation in practice in Subsection 4.3,
using an exemplary production unit of TRUMPF. Ths production unit
manufactures 2D sheet metal parts. Subsection 4.4 presents the discussion
and critical reflection of our research approach, while Subsection 4.5 concludes
this section with the summary of the first interim result.

4.1 Deriving a Definition for Sheet Metal Part
Complexity

For deriving our definition of sheet metal part complexity, we follow the
results of the literature review in Table 3.2 from Subsection 3.2, especially
the authors of Kumar et al. [2017]; Schuh et al. [2019]; Lohtander et al.
[2007]; Lohtander and Varis [2007, 2008]; Qamar et al. [2019]; Joshi and Ravi
[2010]. The authors named above agree that the part’s manufacturability is
an indicator of the part’s complexity. We conclude that the more complex
a geometry is, the harder it is to manufacture. Since the part complexity
reflects the manufacturability, the part complexity will change when the
manufacturing process is changed.

Based on part complexity as a manufacturability indicator that depends
on the manufacturing process, we derive the following definition:

We define sheet metal part complexity as the degree of manufacturability
for each geometry and corresponding process step. The harder a geometry is
to manufacture, the more complex the geometry is. Moreover, the sheet metal
part complexity will underly change, as the manufacturability may change
over time, e.g. due to changes in the production process.

35
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In the following, we develop a methodology to assess the Sheet Metal Part
Complexity.

4.2 Developing the Methodology for Sheet
Metal Part Complexity Assessment

In this section, we describe the development process of our methodology for
assessing the complexity of sheet metal parts. First, we explain the general
developmental process. Subsequently, we chose a survey as our research
method to utilize domain specialists’ expertise, determined the number of
geometries, selected participants for our survey, explained the evaluation
mechanism, distinguished our contributions, and compared them to the
literature.

4.2.1 Developing the research design

According to Mackenzie and Knipe [2006], researchers use the terms method
and methodology interchangeably, while most definitions view methodology
as the overall research approach and method as procedures or tools utilized
to collect and analyze data. In our understanding of the term methodology,
we follow Mackenzie and Knipe [2006], and propose a methodology for the
assessment of part complexity that combines several established research
methods.

The development process of our sheet metal part complexity assessment
methodology is visualized in Figure 4.1. First, we decided on a mixed-methods
approach that combines both empirical and qualitative research elements.
Subsequently, we conducted an individual depth interview, investigating
geometry characteristics that influence complexity, and decided to collect the
data through an online survey. Both the development of the online survey tool
and the decisions on experiment parameters underwent feedback loops from
both scientific and industry perspectives. Before the final data collection, we
conducted a pilot test and incorporated the findings into the online survey
tool and the decision on parameters.

Based on our definition of part complexity, which links the complexity of
parts to their manufacturability, we want to explore which parts are more
difficult to manufacture and why. The data for such an endeavor is missing
today, as there is, to the best of our knowledge, no database consisting
of both geometries and their characteristics as well as feedback from their
manufacturing. Hence, we rely on asking experts.

4.2.2 A Survey for Assessing Sheet Metal Part
Complexity
Surveys are highly structured interviews that aim to collect comparable

data to identify similarities and dissimilarities [COOPER AND SCHINDLER,
2003]. The most important advantages of surveys are their versatility for



4.2. DEVELOPING THE METHODOLOGY 37

Scientific feedback Practice feedback
loop with doctoral loop with industry
lid. experts

Mixed-Methods-
Approach:
Combination of
empirical and
ualitative research

Individual depth
analysis

—-[ Development of online survey tool ]—

o [

Decision on experiment parameters:
Number of geometries
Number of recurming geomelrics
*  Experts and arcas
.

Data
collection

Decision for data
collection method:
Online survey

v

| ]

/(i\:omclry data set creation: N
« Random probabilit ling of 80 geometries
*  Manual alteration of sclected geometrics to
L protect intellectual property
¢ Check alignment with results of individual
depth analysis
Random seleetion of 10 repeating greometrics
For evalution

Fig. 4.1: Development of the part complexity assessment. Own visualization.

data collection and that by asking the right questions, conclusions can be
drawn much faster than by making observations [COOPER AND SCHINDLER,
2003].

A sub-form of surveys are computer-delivered self-administered
questionnaires, also called Computer-Assisted Self-Interview (CASI)s
[COOPER AND SCHINDLER, 2003]. Computer-assisted self-interviews enable
considering participants regardless of their geographic region [COOPER AND
SCHINDLER, 2003]. CASIs offer advantages such as giving participants
time for their answers, and using visualizations in the interview process
[COOPER AND SCHINDLER, 2003]. Despite their versatility, surveys, in
general, are prone to errors of (a) measurement questions and survey
instruments, (b) interviewer with sampling, data entry, and process errors,
and (c) participants Cooper and Schindler [2003]. Further disadvantages
of CASIs include not being able to provide further information during the
interview process or to directly clarify questions, and that they should be
short in length [COOPER AND SCHINDLER, 2003]. The authors of Cooper
and Schindler [2003] present a 10-minute maximum length as the rule of
thumb for computer-delivered self-administered surveys.

We want to address the possible risks and disadvantages in our
computer-delivered self-administered surveys for the labeling of geometry
complexity—mnamely the risk of incompletion of the participants or
misunderstanding of the task—by one-on-one meetings with each participant
to educate them on the goal of the survey as well as their importance before
the survey itself starts. To save time, we will not conduct these meetings
with each participant individually, but organize meetings for teams, where
possible. An example is a slot for the representation of the labeling in a
regular meeting of the team, such as daily or weekly organizational meetings.
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To conduct our surveys, we develop a labeling tool to be able to operate
independently from the participants’ schedule and their locations. Another
advantage of this labeling tool is that errors stemming from the presence of
the interviewer or other survey participants are highly unlikely to occur since
there will be no interaction between the interviewer and the participants
during the labeling, making our survey a self-administered survey in contrast
to a telephone survey or a survey via a personal interview, according to
[COOPER AND SCHINDLER, 2003]. Since we will distribute our labeling
tool via the Internet, we can cover a larger geographic area, including
employees on different sites. Furthermore, we will check for inconsistency
in the participants’ answers by repeating a subset of geometries, and the
participants will be allowed to interrupt the survey after each geometry to
cater to their roles in the organization. Ideally, approximately 40 experts
participate in the labeling.

4.2.2.1 General considerations for our survey

We aim to determine part complexity in sheet metal processing and identify
part characteristics that influence the part complexity. The material of the
part is not directly relevant to the research question, but plays a vital role in
evaluating the parts’ complexity nonetheless. While the material indirectly
influences a part’s complexity due to differing properties like the materials’
melting point, it provides no direct influence, which our research question
concentrates on. However, if we—in addition to the complexity labeling of
the geometries for each process step—ask the labeling participants to rate
the complexity stemming from the material and the sheet thickness, the
remaining answers may not be as precise as if we determine the material
and sheet thickness before the labeling due to several reasons:

e Decision fatigue: The quality of each decision declines with the number
of decisions to be made.

e Risk of dropping out: The more questions we ask, the longer it takes the
participants to complete the labeling, increasing the risk of participants
dropping out, and decreasing our expected database. Hence, it is likely
to increase the data quality if we ask only the necessary questions.

e Alignment with the research question: We want to identify part
characteristics influencing the part complexity. For a research question
targeting the influence of sheet thickness and material, other research
designs may be more suitable.

e Providing necessary information: If applicable, we want to provide
information about the geometries within our survey.

e Risk of confusion: If we ask the participant for part complexity,
complexity due to material, and complexity due to sheet thickness, it
is possible that participants first select the material and sheet thickness,
and then label the part complexity, while others may have a different
approach. This would interfere with congruent data collection. If we ask
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the participants in the first step for part complexity and in the second step
for complexity stemming from material and sheet thickness, we increase
the time required for the labeling and hence, the risk of dropping out.

e Risk of ambiguity: If we do not define the material and sheet thickness
before the labeling and leave it up to the participants to decide which
material and sheet thickness they are labeling, we put the quality of our
collected data at risk.

Due to the reasons named above regarding decision fatigue, risk of
dropping out, and risk of low data quality, we determined the material and
sheet thickness before conducting the survey. By choosing the most used
material for the exemplary production unit and the most used sheet thickness
for this material, we broaden the applicability of our results.

4.2.2.2 Determining the Scale Design

In our survey, we want to ask our participants a rating question ("How
complex do you think this geometry is?”), using a rating scale. According
to Cooper and Schindler [2003], ordinal scales are used for rating and usually
provide between 3 to 7 answer alternatives. Since we only want to measure the
parts’ complexity and no other characteristics, we will use a unidimensional
scale instead of a multidimensional scale. We will use a balanced scale that
provides an “equal number of categories above and below the midpoint”
[COOPER AND SCHINDLER, 2003] (p. 272). Still, we want to exclude the
possibility of the participants remaining neutral in their rating by excluding
the average score, making our scale a forced-choice rating scale instead
of an unforced-choice rating scale. Forced-choice rating scales inhibit the
risk of producing a bias when many participants want to select medium
complexity but are not given this opportunity [COOPER AND SCHINDLER,
2003]. However, we strongly assume that in our case, the majority if not all
participants will have an opinion on a part’s complexity, and from our point
of view, the risk of producing a bias is smaller than the risk of indecisive
participants. Hence, we decide between a Likert scale ranging from 1 to 5,
as Liu et al. [2022] and Greco et al. [2022] did, and 1 to 7 to provide a more
sophisticated distinction between different degrees of complexity. Since we
assume that a distinction between not complex (1), a little bit complex (2),
more complex (4), and highly complex (5), we choose a Likert scale ranging
from 1 to 5 without the average response option to not give too many options
to choose from and avoid participants choosing the middle option out of
decision fatigue. The scale is depicted in Figure 4.2.

By only providing this scale as an answer option, we designed our survey to
have structured responses, sometimes also named closed responses [COOPER
AND SCHINDLER, 2003].

To conclude, our scale is a multiple-choice, single-response scale so that
participants cannot answer with more than one value per question.
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Fig. 4.2: Part complexity labeling scale. Own visualization.

In addition to the scale rating of a part’s complexity for each production
process step, we will ask the participants to explain the selection of a certain
complexity. For their explanation, we could provide drop-down menus with an
additional free comment section. By providing a drop-down menu, we might
produce a bias in the participants’ responses, since it is less time-consuming
to select multiple answers in a drop-down menu than typing their answers.
Hence, we decided not to provide such a drop-down menu and just asked the
participants to explain each labeling in a mandatory text box.

4.2.2.3 Individual Depth Interview

Individual depth interview is the term for an interview with a person involved
in the problem to be analyzed [COOPER AND SCHINDLER, 2003]. Individual
depth interviews usually are rather conversational than structured and are
held by one interviewer and one interviewee [COOPER AND SCHINDLER,
2003]. According to Cooper and Schindler [2003], individual depth interviews
usually last a minimum of 20 minutes, while the total length depends on the
topic of the interview. Individual depth interview participants may receive
monetary compensation for their participation in the interview and may be
provided with informative material as preparation for the interview [COOPER
AND SCHINDLER, 2003]. A common use case for individual depth interviews
is the area of business research [COOPER AND SCHINDLER, 2003].

We aim to gain more information about the exemplary production unit
and geometrical characteristics that may influence the part complexity before
conducting our survey to ensure coverage of the most important geometrical
characteristics. The leading question of the individual depth interview is
which geometrical characteristics are typically hard to manufacture with
the exemplary production unit. The employees suitable for the individual
depth interview also qualify for participation in the labeling due to their
experience with the production unit. To avoid possible interference between
the individual depth interview and our survey, we conduct the individual
depth interview as early as possible to minimize the effects of the individual
depth interview on the survey results. Moreover, we want to minimize possible
interference between the individual depth interview and our survey results by
minimizing the participants of the individual depth interview. In consequence,
we start by conducting one individual depth interview with one employee.
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Further individual depth interviews will be conducted if the information from
the first individual depth interview is not sufficient to create the geometries
for the survey.

4.2.3 Determining the Number of Geometries for the
Survey

Ideally, we had ensured that the geometries selected for the labeling
represent the majority of sheet metal geometries of TRUMPF customers for
the exemplary production unit. Due to the large variety of sheet metal parts,
this was highly difficult to impossible. The definition of the sample size was
difficult since usual characteristics like the size of the target population or
the population parameters [COOPER AND SCHINDLER, 2003] were unknown:
Although we knew from how many geometries we drew our probability
sampling, in reality, an infinite amount of different sheet metal parts existed.
Hence, we used the previous research on the complexity from Section 3.2
as guidance: While Camba et al. [2019] used 370 geometries, Contero et al.
[2023] used 95, Joshi and Ravi [2010] used 40, and Bodein et al. [2014]
used 10. The two latter sample sizes seemed rather low, so we defined 80 as
our sample size. One needs to remember that we aim to satisfy two opposing
requirements with our geometry sampling size: On the one hand, the authors
of [COOPER AND SCHINDLER, 2003] defined 10 minutes as the maximum
length for a CASI, resulting in a limited number of geometries. On the other
hand, we want to repeat a subset of our geometries to assess our participants’
trustworthiness, increasing the number of geometries to be labeled and
consequently, the time required for the labeling. Additionally, we wanted
the number of geometries labeled to be sufficient to get statistically relevant
results. Hence, we randomly selected the desired number of geometries
from the database. For confidentiality reasons, we altered the geometries
based on the geometries from the probability sampling to align with
intellectual property and non-disclosure agreements by altering geometrical
characteristics. These alterations included changing the size of the length
in x- and y-direction, the number of inner contours, the size of the inner
contours, the location of the inner contours, by adding or subtracting
inner contours, by adding the general shape of the geometries, by adding
geometrical characteristics identified in the individual depth interview
like length and narrowness, and by deleting geometrical characteristics
that seemed identifiable like a specific arrangement of inner contours.
Afterward, we checked if the created data set abided by the minimum
and maximum part dimensions of the chosen production unit. Lastly, we
compared our geometries with the results from the individual depth interview
to ensure that our probability sample contains sufficiently diverse geometries.
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4.2.4 Part Complexity Labeling Participants

The labeling participants should be experts on the selected machine tool.
Hence, we will perform purposive sampling [COOPER AND SCHINDLER, 2003|
to select the labeling participants purposefully based on their expertise in
the sheet metal processing production processes. To ensure that a variety of
perspectives on complexity is covered, we want at least two people per area
to label the geometries, covering product management, development, remote
operation, and, if possible, customers:

1. The Product Management is responsible for the whole product. Hence,
we assume that product managers have a profound understanding of the
machine tool.

2. Since Development has developed the exemplary production unit
TruLaser Center 7030, we believe that they know exactly what the
strengths and weaknesses of the machine tool are.

3. The remote and machine operators work with the machine tool in their
everyday lives and know how the exemplary production unit behaves in
practice.

4.2.5 Evaluation Mechanisms in our Methodology

Before we implemented our labeling approach, we evaluated it with a pilot
test. Although such a pilot test should have 25 to 100 people according to
Cooper and Schindler [2003], we opt for a much smaller group size of one
pilot tester due to the few experts. The results of the pilot test focused on
having a drop-down menu for the sheet thickness, performance issues of the
labeling tool that we did not detect in the tests prior, and formulation of
questions.

We incorporate further mechanisms to evaluate the results of our data
collection. To not only collect one point in time, but over a period of time, we
perform a longitudinal study instead of a cross-sectional study [COOPER AND
SCHINDLER, 2003] by choosing a period of three weeks for the labeling. For
stability testing of our measurement, we perform a test-retest by repeating
a subset of geometries over time to learn if the experts rate the geometries
consistently, as discussed above. We want to repeat 10 geometries each week
so that the labeling participants label 23 new geometries and 10 repeating
geometries for their complexity.

4.2.6 Own Contributions and Comparison with
Literature

Figure 4.3 presents the components of our methodology and their origin. The
basis for our survey are the computer-assisted self-interviews, explained in
Cooper and Schindler [2003]. To better understand the chosen production
unit, we conducted an individual depth interview and used Cooper and
Schindler [2003] as a guideline. [COOPER AND SCHINDLER, 2003] also
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provided information about scale types and characteristics, which we used
to design the scale incorporated in our CASI interface. We incorporated the
other features in our survey: We decided to use mandatory text boxes in
addition to the scales to get more information about why the participants
chose the complexity for the given part. Based on our individual depth
interview results, we incorporated visualizations of the geometries and
visualizations of the most important geometrical characteristics, namely the
bounding box, the convex hull, and the centroid. Furthermore, we included
further geometrical characteristics like material and sheet thickness, the part
weight and area, the length and width of the bounding box, the ratios of the
part area to the bounding box area, the part area to the area of the convex
hull, and how the exemplary production unit can unload the part.

Components Own Contributions
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Cooper and Schindler, 2003 (e
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Fig. 4.3: Own contribution to the part complexity assessment methodology.
Own visualization.

We used the literature as an orientation for the number of geometries
used in the data set, in addition to the general considerations regarding
decision fatigue and the risk of participants dropping out of the survey. While
Bodein et al. [2014] and Joshi and Ravi [2010] used a rather little number of
geometries with 10 and 40 geometries, respectively, Contero et al. [2023] and
especially Camba et al. [2019] used a larger number of geometries with 95
and 370 geometries, respectively.

To evaluate our methodology, we employ industrial as well as scientific
feedback loops prior to conducting the survey to improve our methodology
further. In addition, we use a repeating subset of 10 geometries to be
labeled each week to be labeled each time by the participants. This way, we
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can analyze the participants’ labeling consistency over time and eliminate
inconsistent process step labelings to improve the quality of our dataset.

As a next step, we compare our methodology to the approaches in the
literature. The authors of Joshi and Ravi [2010] start their complexity
assessment by asking part designers and tool makers and derive important
features from this interaction, comparable to our individual depth interview.
In contrast to our scale from 1 to 5 without the middle option, they use a scale
from 0, indicating low complexity, to 5, indicating high complexity. Instead
of a survey, they compute the complexity based on the features derived
from their equivalent of the individual depth interview. For validation, they
perform their equation on parts that were not used in the regression analysis
they employed before.

In Contero et al. [2023], they aim to assess the complexity of CAD models
rather than parts and do not perform an individual depth interview but
rely on a literature review. They also perform a survey with five experts,
visualizing the models in the survey. Instead of a scale rating, they let the
experts chose which of two CAD models is more complex than the other.

The authors of Bodein et al. [2014] start with individual depth interviews
of 20 people. They have 10 people in their survey and analyze ten parts.
Their goal is to assess the complexity of CAD models based on design times.

In Camba et al. [2019], they also use an interface for users and analyze the
complexity of 370 CAD models but do not state how many users participated.

Since we compare the methodologies, we did not focus on similarities and
differences between the features used.

The differences between our methodology and the approaches
from the literature are manifold: While previous work also employs
computer-administered interviews [CAMBA ET AL., 2019; CONTERO
ET AL., 2023] and visualizations [CONTERO ET AL., 2023] or scales [JOSHI
AND Ravi, 2010], we did not find previous work utilizing mandatory text
boxes to explore the reasoning behind the chosen complexity. In addition, we
did not find previous work using a subset of repeating subset of geometries
to analyze the consistency over time, aiming to exclude results with high
deviations from further analysis.

4.3 Adapting the Methodology to the
TruLaser Center 7030

Based on the preliminary considerations of the research design presented
in Subsection 4.2, we developed a non-standardized qualitative-empirical
research approach for the labeling of sheet metal parts’ complexity, which is
characterized by the combination of methods such as surveys and subsequent
data analysis. We will employ this research approach in a case study at
TRUMPF, using the highly automated laser cutting machine TruLaser
Center 7030 as an example (see Subsection 2.4).
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In this subsection, we first explain the chosen production unit in detail.
Subsequently, we present our research approach, including the interface of
our labeling tool.

4.3.1 Individual Depth Interview

As explained in Subsection 4.2.2.3, we conducted an individual depth
interview to further explore the TruLaser Center 7030. We selected a remote
operator of the TruLaser Center 7030 for our first individual depth interview
to gain more information about which geometries to select for our labeling of
the sheet metal part complexity. These are the geometry characteristics that
influence the part complexity for the TruLaser Center 7030 resulting from
our individual depth interview:

Laser Cutting:

Small circular part

Small circular inner contours

Sheets thicker than 10 mm with many inner contours close together
Sheets thinner than 2 mm and big parts

Big inner contours

Part Handling with SortMaster Speed:

Sheet thickness thinner than 2 mm and big parts

Many inner contours

Small web width, web width smaller than the circumference of the
vacuum cups

Narrow parts longer than 2 m

?Crazy parts”

Coated sheets that decrease the electrical conductivity

Part Handling with SmartGate:

Snowflake-like, frayed outer contour
Bigger than 160 mm x 160 mm
Sheet thicker than 10 mm

Sheet thinner than 1 mm

We deem the results of the individual depth interview stated above
sufficient for creating the geometry data set for the survey. We do not conduct
a second individual depth interview.

4.3.2 Determining the Material and Sheet Thickness

We investigated the material of the sheets produced on machines of the type
TruLaser Center 7030 over the course of twelve months, from July 2022 to
August 2023, as presented in Table 4.1. Since mild steel is the most commonly
used material with a share of 66.2 %, we selected mild steel as the material
for the labeling.
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Count |Percentage|Material
180355 (66.2 % Mild steel

35441 |13 % Aluminum

31135 |11.4 % Stainless steel

12498 [4.59 %  |Hot-dip galvanized mild steel

8434 (3.1 % Electrogalvanized mild steel

2735 (1% Coated stainless steel
1068 (0.39 % Copper

452 0.17 % Oxidized mild steel
132 0.05 % Brass

Table 4.1: Material produced on TruLaser Center 7030 machines in the period
of 07/2022 to 08/2023

This way, our labeling results will apply to the majority of the produced
sheets. One needs to keep in mind that we can only analyze the material
of machines that are connected to TRUMPF and not of the machines of
the type TruLaser Center 7030 that do not send data. Moreover, we did
not investigate the material of the parts, but of the sheets that have been
produced on the connected TruLaser Center 7030. By doing so, we avoid a
bias in the data produced by a possibly higher number of small parts nested
on sheets in contrast to large parts. Moreover, the participants might answer
the complexity questions for the material and sheet thickness they selected,
making their answers non-comparable and would decrease the answers’
usability to answer the research question.

In addition to the material, we pre-determine the sheet thickness. Like
the material, the sheet thickness influences a part’s complexity. Exemplarily,
delicate inner contours are harder to cut in thicker material since the slag
might solidify in the kerf, hindering the cutting of the part. Moreover,
different materials may behave differently at the same sheet thicknesses.
Although these phenomena may be relevant for future production decisions,
we solely want to concentrate on geometrical features that influence the part
complexity. If we incorporate additional questions targeting the influence of
material and sheet thickness in our complexity assessment, we risk decision
fatigue, diminished quality of the responses, and a higher dropout rate due
to the increased time required for the labeling. Table 4.2 presents the sheet
thicknesses used for mild steel from July 2022 to August 2023.
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Sheet Thickness in mm |Share in %
1 10.1
1.3 0.7
1.5 14.66
2 12.68
2.5 5.31
3 17.9
3.5 2.94
4 14.08
4.5 7.28
5 4.48
6 2.1
6.35 3.68
7.87 2.67
8 0.76
10 0.49
12 0.12
12.7 0.02

Table 4.2: Sheet thicknesses of mild steel produced on TruLaser Center 7030
machines from 07/2022 to 08/2023.

The majority of the mild steel sheets have sheet thicknesses ranging
from 1 mm to 5 mm. Furthermore, 5.78 % of the sheets have a thickness
of 6 mm or 6.35 mm, while 3.43 % of the sheets have a sheet thickness of
around 8 mm. Only 0.49 % of the sheets have a thickness of 10 mm, and 0.14 %
of the sheets have a thickness of 12 mm or higher. The sheet thickness most
common in mild steel sheets is 3 mm with a share of 17.9 %. Hence, we
decided to use 3 mm mild steel sheets for our complexity labeling.

4.3.3 The Part Complexity Labeling Survey

In this subsection, we explain the structure of our labeling tool and present
the final supporting labeling tool for our computer-assisted self-interviews.
4.3.3.1 Folder structure

The folder structure of our labeling tool is depicted in Figure 4.4. The labeling
participants received the labeling tool, called GeoLabeler.exe, and the folder
called geometries. The geometries folder contains 33 to 34 geometries,
depending on the week of the labeling. Furthermore, this folder stores an
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Excel file that contains the user names of the participants. Lastly, the
geometries folder contains an Excel file with the pre-calculated geometrical
characteristics. Pre-calculating the geometrical characteristics improves the
performance of the labeling tool since less computational capacity is required.
The file GeoLabeler.exe contains the Python code for the labeling tool.

*  Geometries as .DXF

eometries ——————%» B .
9 *  Excel file with user login data
0 Geolabeler.exe *  Excel file with pre-calculated geometry characteristics
.idea
qtwidgets

« contourDetection.py

« feature_calculation.py

~ geoDiscretizer.py

@ helper.py
icon.png

@ main.py

= requirements.txt
trumpf_logo.png

= visualization_generation.py

» wcs_calculation.py

Fig. 4.4: Folder Structure of the Labeling Tool. Own visualization.

During the labeling, a log file is created and stored on the same level as
the GeoLabeler.exe and the geometries folder. In case of malfunctions, we can
use this log file to identify the root cause. Additionally, the resulting Excel
file containing the users’ labeling results is also stored here. After the users
have completed the labeling, the users send it back to us via e-mail.

4.3.3.2 CASI interface

To support the labeling, we developed a computer-assisted self-interview
(CASI) in the form of our labeling tool. We only show here the final version
of the labeling tool, in which we considered all the adjustments from the
industrial and scientific feedback loops as well as the recommendations from
the participants.

Figure 4.5 shows the welcome log-in screen of the labeling tool, where the
users log into the labeling tool with their user names.

The next figure, Figure 4.6, shows the labeling tool instructions the
users see every time they start the labeling tool. First, we thank them for
their participation and explain that they will label the geometry complexity
in terms of their manufacturability on the TruLaser Center 7030 for the
three process steps of laser cutting, part handling with the SortMaster
Speed, and part handling with the SmartGate. We explained this production
unit previously in Subsubsection 2.4. We explain that they will label 100
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Fig. 4.5: Log-In Screen of the Labeling Tool. Own visualization.

geometries over three weeks with the material of mild steel and a sheet
thickness of 3 mm, since this material and sheet thickness has been the most
used in the past year. We tell them that we will provide additional geometric
information in the labeling tool like the part area, width, and length, and ask
them to provide us with an explanation of why they labeled the way they
did. We remind them to contact us whenever they have further questions.

We gave the participants all this information previously in the meetings
where we asked them to participate. Despite the redundancy, we decided to
give them all this information again to minimize possible misunderstandings
that could negatively impact the labeling results.



50 CHAPTER 4. ASSESSING SHEET METAL PART COMPLEXITY

B Welcome! X

Hello user!

Thank you for labeling the complexity of geometries in terms of their manufacturability on the TruLaser
Center 7030 for the process steps of laser cutting, part handling with SortMaster Speed, and unloading with Smart Gate.

We will ask you to label 100 geometries over three weeks.

We chose mild steel (Baustahl) as the material and 3mm sheet thickness since this has been
the most used material and sheet thickness in the past year.

We provide additional information, such as the part area, width, and length.
Please label the complexity for each process step using the scale and provide a profound explanation for us
If you need further information, please do not hesitate to contact Greta Tjaden (greta tjaden@trumpf.com)

Thank you!

OK

Fig. 4.6: Welcome Interface of the Labeling Tool. Own visualization.

Subsequently, the participants are at the labeling tool interface, which is
depicted in Figure 4.7. The labeling participants label the complexity of each
geometry for each process step of the TruLaser Center 7030: Laser cutting,
part handling with the SortMaster Speed, and part handling with the Smart
Gate. As an example, we chose a geometry that is suitable for both part
handling with the SortMaster Speed and the Smart Gate. At the top, the
participants see how many geometries they have labeled out of the total
number of geometries. In this case, we see geometry number 26 of 33. Below,
the geometry is visualized with scales in both x- and y-direction to give
the participants the geometrical dimensions. The labeling participants can
additionally choose to visualize the part’s bounding box (red), its convex
hull (blue), and its centroid (green) for further information in the lower right
corner. These visualizations are also depicted in Figure 4.7. At the lower left
corner are the scales for the labeling of the complexity of the three process
steps. The scales from 1 (least complexity) to 5 (maximum complexity)
without 3 as the middle option, as explained in Subsubsection 4.2.2.2. On the
left side of the scales, the users document an explanation for their labeling.
These explanations are mandatory. Next to the explanation boxes and left
to the sliders for the visualization of the bounding box, the convex hull, and
the centroid is the table with the additional geometrical information:

Material mild steel

Sheet thickness 3 mm

Part weight in kg

Part area in cm?

The dimensions of the bounding box (red) in x- and y-dimensions
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e The ratio of the part area to the area of the bounding box (red)
e The ratio of the part area to the area of the convex hull (blue)
e The unload type: SortMaster Speed, Smart Gate, or both

When the participants have labeled each geometry and provided an
explanation for their labeling choices, they can go to the next geometry using
the Next button in the lower right corner. For practicality, we also included
a Save and Exit button. If the participants have to go back to their jobs
immediately, they can close the labeling tool this way and continue exactly
where they left off when they start the labeling again.

26/33
Lawns comng complesity Exphamaion for chossn compla ity level for lases cumng
-y — Watenal it 0l (Bastahl)
a2 4G = ST Saunng o QU
Part wesght g (20
Part Area [mer] 1061 Coner it Q)
Smart Gate ($6) complesity Explanation for chomen compinwty level for G Dounding Dex & y s 1485 x 110 7
1 Pt e oSt 0734 Cerwoe QU
T Y [ Pt s o chanea . 0308
Urkosd =

Sor Moo Spmed M) compinniy Exptension o chose complesy ve e $US [ - ]

——\— i (

Fig. 4.7: Interface of the Labeling Tool. Own visualization.

When the participants have labeled each geometry for the week, the closing
window from Figure 4.8 reminds them to send us the resulting Excel file.

B’ Labeling Completed X

Thank you for completing this week's labeling!

Please send the result excel file (your user name + “_features.xlsx”), saved in the

same folder as the application, to greta.tjaden@trumpf.com.
OK |

Fig. 4.8: The closing window of the labeling tool interface. Own visualization.
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4.3.4 Geometries for the Survey

To create the geometry data set for the labeling, we followed the approach
presented in Subsection 4.2.3.

4.3.4.1 Creating the Geometry Data Set for the Survey

We decided to use a geometry database of approximately 16,000 geometries of
one customer that was transferred to TRUMPF almost a decade ago. While
the timeliness and representativity of this database seem arguable, given that
it is rather old and only stems from one customer, the benefits due to the
lower risk of violation of non-disclosure agreement and intellectual property
outweigh by far.

We randomly select 80 geometries for the complexity labeling from the
selected database at TRUMPF, using random sampling. As mentioned
previously, we alter these geometries to comply with intellectual property and
non-disclosure agreements while distributing these geometries for labeling.
The aim was to later calculate the necessary geometrical features for the
labeling and to identify the linkage between geometrical features and part
complexity if given. The features are shown in Table 3.4 in Subsection 3.2.3.3.
We manually altered the geometries as described in Subsection 4.2.3

We randomly select the repeating subset of 10 geometries using the same
approach as for the 80 geometries. To avoid participants finding out about
the repeating subset, which may influence their labeling results, we checked
the 10 randomly selected geometries for memorable geometries. As the last
step, we switched out highly memorable geometries for less memorable ones.
The geometry data set has been published in Tjaden et al. [2024] and in
[TJADEN, 2024].

4.3.4.2 Explorative Data Analysis of Geometry Data Set

We want to give ourselves and the readers an overview of the resulting
geometry dataset with an explorative data analysis. We do not aim for
an exhaustive analysis but utilize features for this analysis that give a
good overview of the geometry dataset. The features partially align with
the features from Table 3.4 from Subsection 3.2.3.3 that are used later in
the analysis and were complemented with features mentioned in talks with
fellow researchers. As visualized in Figure 4.9, the majority of the geometries
is handled exclusively with the SortMaster Speed, which is 63 geometries
or 78.75 %. In contrast to this, 11 geometries or 13.75 % are exclusively
unloaded with the SmartGate, and 6 geometries or 7.5 % apply to both
unloading options. Figure 4.10 shows the length of the bounding boxes in the
x- and y-direction. We can observe many geometries having smaller lengths
and widths, while there are also some geometries having maximum lengths
and widths for our exemplary production unit.
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Analysis of part handling methods

53 Bounding box in x- and y-direction
= 1200 . .
£ . .
€ 1000
g
v .
§ 800 .
; . .
£ 600 -
- -
kd
% 400 o .
i T et .- . . .
. .
§ i . vt .
. . 3 .
HENIPS L34 * ne
s 0 250 SO0 750 1000 1250 1500 1750 2000
Bounding box length in x-direction mm)

sms_excl sg_excl bath

Fig. 4.10: Bounding box length
Fig. 4.9: Part handling methods. in x- and y-direction. Own
Own visualization. visualization.

Figure 4.11 shows that 59 geometries have inner contours, while 21
geometries do not. As we can see in Figure 4.12, the majority of the
geometries having inner contours have between 1 and 15 inner contours.
Some geometries have between 16 and 31 inner contours. In addition, two
geometries have 52 and 219 inner contours, which makes them the geometries
with an extraordinarily high amount of inner contours.

Analysis of inner contours Count of inner contours per geometry
59 21

Count

9
8
6
5 5
3 3 3 3 3
2 2 2 2 2
LLLL TP PRPPRLEY
0 v it e
a123 456739 26271 31 %2219

10171314 15 16 19 21

has_inner_contours no_inner_contours Amount of Innes contours
Fig. 4.11: Amount of geometries Fig. 4.12: Amount of inner
having inner contours. Own contours per geometry. Own
visualization. visualization.

In Figure 4.13, we see the boxplot of the area of the inner contours.
Although the majority of the area of the inner contours is rather small, we
have a significant number of outliers. Figure 4.14 visualizes the link between
the amount of inner contours and the cutting degree, which we defined as
the quotient of the sum of all inner contour areas and the area of the outer
contour. As we can see, there is no direct relation between the amount of
inner contours and the cutting degree.
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Fig. 4.13: Boxplot of the area
of the inner contours. Own
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Analysis of amount of inner contours depending on cutting degree
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The geometry depicted in Figure 4.15 with 1 large inner contour has the
highest cutting degree, while the geometry with 219 inner contours depicted
in Figure 4.16 has small inner contours, which leads to a rather small cutting

degree.

Fig. 4.15: Geometry with the
highest cutting degree. Own
visualization.
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As Figure 4.17 shows, the centroid lies on the geometry for the majority
of the geometries, with 62 geometries in contrast to 18 geometries where the
geometry does not lie on the part.

The next figure, Figure 4.18, shows the boxplot of the cutting length. We
can see that the cutting length is unevenly distributed, with the median below
2,500 mm, the majority of the parts having a cutting length below 10,000 mm,
and outliers having more than 25,000 mm cutting length.

Centroid on geometry? Boxplot of the geometric cutting length
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Fig. 4.17: Centroid on geometry. Own Fig. 4.18: Boxplot of the geometric
visualization. cutting length. Own visualization.

In contrast to the cutting length, the geometric area depicted in Figure 4.19
has many outliers, although the huge majority of the parts have an area under
0.25 m2. The smallest part has an area of 0.000314 m?2, while the biggest part
has an area of 1.69 m2. Figure 4.20 shows the link between the area of the
geometries and the cutting length. As expected, the greater the area of the
geometry is, the higher is also the cutting length. The majority of the parts
have a cutting length of under 10,000 mm at an area of under 0.25 m?. The
part with the highest cutting length also has the greatest area. However, we
cannot observe a proportional correlation between the area and the cutting
length. It can be assumed that this is due to more complex outer contours
or the presence of inner contours that impact the cutting length.
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Boxplot of the geometric area Analysis of cutting length depending on area
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Fig. 4.19: Boxplot of the geometric  Fig. 4.20: Scatterplot of the cutting
area. Own visualization. length depending on the area. Own
visualization.

Figure 4.21 shows the rectangularity with a bin width of 0.1. We calculated
the rectangularity as the ratio of the part area and the bounding box.

Approximately half of the geometries have a rectangularity ratio of 0.8 or
above.

Analysis of rectangularity, bin width: 0.1
3L

02 0.4 ne 08 10
Ratio of part area and bounding box area

Fig. 4.21: Analysis of the

rectangularity calculated as the Fig. 4.22: Geometry with a
ratio of part area and bounding rectangularity ratio of 1. Own

box area. Own visualization. visualization.



4.3. ADAPTING THE METHODOLOGY TO PRACTICE 57
As we can see in the Figures 4.22 and 4.23, these geometries are rectangular

or similar. Figure 4.24 shows a geometry with a rectangularity ratio of 0.386,
which does not resemble a similarity to a rectangular geometry.
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Fig. 4.23: Geometry with a Fig. 4.24: Geometry with a
rectangularity ratio of 0.827. Own rectangularity ratio of 0.386. Own
visualization. visualization.

The minimum ratio of rectangularity is 0.082 and depicted in Figure 4.28.
Figure 4.25 shows the distribution of the circularity with a bin width of 0.1.
We calculated the circularity as the ratio of the part area and the area of a
circle with the same circumference as the part. Figures 4.26 and 4.27 show
geometries that resemble a perfect circle or a high similarity to a circle,
respectively.

Analysis of circularity, bin width: 0.1
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Fig. 4.25: Analysis of the
circularity calculated as the
ratio of the part area and the

area of a circle with the same
circumference as the part. Own
visualization.

Fig. 4.26: Geometry with the
maximum circularity ratio of 1.
Own visualization.
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Figure 4.29 shows the analysis of the undercuts for our dataset, which
were calculated as the quotient of the circumference of the part and the
convex hull. This calculation method is not free of flaws since it does not
consider the criticality of the undercuts. For instance, a small undercut of
a large length would have a low ratio of the part circumference and convex
hull, although this undercut would make laser cutting more difficult due to
its narrowness, and the part would become unstable due to its length. Since
undercut caluclation is not the focus of our research, we decided to use this
calculation method despite its flaws. The majority of the parts has little to
no undercuts with a ratio of below 1.2. The maximum ratio of our dataset of
2.19 is achieved by the geometry shown in Figure 4.30. The lowest ratio of
undercuts is 1 and depicted in Figure 4.22.

Analysis of undercuts, bin width: 0.1
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Severity of undercuts

Fig. 4.29: Analysis of the

undercuts calculated as the Fig. 4.30: Geometry with the
ratio of part circumference and maximum undercut ratio of 2.19.

convex hull. Own visualization. Own visualization.
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4.3.5 Selecting the Participants

To accelerate the process, we conducted the introduction meetings with
the potential participants parallel to the development of the labeling tool.
The introduction meetings always followed the same procedure: First, we
presented ourselves and the dissertation project. Then, we presented the
current status of the labeling tool and explained it in detail. We gave an
overview of the labeling agenda with 100 geometries labeled in three sets
over the course of three weeks. Lastly, we asked if anybody had questions
for clarification, and who of the meeting members viewed him- or herself as
suitable for the labeling. Some said they were not qualified enough regarding
the chosen production unit to participate, and others said that they were
not able to participate due to private leave from work, like parent leave.
We considered suggestions made by the participants on how to improve the
labeling tool, where possible.

We asked participants from the areas of product management,
development, and remote and machine operation. In addition, we also
considered recommendations from colleagues and potential participants to
make the participants as diverse as possible to capture a holistic perspective
on part complexity for our exemplary production unit.

Area of Origin Number of Labeling Participants
Product Management|1
Development 3
Remote Operation 8

Machine Operation |13

Customer Center 9
Other 5
Sum 39

Table 4.3: Labeling Participants: Background and Results Analysis.

Table 4.3 indicates from which departments the participants stem:
Product Management, Development, Remote Operation, Machine Operation,
Customer Center, and Testing. Since the exemplary production unit has one
product manager, one product manager participated in the labeling. Of the 39
participants in total, three employees from the area of development who
developed our exemplary production units or parts of it volunteered for the
labeling. Eight remote operators operate on the TruLaser Center 7030 unit
remotely. The machine operators are the biggest group of volunteers, with 13
employees. The machine operators work with our exemplary production
unit in the production facilities at TRUMPF and for the customers. Nine
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employees working in TRUMPF’s customer center volunteered. The customer
center is a showroom for the production units, and customers can experience
the production units, ask questions, and produce exemplary parts on the
production units. Two employees of the customer center preferred labeling
the participants together. Five volunteers did not directly fit into any of the
previous areas. Hence, we sorted them as ” Other”.

Due to confidentiality reasons, we semi-anonymized the participants by
assigning a number to each participant, such as ”P28”. In Subsection 5.1,
we analyze if the participants completed the labeling, and out of those, who
passed the repetition test.

4.4 Discussion and Critical Reflection of the
Research Approach

Despite our high efforts, our research approach is not flawless. To make
our questions unambiguous, we predetermined the sheet thickness and
the material, which limits the applicability of our labeling results. To
evaluate the influence of both sheet thickness and material, further testing
is required. Moreover, we manually altered geometries to comply with
non-disclosure agreements and to protect intellectual property, which may
influence our labeling results. This may limit the representativity of our
labeling geometries, which are already limited by the fact that we chose 80
individual geometries for the labeling to balance the time bound by our
survey and the knowledge research. In addition, the geometries are influenced
by the results of the individual depth interview as a means to ensure a
broad variety of complexity-influencing part characteristics in our geometry
database for labeling. Moreover, we conducted the individual depth interview
with an expert for the exemplary production unit, who also participated in
the labeling. We tried to minimize this influence by scheduling the individual
depth interview six months before the start of the labeling.

To evaluate the participants’ labeling consistency and hence, the quality
of our labeling results, we installed the repetition test by repeating ten
geometries in each week of the labeling.

4.5 Interim Result: Assessing Sheet Metal
Part Complexity

This thesis’ first research question is "How can we determine part
complexity in sheet metal processing?”. Until now, we have derived our
definition of part complexity from the literature and adapted it to our domain
of sheet metal processing. Furthermore, we developed a mixed-methods
approach for the identification of part characteristics that influence part
complexity, filling the research gap of a methodology for the assessment of
part complexity that can be adapted to different use cases and industries.
During the development of our methodology, we conducted several feedback
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loops of both scientific and industrial nature, and a pilot test to ensure
a high quality. To allow for independent labeling and capture experts on
different sites, we opted for computer-assisted self-interviews, a category of
surveys. To further support these computer-assisted self-interviews, we built
an online tool to assist in the labeling. The labeling tool presents a picture
of the geometry as well as further information about its characteristics,
such as the area. Furthermore, the labeling tool employs a multiple-choice,
single-response, and forced-choice scale, similar to the Likert scales used in
the literature, for the rating of the part complexity. In addition, the labeling
tool provides a mandatory text box for the participants’ explanation of the
chosen complexity. To comply with non-disclosure agreements and protect
intellectual property, we manually altered 80 geometries for our labeling
database. To make our research design unambiguous, we pre-determined
the material to be mild steel and the sheet thickness to be 3 mm, as
this was the most produced material and of this material, the most
produced sheet thickness of our exemplary production unit during the 12
months before the labeling. We asked experts for our exemplary production
unit to participate in the labeling, stemming from the areas of product
management, development, remote operation, machine operation, and the
customer center. By adapting our methodology to our exemplary production
unit, TRUMPF’s TruLaser Center 7030, we demonstrated the methodology’s
transferability and applicability. To further evaluate our part complexity
assessment methodology and fully answer our first research question, we will
conduct it in Section 5.






Chapter 5

Part Characteristics Influencing Laser
Cutting and Part Handling
Complexity

This Section extends Tjaden et al. [2024]. First, we evaluate the dropout rate
and the repetition test in Subsection 5.1, followed by analyzing the labeled
complexities per process step in Subsection 5.2. Subsequently, we present
the creation and evaluation of the codebooks as well as the final version in
Subsection 5.3. In Subsection 5.4, we present the ten repeating geometries
in detail, including the labelings and codebook categories. In Subsection 5.5,
we try to transfer our labeling results to other geometries using regression
and classification algorithms. Afterward, we discuss our research approach in
Subsection 5.6, followed by the interim results in Subsection 5.7.

5.1 Labeling Completion and Repetition Test
Results

As shown in Figure 5.1, we initially started with 40 participants in the
labeling. Out of these 40 participants, half completed the first week.
Subsequently, four more participants dropped out, while 16 participants
completed the second week. 15 participants completed all three weeks of
the labeling, making up 37.5 % of the starting group. The dropout rate is
rather high with 62.5 % drop-outs and 37.5 % answers, despite the onboarding
meetings, explanation of the Why, voluntary participation, inquiry coming
from within the same organization, and reminders. However, the high dropout
rate aligns with the experience of Cooper and Schindler [2003]. According to
Wu et al. [2022], the average response rate for online surveys is 44.1 %,
ranging from 34 % to 48.3 %. With our response rate of 37.5 %, we lie on
the lower end of the expected response rate. The authors of Wu et al. [2022]
further refer to Fosnacht et al. [2017], who observed that surveys with rather
small sampling sizes need a response rate between 20 % and 25 % “to be
fairly confident in their survey estimates” (p. 2). Our response rate lies far
above this threshold. This indicates that the dropout rate does not diminish
the quality of our survey results.

63
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Fig. 5.1: Analysis of Completed Labeling Weeks

To allow for the evaluation of the consistency in the answers over time, we
analyze the results of the repetition test of the 16 participants who completed
a minimum of 2 weeks.

Ten geometries were randomly selected and repeatedly labeled each
week, as described in Subsection 4.2.5, to analyze the consistency of the
participants’ answers. First, the repeating geometries are analyzed for each
participant and process step. Unfortunately, we could not define limits of
deviation in the literature that are suitable for our repetition test. This is
why we defined the limits of deviation by ourselves: Deviation over time of 1
or no deviation is fine. This represents consistent labeling over the course
of three weeks for this geometry. Critical are deviations greater than 1.
Especially with our forced-choice scale design, where the middle value 3 is
not an option, this means that the participant switched between low and high
complexity. We defined 30 % as the critical limit of deviation: Below this limit,
the participants are further considered; above this limit, the participants
are excluded from further consideration for the affected process steps. The
process steps of laser cutting and part handling with the SortMaster Speed



5.1. LABELING COMPLETION AND REPETITION TEST RESULTS 65

were represented in the repeating geometries with 10 and 9 geometries,
respectively. However, we only have two repeating geometries for the process
step part handling with the SmartGate. Here, a critical deviation in one
of the two parts already leads to more than 30 % deviation, excluding the
participant from this process step. This results because the majority of the
geometries are applicable for part handling with the SortMaster Speed and
not with the SmartGate.

Figure 5.2 exemplarily shows the analysis of the repeating geometries for
participant P1 and the process step laser cutting. The repeating geometries
are named from A to J, while the numbers 0, 1, and 2 indicate the week of
the labeling. Geometry A_1 is repeating geometry A from the second week
of the labeling. For clearer visualization, each geometry has been assigned
a color. Participant P1 has shown a high consistency in labeling: Eight of
ten geometries have been labeled the same over the course of three weeks.
Geometry B has a little deviation since it has been labeled with complexity 2
in the first week and complexity 1 in the two subsequent weeks. There is only
one critical deviation for geometry C, which has been labeled with complexity
2 in the first week and complexity 4 in the two subsequent weeks. This results
in a 10 % critical deviation for the process step laser cutting, which lies below
the defined limit of 30 %. Hence, participant P1 passed the repetition test
for laser cutting, and his or her labeling results for this process step will be
considered in further analysis.
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Fig. 5.2: Analysis of repetition test for participant P1 for the process step
laser cutting. Own visualization.
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We followed the same procedure for all participants and process steps. The
resulting labeling deviations for all participants are visualized in Figure 5.3.
On the x-axis, we see the participants, while the y-axis indicates the critical
deviation. The process steps laser cutting, part handling with SortMaster
Speed, and part handling with SmartGate are abbreviated in the legend
with cutting, SortMaster Speed (SMS), and SmartGate (SG), respectively.
The limit in critical deviation of 30 % is highlighted with the red dotted line.
The three participants P4, P14, and P17 have labeled the geometries highly
consistent and without any critical deviation. The five participants P19, P23,
P27, P28, and P29 have labeled the geometries with critical deviation, but
without reaching the limit for any of the process steps. P37 is the only
participant who reached the limit of 30 % deviation for the process step
laser cutting, while P1 and P16 reached the limit for the process step part
handling with the SortMaster Speed. Participants P1 and P16 also reached
the limit for part handling with the SmartGate, together with the six other
participants P7, P12, P25, P30, P37, and P38. Concluding, one participant
will not be considered for the process step laser cutting, and two participants
will not be considered for the process step part handling with the SortMaster
Speed. Eight and hence, half of the participants will not be considered for
the process step part handling with the SmartGate. There is no participant
which we fully excluded from the analysis.
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Fig. 5.3: Analysis of repeating geometries. Own visualization.
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Due to the participants who dropped out, product management is not
covered anymore in the labeling. This result could easily be expected since
we only had one participant from this group. The area most participants
cover is machine operation, with the five participants P12, P14, P16, P17,
and P19 stemming from this area. Subsequent, we have the two areas remote
operation and customer center, with each area having three participants:
Participants P1, P4, and P7 belong to remote operation, while participants
P25, P37, and P38 belong to the customer center. Two participants, P23 and
P28, represent the area of development. It should be noted that participant
P28 consists of two people who only wanted to participate as a group, not
individually, as described in Subsection 4.3.5. For the three participants P27,
P29, and P30, we could not identify their area, and they belong to the group
?Other”.

5.2 Analysis of Complexity

This subsection presents the chosen part complexities for the three process
steps laser cutting, part handling with the SortMaster Speed, and part
handling with the SmartGate. We only consider the participants who
passed the repetition test for the respective process step. We analyze
the participants’ complexity labeling before the calculation of the average
complexity of each geometry.

5.2.1 Laser Cutting

Figure 5.4 shows the chosen laser cutting complexity of the participants.
With 1096 times, the majority of the complexity labelings were assigned
with the complexity value 1. The second most chosen complexity class is
complexity 2 with 344 labelings. Complexity class 4 was chosen 46 times,
and complexity class 5 was chosen 7 times.



68 CHAPTER 5. PART CHARACTERISTICS INFLUENCING COMPLEXITY

Distribution of chosen Laser Complexity
1069

Count

46

1 2 - 5
Chosen laser complexity

Fig. 5.4: Analysis of repetition test for participant P1 for the process step
laser cutting. Own visualization.

Overall, the geometries in our labeling dataset were perceived as low
complex with complexity values of 1 or 2, and only a few times, the
participants chose the higher complexity classes of 4 or 5.

5.2.2 Part Handling with the SortMaster Speed

The chosen complexity for part handling with the SortMaster Speed is
depicted in Figure 5.5. Since fewer participants passed the repetition test
for part handling with the SortMaster Speed than for laser cutting and not
every geometry was applicable for this part handling process, we see overall
fewer labelings than for laser cutting. Complexity 1 was chosen 620 times,
followed by complexity 2, which was chosen 314 times. Complexity 4 was
chosen 132 times, while complexity 5 was chosen 35 times.
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Distribution of chosen SMS Complexity

620

Count

1.0 2.0 4.0 5.0
Chosen SMS complexity

Fig. 5.5: Analysis of repetition test for participant P1 for the process step
laser cutting. Own visualization.

The complexity labeling for the process step of part handling with the
SortMaster Speed is imbalanced just like the complexity labeling for the
process step laser cutting, although the gap between complexity 1 and 2 is
not as severe as for laser cutting.

5.2.3 Part Handling with the SmartGate

Figure 5.6 presents the chosen complexities for the process step part handling
with the SmartGate. Since the majority of the geometries in our dataset
apply to this process step, we see the fewest labelings. While complexity 1
was chosen 135 times, complexity 2 was chosen 24 times. Complexity 4 was
chosen 5 times, and complexity 5 was chosen 4 times. Again, we can observe
an imbalance in the labeling, with a high gap between complexities 1 and 2.
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Distribution of chosen SG Complexity

135

Count
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1.0 2.0 4.0 5.0
Chosen SG complexity

Fig. 5.6: Analysis of repetition test for participant P1 for the process step
laser cutting. Own visualization.

5.2.4 Summary

We can see the most labelings for the process step laser cutting since each
geometry applies to this process step, and almost all participants passed the
repetition test for this process step. We can see an imbalance in the labelings
with the most geometries being labeled with complexity class 1 or 2.

5.3 Categorizing the Complexity Explanations
in a Codebook

This subsection presents the analysis of the explanations for the chosen
complexities given by the participants. First, we create the codebooks
containing the categorized explanations for each of the three process
steps, presented in Subsection 5.3.1. Subsequently, we evaluate the
codebooks, using both important characteristics of a codebook as well as a
third-party evaluation adapted to our research, explained in Subsection 5.3.2.
Concluding, Subsection 5.3.3 contains the resulting codebooks and analyzes
the occurrence of each item in the codebook for the three process steps.
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5.3.1 Creation of the Codebook

As described in Subsection 4.2, we provided text boxes in our online labeling
tool for the participants’ explanations of the chosen complexity. Both Doring
and Bortz [2016] and Cooper and Schindler [2003] present codebooks for
the analysis of text. Now, we analyze the participants’ explanations in
English and German. Naturally, the participants paraphrased the geometrical
characteristics differently. Therefore, we create categories and assign fitting
explanations to these categories. The categories used during coding are
documented in a codebook. The codebooks contain the coding rules for
assigning numbers or symbols to each variable used in the study and specify
when to apply these variables to minimize data entry errors. [COOPER AND
SCHINDLER, 2003].

We create the codebook’s categories while categorizing the participants’
explanations for the chosen part complexity for the process step. We define
the categories inductive [DORING AND BORTZ, 2016] out of the data: When
we encounter a reason for complexity, we assign it to a category. Then, we also
group other reasons fitting into this category, regardless of the language or
paraphrasing. To ensure the quality of our annotation, one researcher assigns
the categories, and another evaluates the annotation. The final codebooks
are shown in Table 5.4, Table 5.6, and Table 5.5.

To evaluate the codebooks, we follow the four requirements of Cooper
and Schindler [2003] (p. 383): Appropriateness, exhaustiveness, mutual
exclusivity, and single dimension. Appropriateness refers to data partitioning
and the availability of data for comparison. Cooper and Schindler [2003]
demonstrate the appropriateness with the example of age. Here, the data
editors may create age ranges to allow for better pattern recognition and
decide about the range size by using comparable age ranges, like the ones
used by TV companies for advertisement selling. Exhaustiveness describes
how researchers handle information received in an ”other” option they
provide in case they did not cover the entirety of answer possibilities in
their answer design. The ”other” responses can be handled by grouping the
”other” options into existing categories, if applicable, creating new categories,
ignoring "other” answers, or a combination. Mutual exclusivity means that
answers fit into one category, and one category only. To clarify, Cooper and
Schindler [2003] introduces the example of asking for a recipient’s job, and this
recipient has more than one job. A solution is to "add a second-occupation
field to the data set” so that each of the recipients’ jobs is categorized
individually. Single dimension refers to the need for a definition for each
category.

Appropriateness is hard to measure for our codebooks since we only have
qualitative explanations like ”inner contours” or "many inner contours” and
not quantitative explanations like ”four inner contours”, for which we might
have to introduce ranges as suggested by Cooper and Schindler [2003]. The
categories’ exhaustiveness is ensured during the creation of the codebooks:
If an explanation did not fit into the already created categories, we created
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new ones. We further specified the codebooks’ categories during the creations’
evaluation loops. Mutual exclusivity is also ensured during the creation of the
codebooks: We only created new categories if an explanation did not fit into
the existing ones. The definitions in the codebook fulfill the single dimension.

Since the codebooks fulfill the requirements after Cooper and Schindler
[2003], we continue with the third-party evaluation. The final codebooks will
be presented in Subsection 5.3.3.

5.3.2 Evaluation of the Codebook

After we created the codebook, we evaluate it. This subsection first
presents important characteristics of a codebook, followed by the third-party
evaluation of the three codebooks for the process steps laser cutting, part
handling with the SortMaster Speed, and part handling with the SmartGate.

To evaluate such a categorization, one usually checks the
inter-coder-reliability and the intra-coder-reliability [DORING AND
Borrz, 2016] p. 558. The inter-coder-reliability is determined with
two independently trained coders to evaluate a share of 10 % to 20 % of the
data material, and the similarity of the results of the two coders is checked.
Another reliability check is the intra-coder-reliability, where one coder codes
the same documents twice within a time interval.

Since we analyze responses in text boxes and not interviews or other
documents containing significantly more text, we adapted the codebook
evaluation procedure to our research. For the evaluation, we selected the
labeling results that had the most diverse categorized explanations. This
was Participant P25 and the first week. A researcher not related to our
research lab volunteered for our third-party evaluation. They did not have
prior experience in the categorization of text results. We gave the volunteer
the labeling results and the codebook. The volunteer categorized the first
labeling results of participant P25 again. To grasp the similarity at first
sight, we visualized the similarity using circles. A full circle means identical
categorization, a half circle indicates at least one identical category and an
empty circle means no similarity between the categorization. In the following,
we present the evaluation of the codebooks for the process steps of laser
cutting, part handling with the SortMaster Speed, and part handling with
the SmartGate.

5.3.2.1 Laser Cutting

Table 5.1 presents the evaluation of the codebook for the process step
laser cutting. The columns indicate the geometry, the categorization of
the volunteer, our categorization, the similarity, the chosen laser cutting
complexity abbreviated with LCC, and the explanation for the chosen
complexity by participant P25.
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File |values ST values P25 |Sim.|LCC|Explanation

1 inner inner contour| @ [2 Many inner contours
contour problematic that need to be
problematic unloaded.

2 inner inner contour| @ [2 Many cutouts.

contour problematic
problematic

3 inner inner contour| @ [2 Some cutouts but all in

contour problematic all normal contour
problematic

4 sheet heat O 2 Actually  easy  part

thickness problematic, with  long,  straight

problematic, undercut outer contours, but two

undercut undercuts are pretty
narrow compared to
sheet thickness - there
might be some heat,
but it’s still very well
feasible.

5 no issues no issues ® 1 Large, straight outer
contours.

6 no issues no issues [ JF Nice, straight outer
contours, also  with
radius.This makes the
cutting process easier as
well.

7 no issues no issues ® |1 Long, straight outer
contours.

8 no issues no issues [ JF Easy small part

9 no issues no issues ® 1 Easy to cut

10  |no issues no issues ® |1 Nothing complex

11  [no issues no issues ® 1 Easy to cut

12 |no issues no issues o1 Easy to cut

13 |undercut, notches O 1 Many undercuts, also

shape problematic, with sharp edges.
problematic undercut

14  [shape notches O |2 Sharp edges, there may

problematic problematic, occur pearls in the
heat turning point.
problematic

Continued on next page
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File |values ST values P25 |Sim.|LCC|Explanation
15 |no issues no issues ® 1 Easy to cut, but oblong
hole should be cut into
pieces, so it can be
ejected by SG.
16 |no issues no issues o1 Easy
17  |no issues no issues o1 not complex to cut,
part is very large. It
will take some time to
finish the part, because
some cutouts need to be
ejected by SMS, because
of their size.
18 [no detailed heat O |2 easy to cut, long straight
explanation problematic contour that is this thick
enough, so not too much
heat will occur here.
19 |no issues no issues [ JF Easy to cut
20 |shape notches O 1 Complex to cut, due
problematic, problematic, to undercuts with sharp
undercut undercut and narrow edges
21 |no detailed no detailed| @ |2 Good to cut
explanation explanation
22  |no issues no issues ® |1 Good to cut
23  |no issues no issues [ JF Easy to cut
24 |no issues no issues ® |1 Easy
25 |no issues no issues ® |1 Good to cut
26 |no issues no issues o1 Easy
27 |no issues no issues [ JF Easy
28 |no issues no issues o1 Easy, long contours
29 |no issues no issues ® |1 Easy, big contours
30 |shape notches O |2 Sharp, narrow edge
problematic problematic
31 |undercut undercut ® 2 Undercut makes it a
little harder
32 |no issues no issues o1 Easy
33 |heat heat ® |1 Very thin undercut, the
problematic, problematic, beam might burn the
undercut undercut material away

Table 5.1: Evaluation of the Codebook for Laser Cutting

The categorizations of 27 of the 33 geometries are identical, indicated by
the full circle. The majority of these identical categorizations are " no issues”
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for complexity 1, and "no detailed explanation” for complexity 2 without
a specific explanation for what makes this geometry complex. An example
of this is the explanation for geometry 18, for which participant P25 chose
complexity 2 and explained this by saying ” Easy to cut, long straight contour
that is this thick enough, so not too much heat will occur here”. For this
geometry, we see no similarity in the categorizations. Here, P25 explains what
makes the geometry not complex. Three times, the categorizations slightly
differed. This happened for the geometries 4, 13, and 20. For geometry 4,
both parties agree on the undercut. The volunteer interpreted the rest of
the explanation as a hint at the sheet thickness, while we interpreted a hint
at the heat being the problem. Participant P25 mentions both, saying that
the ”"undercuts are narrow compared to sheet thickness” and ”there might
be some heat”. This example demonstrates the room for interpretation with
free text explanations. All three categories are suitable for the explanation.
For geometry 13, both parties agree on the undercut category. While the
volunteer interpreted the mention of the ”sharp edges” in the explanation
as a hint at the geometrical shape, we categorized this as the notches being
problematic. The same applies to geometry 14 and 30. For geometry 14, we
additionally interpreted the mentioned ”pearls in the turning point” as a
hint at the heat. We see the same issue again for geometry 20. We meet the
confusion if edges are to be categorized as shape or notch by incorporating
the edges specifically in the definition of the category ”"notches problematic”.

In summary, we have identical categorizations for 27 of 33 geometries.
We have small differences in the categorizations of three geometries, and no
similarities for another three geometries. With clear incorporation of edges
to the category ”notches problematic”, we can reduce the dissimilarities to 2
small differences and 1 time no similarity.

5.3.2.2 Part Handling with the SortMaster Speed

Table 5.2 presents the results of the evaluation of the codebook for part
handling with the SortMaster Speed. We have greyed out the geometries
that do not apply to this process step.

File [values ST values P25 |Sim.|SMS|Explanation
C
1 inner inner contour| © |2 Big part but also big
contour problematic, cutouts. But SMS has
problematic size enough suction cups on
problematic the part.
2 inner inner contour| @ |2 Many  cutouts,  still
contour problematic enough suction cups on
problematic the part

Continued on next page
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File |values ST values P25 |Sim.|SMS|Explanation
C

3 no detailed no detailed| @ |2 there are more than
explanation explanation enough suction cups on

the part

4 no issues no issues ® |1 Large part area to place
suction cups. I don’t
expect problems with the
undercuts.

5 no issues no issues ® |1 Large area to place
suction cups.

6 no issues no issues o1 Large surface to place
suction cups. No sticking
in the skeleton, because
of the radius.

7 no issues no issues ®[1 Nothing special, thanks
to the pins there will
be no problems with the
rectangular cutouts.

9 detection suction cups O 1 Contour is very thin,
pins placement there fit only two pins
placement problematic, on the whole part. Also,
problematic, pins very few suction cups
suction cups placement and needles to measure
placement problematic, the current. It would
problematic shape take too much time to

problematic unload for such a small
part - too expensive.

10 |[size size o2 Big part, the distance
problematic problematic between the two SMS

is high, but due to the
sheet thickness of 3 mm,
I don’t expect the parts
to sag.

13 |undercut, undercut O 1 The undercuts might
scrap cutting make it hard to get the
required part out. In this case,

the undercuts need to be
cut into pieces, then the
part will get out easily.

14 |no issues no issues ® |1 Easy to get out

Continued on next page
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File |values ST values P25 |Sim.|SMS|Explanation
C

15 |inner inner contour| @ |2 Many cutouts but
contour problematic enough suction cups are
problematic on the part

17  |no issues no issues [ JF Big part, the two SMS

have some space between
them, but no sagging is
expected due to the sheet
thickness.

18 |detection pins O |5 Only one pin of each
pins placement SMS fits the part, very
placement problematic, few suction cups are on
problematic, suction cups the part.
suction cups placement
placement problematic
problematic

19 |no issues no issues o1 Enough cups on the part

20 |undercut, undercut 05 Complex to get out,
scrap cutting because of undercuts
required —{, cut undercuts into

peaces before ejecting
with SMS

21  |no issues no issues ® |1 Enough cups on the part

22 |no detailed no detailed| @ |2 Enough cups, pins and
explanation explanation needle pins are on the

part

23  |no issues no issues [ JF Enough cups on the part

24 |detection suction cups O 1 Very thin part. There
pins placement can be one row of pins,
placement problematic, suction cups, and needles
problematic, size on the part
suction cups problematic,
placement pins
problematic, placement
size problematic,
problematic shape

problematic

25 [no detailed no detailed]| @ [2 Enough cups on the part
explanation explanation

26  |no issues no issues o1 Easy

Continued on next page
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File [values ST values P25 |[Sim.|SMS|Explanation
C
27 |no detailed no detailed| @ |2 Enough cups on the part
explanation explanation
28 |[size size ® 2 Large part but enough
problematic problematic cups on the part
29 |no issues no issues o1 Enough cups
30 |no issues no issues ® 1 Good to get the part out,
no undercuts
32  |no issues no issues [ JF Easy, because there is no
hole in the middle

Table 5.2: Evaluation of the Codebook for Part Handling with the SortMaster
Speed

Out of the 27 geometries applicable to part handling with the SortMaster
Speed, we have 21 identical categorizations. For six geometries, we have
slight differences in the categorization. We have no geometry with no
similarities in the categorization. For geometry 1, both parties agree on ”inner
contour problematic”, while we additionally used the categorization ”size
problematic”, due to the participant mentioning the ”big part”. For geometry
9, both parties agree on the category ”suction cups placement problematic”.
While the volunteer additionally categorized ” detection pins problematic”, we
used the categories ”pins placement problematic” and ”shape problematic”.
The participant specifically mentions the pins as well as the suction cups. It is
possible that the volunteer confused the regular pins of the SortMaster Speed
with the detection pins. Instead of the shape being problematic due to the
participant mentioning that the ”contour is very thin”, we also might have
used the category ”size problematic” due to the participant mentioning the
”small part”. This example further underlines the room for interpretation
inherent to the complexity explanations. For geometries 13 and 20, both
parties agreed on the undercut, while the volunteer also considered the
category "scrap cutting required”, which participant P25 has mentioned in
the explanation. There is room for interpretation if one should only consider
the underlying reason for the required scrap cutting, which is the undercut,
or both. For geometry 18, the volunteer again confused the regular pins
of the SortMaster Speed with the detection pins. The same also applies to
geometry 24. For this geometry, both parties use the categories ”suction cups
placement problematic” and ”size problematic”. In contrast to the volunteer,
we also used the category ”shape problematic”. A large amount of categories
contained in the explanations seem to increase the difficulty in categorization.

In summary, we observe three reasons for disagreement in the
categorization: First, confusing the regular pins with detection pins. Second,
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if one should only consider the geometrical characteristic or also the
consequence of this characteristic. And third, the difficulty in categorizing
a large number of aspects mentioned in the explanations. We meet these
obstacles by refining the Codebook, and clarifying the differentiation between
the regular pins and the detection pins of the SortMaster Speed. The other
two obstacles have reasons regarding the interpretation and concentration,
which are inherent to manual categorization by humans. however, all in all, we
are satisfied with the evaluation results for the Codebook for part handling
with the SortMaster Speed: First, we do not have categorizations without
any similarity. By specifying the difference between the detection cups and
the regular cups, we can minimize the difference in the categorizations to 5
different categorizations of geometries.

5.3.2.3 Part Handling with the SmartGate

The evaluation results for the codebook for part handling with the SmartGate
are presented in Table 5.3. As in Table 5.2, we greyed out the geometries not
applying to this process step.

File [values ST

|values P25 |Sim.|LCC|Explanation

8 no issues no issues [ JF No problems expected,
the part is not too small
to be safely ejected.

9 pins inner contour] © |2 The pin cannot be placed
placement problematic, at the centroid, because
problematic, scrap skeleton of the hole in the middle.
inner problematic, Therefore the part might
contour tilting turn and be stuck in the
problematic, problematic, sceleton.
tilting center of
problematic gravity

problematic,
clamping
problematic,
pins
placement
problematic

11  [no issues no issues [ 2R Easy to eject.

12 |no issues no issues ® |1 No problems expected.

16 |n0 issues no issues I ® |1 |Easy

Continued on next page
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File |values ST values P25 |Sim.|LCC|Explanation
31 |undercut undercut ® 2 Undercut makes the
unloading process

harder, but still no
problem thanks to the

pin

32 |no issues no issues ® 1 Easy, no undercuts or

cutouts.

33 |undercut, material O 1 If the undercut works,
clamping problematic, the part might be stuck
problematic scrap skeleton in the sceleton at this

problematic, material.
clamping

problematic,

undercut

Table 5.3: Evaluation of the Codebook for Part Handling with the SmartGate

Out of the eight geometries applicable for part handling with
the SortMaster Speed, we have six identical categorizations and two
categorizations with small differences. There is no geometry without any
similarity in the categorization. The two small differences in categorizing
geometries 9 and 33 are due to the high amount of aspects mentioned in the
explanations. In summary, this result is fine, since it does not hint at gaps in
the codebook.

In the next Subsection, Subsection 5.3.3, we present the resulting
codebooks for the process steps of laser cutting, part handling with the
SortMaster Speed, and part handling with the SmartGate.

5.3.3 The resulting Codebooks

This subsection presents the resulting codebooks of the three process steps
of our exemplary production unit, the TruLaser Center 7030. We present the
codebook as well as the occurrences of each category for the process steps.
We start with the process step laser cutting, followed by the part handling
processes SortMaster Speed and SmartGate.

5.3.3.1 Laser Cutting

Table 5.4 contains the codebook for the process step laser cutting in
alphabetical order. Since we want to identify the characteristics making a
part more complex for laser cutting, we categorize the explanations given for
parts labeled with complexity 1 as "no issues”. For parts with a complexity
higher than 1 and no explanation given, such as ”easy to cut” or ”...” we
categorize the explanation as "no detailed explanation”.
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Category Explanation
bars_problematic The bars are problematic, typically
because

they are too narrow (German: Steg)

bending_problematic

The part may bend

clamping_problematic

The part may clamp (German: verhaken)

contour_problematic

The contour may be problematic and it
is not specified whether it is the inner or
the outer contour

cutting_head_collision_
problematic

A collision with the cutting head may
oceur

degree_of_cutting_problematic

The part may be cut very much

ejection_cylinder_placement._
problematic

The placement of the ejection cylinder
may be problematic

falling_detection_problematic

The falling detection may not work

heat_problematic

The heat may influence the
complexity

part

inner_contour_problematic

The inner contours are problematic

kerf_size_problematic

The participant sees a problem with the
kerf (German: Schnittspalt)

laser_beam _interruption_possible

The laser beam may be interrupted
during the cutting process

length_problematic

The length of the part is problematic

no_detailed_explanation

The participant did not choose part
complexity 1 and did not provide any
explanation

no_issues

The participant chose part complexity 1

notches_problematic

This category summarizes potential
manufacturing problems due to part
characteristics such as notches, edges,
slots, taps, and flaps

outer_contour_problematic

The participant says that the outer
contours led him to choose the
complexity

pierced_hole_problematic

The participants see problems specifically
with the pierced hole (German: Einstich)

possible_welding_problematic

During the laser cutting, an unwelcome
welding may occur

scrap_cutting_required

The scrap produced by cutting the
part might have to be cut to prevent
manufacturing problems

scrap_skeleton_problematic

The scrap skeleton (German: Restgitter)
may cause problems

Continued on next page
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Category

Explanation

shape_problematic

The participants state that the shape of|
the part may cause problems

sheet_thickness_problematic

The sheet thickness may cause problems

size_problematic

The size is problematic for the process
step

slugs_problematic

The slugs (German: Butzen, here:
manufacturing  waste) make  the
production more complicated

tension_problematic

Tension may occur in the part, hindering
the process step

tilting_problematic

The part may tilt.

undercut

Problems due to the undercut, e.g.
undercut is required or the undercut
needs to be cut

Table 5.4:

Codebook for Laser Cutting

Figure 5.7 shows the occurrences of the categorized explanations for the

process step laser cutting.

Occurrences of Explanations for Laser Cutting

no_issues
inner_contour_problematic
no_detailed_explanation

undercut

scrap_cutting_required
notches_problematic
contour_problematic
size_problematic
ejection_cylinder_placement_problematic
falling_detection_problematic
tilting_problematic
heat_problematic
shape_problematic
merced_hole_problematic
laser_beam_interruption_possible
length_problematic
bending_problematic
outer_contour_problematic
sheet_thickness_problematic
scrap_skeleton_problematic
bars_problematic
possible_welding_problematic
slugs_problematic
cutting_head_collision_problematic
tension_problematic
damping_problematic

Categoized Explanations for Laser Cutting
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Fig. 5.7: Occurences of categorized explanations for the process step laser

cutting. Own visualization

The categorized explanation with the most occurrences is "no issues”
with 847 mentions, indicating that the complexity of laser cutting has a
highly imbalanced distribution. The categorized explanation ”inner contour
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problematic” has 101 mentions, making it the geometrical characteristics
with the most mentions. This indicates that inner contours have the highest
influence on the complexity of the process step laser cutting. The category "no
detailed explanation”, the collection of inaccurate complexity explanations,
has 76 mentions. This means that 76 times, we could not identify which
characteristic made the participant decide on a complexity higher than 1. The
category "undercut” has 65 mentions, followed by ”scrap cutting required”
with 57 mentions. The category "notches problematic” was mentioned 28
times, ” contour problematic” 26 times, and ”size problematic” 23 times. The
categories ”ejection cylinder placement problematic” and ”falling detection
problematic” each have 14 mentions. The category "tilting problematic”
was mentioned 11 times, and ”heat problematic” was mentioned 10 times.
The categories ”shape problematic”, ”pierced hole problematic”, ”laser
beam interruption possible”, ”length problematic”, ”bending problematic”,
”outer contour problematic”, ”sheet thickness problematic”, ”scrap skeleton
problematic”, ”bars problematic”, ”possible welding problematic”, ”slugs
problematic”, ”cutting head collision problematic”, ”tension problematic”,
and "clamping problematic” were each mentioned less than 10 times,
suggesting the rather low significance of these categories.
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5.3.3.2 Part Handling with the SortMaster Speed

Table 5.5 shows the codebook for the process step part handling with the
SortMaster Speed in alphabetical order. We followed the same principles as
for the codebook for laser cutting: Since we want to identify the characteristics
making a part more complex for laser cutting, we categorize the explanations
given for parts labeled with complexity 1 as "no issues”. For parts with a
complexity higher than 1 and no explanation given, such as ”easy to cut” or

”

.7 we categorize the explanation as "no detailed explanation”.

Category

Explanation

bars_problematic

The bars are problematic, typically
because they are too narrow (German:

Steg)

bending_problematic

The part may bend

clamping_problematic

The part may clamp (German: verhaken)

contour_problematic

The participant sees the contour as
problematic and does not specify whether
it is the inner or the outer contour

detection_pins_placement_
problematic

Placement of detection pins (German:
Messspitzen) difficult. Not to
confuse with the regular pins of the
SortMaster Speed (see pins_placement._
problematic)

ejection_cylinder_placement._
problematic

The placement of the ejection cylinder
may be problematic

falling_detection_problematic

The falling detection may not work

inner_contour_problematic

The participant says that the inner
contours led him to choose the
complexity

length_problematic

The participant sees problems due to the
length of the part

narrowness_problematic

The narrowness of the part makes it
difficult to manufacture

no_detailed_explanation

The participant chose a complexity
higher than 1 and did not explain

no_issues

The participant chose part complexity 1

notches_problematic

This category summarizes potential
manufacturing problems due to part
characteristics such as notches, edges,
slots, taps, and flaps

outer_contour_problematic

The participant says that the outer
contour led him to choose the complexity

part_stability_problematic

The part’s stability may be weakened

Continued on next page
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Category

Explanation

pins_placement_problematic

The placement of the pins may be
difficult

prefix_problematic

The prefix of the part before it is handled
with the sortMaster Speed seems to be
difficult

pressor_foot_placement_
problematic

The placement of the pressor foot may be
problematic

risk_of_part_falling

The part may fall

scrap_cutting_required

The scrap produced by cutting the
part might have to be cut to prevent
manufacturing problems

scrap_skeleton_problematic

The scrap skeleton may be difficult

shape_problematic

The shape of the part may be
problematic

size_problematic

The size of the part may lead to
manufacturing problems

suction_cups_placement._
problematic

The placement of the suction cups may
be problematic

tilting_problematic

Tilting (German: Verkippen) may
occur, which may lead to manufacturing
problems

undercut

An undercut may be required

weight_problematic

The weight may lead to manufacturing
problems

Table 5.5: Codebook for Part Handling with the SortMasterSpeed

Figure 5.8 shows the occurrences of the categorized explanations for the
process step part handling with the SortMaster Speed.
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Occurrences of Categorized Explanations for the SortMaster Speed

no_issues
pins_placement_problematic
suction_cups_placement_problematic
no_detailed_explanation

undercut

bending_problematic
damping_problematic
size_problematic
notches_problematic
length_problematic
scrap_cutting_required
shape_problematic
inner_contour_problematic
scrap_skeleton_problematic
narrowness_problematic
prefix_problematic
outer_contour_problematic
bars_problematic
pressor_foot_problematic
ejection_cylinder_placement_problematic
contour_problematic
weight_problematic
part_stability_problematic
falling_detection_problematic
tilting_problematic

Categoized Explanations for the SortMaster Speed

100 200 300 400
Occurrences

Fig. 5.8: Occurences of categorized explanations for the process step part
handling with the SortMaster Speed. Own visualization

Similar to the occurrences of the categorized explanations of the process
step laser cutting, the most used category was ”no issues” with 465 mentions.
The categories ”pins placement problematic” and ”suction cups placement
problematic” were mentioned 132 times and 117 times, respectively. The
category "no detailed explanation” was mentioned 82 times, closely followed
by the category ”undercut”. The categories ”"bending problematic” and
”clamping problematic” were mentioned 53 and 51 times, respectively.
The category ”size problematic” was mentioned 44 times, while ”notches
problematic” was mentioned 36 times. ” Length problematic” was mentioned
26 times, while both ”scrap cutting required” and ”shape problematic”
were each mentioned 21 times. ”Inner contour problematic” was mentioned
18 times and ”scrap skeleton problematic” once less with 17 mentions.
The following categories were mentioned less than ten times: ”Narrowness
problematic” was mentioned six times, while ”prefix problematic” and
“outer contour problematic” were mentioned five times each. ”Bars
problematic” was mentioned four times, while ”pressor foot problematic”,
”gjection cylinder placement problematic”, and ”contour problematic” were
each mentioned three times. While ”weight problematic”, ”part stability
problematic” and falling detection problematic” were each mentioned twice,
“tilting problematic” was only mentioned once. In summary, the most
important characteristics influencing the complexity for part handling with
the SortMaster Speed are the geometrical characteristics influencing the
placement of the pins and the suction cups, undercuts, bending, and
clamping.
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5.3.3.3 Part Handling with the SmartGate

Table 5.6 presents the codebook for the process step part handling with the
SmartGate in alphabetical order. We followed the same principles as for the
codebooks for laser cutting and part handling with the SortMaster Speed:
Since we want to identify the characteristics making a part more complex
for laser cutting, we categorize the explanations given for parts labeled with
complexity 1 as "no issues”. For parts with a complexity higher than 1 and no
explanation given, such as ”easy to cut” or ”...” | we categorize the explanation

as "no detailed explanation”.

Category

Explanation

bending_problematic

The part may bend

center_of_gravity_problematic

The part’s center of gravity may be
problematic

clamping_problematic

The part may clamp (German: verhaken)

ejection_cylinder_placement._
problematic

The placement of the ejection cylinder
may be problematic

falling_detection_problematic

The falling detection may not work

inner_contour_problematic

The participant chose a complexity
higher than 1 due to the inner contours

material_problematic

Problems due to the material may occur
during production

no_detailed_explanation

The participant chose a part complexity
higher than 1 and did not explain

no_issues

The participant chose part complexity 1

notches_problematic

This category summarizes potential
manufacturing problems due to part
characteristics such as notches, edges,
slots, taps, and flaps

outer_contour_problematic

The participant says that the outer
contour led him to choose the complexity

pins_placement_problematic

the participant sees a problem with the
placement of the pins of the SortMaster
Speed

scrap_cutting_required

The scrap produced by cutting the
part might have to be cut to prevent
manufacturing problems

scrap-skeleton_problematic

The scrap skeleton (German: Restgitter)
may cause problems

shape_problematic

The participants state that the shape of’
the part may cause problems

size_problematic

The size is problematic for the process
step

Continued on next page
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Category Explanation

slugs_problematic The slugs (German: Butzen) make the
production more complicated

tilting_problematic The part may tilt

undercut Problems due to the undercut, e.g.
undercut is required or the undercut
needs to be cut

Table 5.6: Codebook for Part Handling with the SmartGate

Figure 5.9 shows the occurrences of the categorized explanations for part
handling with the SmartGate.

Occurrences of Categorized Explanations for the SmartGate

no_issues

tilting_problematic 9
size_problematic
ejection_cylinder_placement_problematic 6
undercut 6
clamping_problematic 4
scrap_cutting_required 41

outer_contour_problematic 41

Categoized Explanations for the SmartGate

pins_placement_problematic 41

center_of_gravity_problematic 4!

4] 20 40 60 80 100
Occurrences

Fig. 5.9: Occurences of categorized explanations for the process step part
handling with the SmartGate. Own visualization

By far the most important category is ”no issues”, with 108 mentions.
With a huge gap, the category ”tilting problematic” follows with 9 mentions.
While ”size problematic” was mentioned 7 times, both ”ejection cylinder
placement problematic” and ”undercut” were each mentioned six times.
”Clamping problematic” was mentioned four times, while ”scrap cutting
required”, ”outer contour problematic”, ”pins placement problematic”, and
”center of gravity problematic” were each mentioned once. In summary, the
codebook for part handling with the SmartGate hints at low-complexity parts
for this process step in the database.
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5.4 Detailed Analysis of Geometries

This section presents a detailed analysis of a subset of geometries to gain
more insight into the labeling results. We chose the repeating geometries for
this detailed analysis. First, we give a short description of the geometry,
covering the area, length, width, cutting degree, cutting length, and the
amount of inner contours. Moreover, we depict the geometries. One needs
to keep in mind that we oriented the size of these pictures to a pleasing
appearance in the text and not the actual size of the geometries. Then, we
present the complexity labeling for the applying process steps and calculate
the mean complexity value for each process step. Here, we only consider
the participants who passed the process step for the respective process step.
This explains the missing bars of participants in the bar charts. Moreover,
we present the categorized explanations of the respective process steps and
chosen complexity values. After we present each repeating geometries, we
give a conclusion at the end of this Subsection.

5.4.1 Repeating Geometries

This subsection presents the ten repeating geometries from A to J.

5.4.1.1 Geometry A

Figure 5.10 shows the repeating geometry A. Geometry A is a rectangle
without inner contours or undercuts in the outer contour. It has an area
of 3034.47 c¢m?, with an expansion of 786.48 mm in the x-direction and
385.83 mm in the y-direction. Since it has no inner contours, the cutting
degree is 0. The cutting length is 2344.62 mm. The centroid of geometry A
lies on the part area.

Fig. 5.10: Repeating Geometry A. Own visualization
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Figures 5.11 and 5.12 show the analysis of the labeling results for the
process steps laser cutting and part handling with the SortMaster Speed,
respectively. The experts agree that geometry A is overall easy to manufacture
and has a low complexity. This results in categorized part characteristics of
”no issues”. Only participant P27 labeled the complexity once as ”4” | stating
that the size of the geometry is problematic. We view this labeling as an
outlier. We calculated mean complexities of 1 for laser cutting and 1.1 for
the SortMaster Speed.

Analysis on part level
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Fig. 5.11: Analysis of complexity Fig. 5.12: Analysis of complexity
labeling for laser cutting for labeling for part handling with
repeating geometry A. Own SortMaster Speed for repeating

visualization. geometry A. Own visualization.
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The categorized explanations are shown in Figure 5.13 for the process step
laser cutting and in Figure 5.14 for the part handling with the SortMaster
Speed. We only have the categorized explanation of ”no_issues” for laser
cutting since each participant labeled complexity 1 for each week. For
the process step part handling with the SortMaster Speed, we have 37
explanations of "no_issues” and one time ”size_problematic” from the outlier
labeling.

Analysis of categorized complexity explanation for Geometry A
Analysis of categorized complexity explanation for Geometry A L ?I_ caazats Ao . L
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Explanation proviced for chosen complexity Exglanation provided for chosen SMS complexity
Fig. 5.13: Analysis of the categorized Fig. 5.14: Analysis of the
answers for the chosen complexity sategorized answers for the chosen
for laser cutting for repeating complexity for part handling with
geometry A. Own visualization. SortMaster Speed for repeating

geometry A. Own visualization.

5.4.1.2 Geometry B

Geometry B is visualized in Figure 5.15. Similar to geometry A, geometry B
has no inner contours, and the cutting degree is 0. In contrast to geometry
A, geometry B is longer in the x-direction with 1991.02 mm, and shorter
in the y-direction with 299.2 mm. Geometry B has indents in the outer
contour, making a contour length of 4968.82 mm. The area of geometry B
is significantly larger than the area of geometry A with 5787.65 cm?. The
cutting length is 4968.82 mm.

L L

Fig. 5.15: Repeating Geometry B. Own visualization
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Figures 5.16 and 5.17 show the labeling of the production processes
laser cutting and part handling with the SortMaster Speed, respectively. In
comparison to geometry A, we see a higher variance in the labeling, especially
for part handling with the SortMaster Speed. We calculated an average laser
cutting complexity of 1.2 and an average complexity for part handling with
the SortMaster Speed of 1.6.
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Fig. 5.16: Analysis of complexity
labeling for laser cutting for
repeating geometry B. Own
visualization.

Fig. 5.17: Analysis of complexity
labeling for part handling with
SortMaster Speed for repeating
geometry B. Own visualization.

The categorized explanations for the chosen complexities for laser cutting
are visualized in Figure 5.18. The explanations for the higher laser cutting
complexity are the undercut with one mention and two mentions of the scrap
skeleton being problematic. These explanations are related to the indents in
the outer contour of the geometry.

The categorized explanations for part handling with the SortMaster Speed
for geometry B are depicted in Figure 5.19. We have seven mentions that the
bending may be problematic, followed by three mentions of the length. We
have each two mentions of placement of the pins of the SortMaster Speed,
the clamping being problematic, the size, and the undercuts. Furthermore, we
have one mention that the placement of the suction cups of the SortMaster
Speed may be problematic. Here, we can link the categorized answers to
the indents in the outer contour of geometry B as well as the narrowness
of the geometry. The bending, the size, and the length seen as problematic
by the participants are related to the narrowness, while the clamping and
the undercut are related to the indents in the outer contour. We do not see
a link between the placement of both the suction cups and the pins of the
SortMaster Speed and the geometry.
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Analysis of categorized complexity explanation for Geometry B
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Fig. 5.18: Analysis of the
categorized answers for the
chosen complexity for laser
cutting for repeating geometry B.
Own visualization.

5.4.1.3 Geometry C

Analysis of categorized complexity explanation for Geometry B
23

Explanation provided for chosen SMS complexity

Fig. 5.19: Analysis of the
categorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry B. Own visualization.

Figure 5.20 shows geometry C, a rectangular, almost quadratic geometry
with 52 inner contours, consisting of circles of various sizes and one elongated
hole. Geometry C has an area of 712.71 cm?. It expands 386.36 mm in the
x-direction and 290 mm in the y-direction. Geometry C has a cutting length
of 5588.16 mm and a cutting degree of 0.34, due to the inner contours. The

centroid is on the part area.

Fig. 5.20: Repeating Geometry C. Own visualization
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We see the chosen complexities for laser cutting in Figure 5.21 and for part
handling with the SortMaster Speed in Figure 5.22. We see a high variance
in the labeling for the laser cutting, with complexity values ranging from 1
to 4. The calculated mean value for the laser cutting complexity is 1.5

We see a similar variance in the SortMaster Speed complexity, where the
complexity values also range from 1 to 4. We calculated a mean complexity
value for part handling with the SortMaster Speed of 1.8.
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Fig. 5.21: Analysis of complexity
labeling for laser cutting for
repeating geometry C. Own
visualization.

Fig. 5.22: Analysis of complexity
labeling for part handling with
SortMaster Speed for repeating
geometry C. Own visualization.

Figure 5.23 presents the categorized explanations for the process step
laser cutting. The inner contour being problematic for the manufacturing
process has been mentioned eleven times. The slugs being problematic was
mentioned twice. The heat, degree of cutting, possible tilting, possible scrap
cutting, falling detection, placement of the ejection cylinder, and size were all
mentioned once. Here, we can see the link between the inner contours being
the mostly mentioned characteristics making the part hard to manufacture
and the geometry itself, having many inner contours and a rather large area
of inner contours.

The categorized explanations for the part handling with the SortMaster
Speed are shown in Figure 5.24. The placement of the suction cups being
problematic was mentioned seven times, and the inner contours and the
placement of the pins being problematic were mentioned five times each.
Scrap cutting was mentioned once. Again, we can see the link between the
categorized explanations and the geometry itself. The inner contours—both
the amount and the combined inner contour area—provide less space for the
placement of the suction cups and the pins of the SortMaster Speed shuttle.
The mention of scrap cutting is also related to the inner contours since some
of the inner contours are prone to clamping due to their size. This can be
prevented by cutting the scrap produced by the inner contours.
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Analysis of categorized complexity explanation for Geametry C
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Fig. 5.23: Analysis of the
categorized answers for the
chosen complexity for laser
cutting for repeating geometry C.
Own visualization.

5.4.1.4 Geometry D
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Fig. 5.24: Analysis of the
categorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry C. Own visualization.

Geometry D is visualized in Figure 5.25 and is a rather long geometry with 10
circles of various sizes as inner contours and one big indent in the outer
contour. The geometry expands 454.03 mm in the x-direction and 80.08 mm
in the y-direction. It has an area of 323.57 cm? and a cutting degree of 0.016.

The cutting length is 1341.62 mm.

Fig. 5.25: Repeating Geometry D. Own visualization

We see a slight dissonance in the participants’ labeling for the process
step laser cutting, with 12 participants consistently choosing complexity 1,
and 3 participants choosing almost consistently complexity 2. This results in

an average complexity value of 1.2.

We observe even more consistent labeling for the process step part
handling with the SortMaster Speed, with the majority consistently choosing
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complexity 1 and three outliers with laser cutting complexity 2. We calculated
a mean SortMaster Speed complexity of 1.1.
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Fig. 5.26: Analysis of complexity Fig. 5.27: Analysis of complexity
labeling for laser cutting for labeling for part handling with
repeating geometry D. Own SortMaster Speed for repeating
visualization. geometry D. Own visualization.

The categorized explanations for laser cutting and geometry D are
visualized in Figure 5.28. We have five mentions of the inner contour being
problematic and one mention each for the pierced hole and the contour in
general. The mention of the pierced hole may be related to the fact that some
of the inner contours of geometry D are small circles.

Figure 5.29 shows the categorized explanations for the part handling with
the SortMaster Speed and geometry D. Each of the placement of the suction
cups, the pins of the SortMaster Speed, and the narrowness of the geometry
were mentioned once. Again, we can see the link between the explanations and
the geometry: Narrow geometries are prone to bending during part handling
with the SortMaster Speed, and inner contours make placing the suction cups
and pins on the surface of the geometry more difficult.
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Analysis of categorized complexity explanation for Geometry D
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Fig. 5.28: Analysis of the
categorized answers for the
chosen complexity for laser
cutting for repeating geometry D.
Own visualization.
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Fig. 5.29: Analysis of the
categorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry D. Own visualization.

5.4.1.5 Geometry E

Geometry E; depicted in Figure 5.30, is a narrow geometry with two bigger
rectangular inner contours and seven circles of various sizes as inner contours.
In addition, it presents with a notch in the upper left outer contour. The
geometry expands 735.17 mm in the x-direction and 98.71 mm in the
y-direction. It has an area of 571.35 cm? and a cutting degree of 0.199. The
cutting length is 3011.77 mm and the centroid lies on the part.

Fig. 5.30: Repeating Geometry E. Own visualization

The laser cutting complexity labeling for geometry E, shown in Figure 5.31,
shows consistent labeling of complexity 1 or 2, resulting in an average laser
cutting complexity of 1.4.

For the process step part handling with the SortMaster Speed, presented in
Figure 5.32, we mostly see complexities of 1 and 2. Furthermore, participant
P30 twice labeled the complexity as 4. This results in an average SortMaster
Speed complexity for geometry E of 1.6.
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Fig. 5.31: Analysis of complexity Fig. 5.32: Analysis of complexity
labeling for laser cutting for labeling for part handling with
repeating geometry C. Own SortMaster Speed for repeating
visualization. geometry E. Own visualization.

Figure 5.33 shows the categorized explanations for geometry E. Scrap
cutting being required was mentioned ten times, followed by the inner
contours and the undercut with 6 and 5 mentions. The contour in general, the
falling detection, the placement of the ejection cylinder, and the size being
problematic were each mentioned twice. The notch being problematic was
mentioned once. We can assume that both the mentions of the undercut and
the notch refer to the notch and the undercut on the left side of the geometry.
The scrap cutting is probably directed at the two large inner contours. The
mentions of the inner contours themselves also hint at the scrap produced
by these inner contours. For this geometry, the link between the categorized
explanations and the geometry is visible, although sometimes ambiguous.

The categorized explanations for geometry E and part handling with the
SortMaster Speed is depicted in Figure 5.34. The undercut being problematic
was mentioned ten times, followed by possible clamping with five mentions.
These categorized explanations probably target the notch and the undercut
on the left side of the geometry. The placement of the suction cups and
the pins being problematic were each mentioned four times. The two large
inner contours in combination with the smaller inner contours leave less
space for the placement of the pins and suction cups of the SortMaster
Speed. Scrap cutting being required was mentioned three times, the inner
contours themselves were mentioned twice, and the shape being problematic
was mentioned once. The scrap cutting is probably targeted at the two
large inner contours. The shape being problematic can mean the notch
on the left side of the geometry or the inner contours. For geometry E
and the process step part handling with the SortMaster Speed, the link
between the categorized explanations and the geometry is visible, although
the geometrical characteristic of the inner contours was less mentioned than
its consequences, the clamping, scrap cutting being required, and the difficult
placement of the pins and the suction cups.



5.4. DETAILED ANALYSIS OF GEOMETRIES 99

Analysis of categorized complexity explanation for Geometry E
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Fig. 5.33: Analysis of the
categorized answers for the
chosen complexity for laser
cutting for repeating geometry E.
Own visualization.

5.4.1.6 Geometry F

Analysis of categorized complexity explanation for Geometry E
[ 28

Explanation provided far chosen 5MS complexity

Fig. 5.34: Analysis of the
categorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry E. Own visualization.

Figure 5.35 shows repeating geometry F, an almost rectangular shape with a
notch in the upper right corner and small circles as inner contours. Geometry
F has 31 inner contours in total, resulting in a cutting degree of 0.008 and
a cutting length of 8330.44 mm. It expands 1947.2 mm in the x-direction
and 1134.77 mm in the y-direction. With an area of 15171.61 cm?, it is the

largest of the repeating geometries.

Fig. 5.35: Repeating Geometry F. Own visualization

The labeled laser cutting complexity is presented in Figure 5.36 and shows
low variance with mostly laser cutting complexity 1 and partly laser cutting
complexity 2. The average laser cutting complexity of geometry F is 1.1.
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The labeled complexity for part handling with the SortMaster Speed
depicted in Figure 5.37 shows a similar pattern for geometry F as the
laser cutting complexity, with one outlier labeling with complexity 4 from
participant P23. The average SortMaster Speed complexity for geometry F
is 1.4.
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Fig. 5.36: Analysis of complexity Fig. 5.37: Analysis of complexity
labeling for laser cutting for labeling for part handling with
repeating geometry F. Own SortMaster Speed for repeating
visualization. geometry F. Own visualization.

The categorized explanations for the chosen complexity for the process step
laser cutting and geometry F are shown in Figure 5.38. The inner contours
being problematic was mentioned twice. The size and the notches being
problematic were each mentioned once. The categorized explanations reflect
the low laser cutting complexity as well as the characteristics of geometry F
with the many inner contours.

Figure 5.39 visualizes the categorized explanations for geometry F and
the process step part handling with the SortMaster Speed. The size being
problematic was mentioned four times, followed by the placement of the pins
being problematic with three mentions and the placement of the suction
cups being problematic with two mentions. The notches being problematic
was mentioned once. While the notch on the upper right side of the geometry
may inhibit manufacturing risks like clamping, the placement of the circles
as inner contours through the geometry makes the placement of the pins and
suction cups difficult, Again, we can see the link between the categorized
explanations for the process steps and the labeled geometry.
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Analysis of categorized complexity explanation for Geometry F
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Fig. 5.38: Analysis of the
categorized answers for the
chosen complexity for laser
cutting for repeating geometry F.
Own visualization.

5.4.1.7 Geometry G
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Fig. 5.39: Analysis of the
categorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry F. Own visualization.

Repeating Geometry G, shown in Figure 5.40, is similar to geometry F, a
rectangular geometry with a notch in the upper left corner. Geometry G
has 5 circles as inner contours, although these are fewer and bigger than the
inner contours of geometry F. It has an area of 172.85 c¢cm? and expands
195 mm in the x-direction and 113.11 mm in the y-direction. The cutting
degree is 0.072, and the cutting length is 897.76 mm.

Fig. 5.40: Repeating Geometry G. Own visualization

The labeled complexities for laser cutting and part handling with the
SortMaser Speed are depicted in Figures 5.41 and 5.42, respectively. Both



102 CHAPTER 5. PART CHARACTERISTICS INFLUENCING COMPLEXITY

process steps show consistent labeling with low variance and complexities
ranging from 1 to 2. For both process steps, the average complexity is 1.1.
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Fig. 5.41: Analysis of complexity Fig. 5.42: Analysis of complexity
labeling for laser cutting for labeling for part handling with
repeating geometry G. Own SortMaster Speed for repeating
visualization. geometry G. Own visualization.

The categorized explanations for geometry G and the process step are
depicted in Figure 5.43. The inner contour being problematic and the contour
being problematic were each mentioned once. Geometry G has five inner
contours, so we can see the link between the categorized explanations and
the geometry itself. The little explanation of what characteristics make this
geometry hard to manufacture is reflected in the low complexity of laser
cutting.

Figure 5.44 shows the categorized explanations for geometry G and part
handling with the SortMaster Speed. Again, the low complexity is reflected
in the absence of explanations: No issues were mentioned 33 times and 3
times were not detailed explanations given. Only the inner contour being
problematic and the size being problematic were each mentioned once.
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Analysis of categorized complexity explanation for Geometry G
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Fig. 5.43: Analysis of the
categorized answers for the
chosen complexity for laser
cutting for repeating geometry G.
Own visualization.

5.4.1.8 Geometry H
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Fig. 5.44: Analysis of the
-ategorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry G. Own visualization.

Geometry H, a rectangle with step-wise corners of the outer contour as well
as 1 bigger and 30 smaller, circular inner contours, is depicted in Figure 5.45.
Geometry H has the longest cutting length with a value of 8555.05 mm. It
expands 1960.77 mm in the x-direction and 708.27 mm in the y-direction and
has an area of 11641.86 cm?. The cutting degree is 0.14.

Fig. 5.45: Repeating Geometry H. Own visualization

As visualized in Figure 5.46, most participants labeled the laser cutting
complexity 1 or 2. We have only one outlier, participant P25, who labeled
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the laser cutting complexity 4 once. This results in an average laser cutting
complexity of 1.4.

For unloading complexity with the SortMaster Speed, visualized in
Figure 5.47, we again have most mentions of either 1 or 2. Only participant
P23 consistently labeled complexity 4. This results in an average complexity
for part handling with the SortMaster Speed of 1.6.
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Fig. 5.47: Analysis of complexity
labeling for part handling with
SortMaster Speed for repeating
geometry H. Own visualization.

Figure 5.48 shows the categorized explanations for the laser cutting
complexity for geometry H. No issues were mentioned 31 times and 4 times,
no explanation was given. The undercut in the lower right corner of the
outer contour being problematic was mentioned four times, while the notches,
the inner contours, and the shape being problematic were each mentioned
three times. The contour in general, the outer contour, and the size being
problematic were each mentioned once.

The categorized explanations for geometry H and the complexity of part
handling with the SortMaster Speed are visualized in Figure 5.49. No issues
were mentioned 21 times and no detailed explanations were given four times.
The most mentioned characteristic influencing the part complexity was the
size being problematic with five mentions, followed by the placement of
the suction cups with four mentions. The weight being problematic, the
placement of the pins, and bending were each mentioned twice, while the
notches, possible scrap cutting, the placement of the ejection cylinder, the
falling detection, and the undercut were each mentioned once. We assume
that the one big inner contour on the left side and the accumulation of small
circular inner contours on the right side of the geometries make the placement
of the suction cups and the pins of the SortMaster Speed more difficult. The
weight and the size depend on the rather large area of the geometry, as well
as the bending being problematic. The possible scrap cutting can refer to
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both the large inner contour and the undercut in the lower right corner of
the outer contour.
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chosen complexity for laser complexity for part handling with
cutting for repeating geometry H. SortMaster Speed for repeating
Own visualization. geometry H. Own visualization.

5.4.1.9 Geometry 1

Geometry I, visualized in Figure 5.50, is a small circle with two small,
circular inner contours. Due to its size, it applies to part handling with
both the SortMaster Speed and the Smart Gate. Geometry I has two inner
contours and an area of 113.79 ¢cm?. It expands 121.63 mm in both the x- and
y-direction. The cutting degree is 0.02, and the cutting length is 459.75 mm.
The centroid lies on the part.
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Fig. 5.50: Repeating Geometry I. Own visualization

The assigned complexity values for laser cutting and geometry I are shown
in Figure 5.51. The participants seem to agree on low complexity with mostly
complexity 1 and four times complexity 2. This results in an average laser

cutting complexity of 1.1.

Figure 5.52 shows the assigned complexities for part handling with the
SortMaster Speed. The whole complexity range has been used: While many
participants consistently labeled the complexity for the SortMaster Speed
with 1 and sometimes 2, we have two times complexity 4 and three times
complexity 5. This results in an average complexity for part handling with

the SortMaster Speed of 1.6.
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The complexity of part handling with the SmartGate is visualized in
Figure 5.53. Except for participant P23, who labeled geometry I two times
with complexity 2 for part handling with the Smart Gate, the participants
labeled complexity 1. This gives us an average SmartGate complexity of 1.1.
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Figure 5.54 shows the categorized explanations for the chosen laser
complexity of geometry I. While no issues were mentioned 40 times and no
detailed explanation was given one time, the contour being problematic was
mentioned twice, and the inner contour being problematic was mentioned
once. We assume that this targets the circularity of geometry I as well as its
inner contours, as circular contours may tilt during the laser cutting process,
leading to production issues.

Analysis of categorized complexity explanation for Geometry |

Explanation proviced for chosen complexity

Fig. 5.54: Analysis of the categorized answers for the chosen complexity for
laser cutting for repeating geometry I. Own visualization.
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The categorized explanations of geometry I and part handling with the
SortMaster Speed are depicted in Figure 5.55. No issues were given 29
times and no detailed explanation was given three times. While five people
mentioned the size being problematic, the prefix being problematic was
mentioned once. This is reflected in the size of geometry I, as it ranges on
the lower end of the technical capacity of the SortMaster Speed.

The categorized explanations for part handling with the SmartGate are
depicted in Figure 5.56. The only two labeling of 2 both stated that a tilting
of the geometry may occur, the remaining labelings see no issues. Circular
geometries may tilt, so again we can see the link between complexity labeling,
explanation, and geometry.
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Fig. 5.55: Analysis of the Fig. 5.56: Analysis of the
categorized answers for the chosen categorized answers for the chosen
complexity for part handling with complexity for part handling
SortMaster Speed for repeating with the SmartGate for repeating
geometry I. Own visualization. geometry I. Own visualization.

5.4.1.10 Geometry J

Geometry J is depicted in Figure 5.57. It is an almost rectangular geometry
with two rounded corners and a large undercut in the center of the part. With
an area of 3.14 cm?, it is the smallest repeating geometry. It expands 31.5 mm
in the x-direction and 12.1 mm in the y-direction. The cutting length is
100.96 mm, and the cutting degree is 0.
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Fig. 5.57: Repeating Geometry J. Own visualization

In Figure 5.58, we see a high variance in the complexity labeling for the
process step laser cutting. While many participants consistently labeled with
complexity 1 or alternated between complexity 1 and 2, high complexity is
labeled five times by four different participants, with one participant labeling
with 5, the highest complexity. The average laser cutting complexity is 1.8.

In contrast to the complexity of laser cutting, we can only see low
complexities chosen for part handling with the SmartGate and geometry J, as
depicted in Figure 5.59. Three participants consistently labeled complexity 1,
four participants alternated between complexity 1 and 2, and one participant
consistently labeled with complexity 2. This results in an average SmartGate
complexity of 1.3 for geometry J.
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The categorized explanations for the chosen laser cutting complexity for
geometry J are visualized in Figure 5.60. With 23 times, no issues were
mentioned the most, while three times, no detailed explanation was given.
The undercut was mentioned five times, followed by scrap cutting and the
size being problematic with four mentions each. The contour in general being
problematic was mentioned three times, as well as the notches. The tilting,
inner contour, and pierced hole were mentioned two times each, while the
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heat, the placement of the ejection cylinder, the falling detection, and the kerf
size being problematic were each mentioned once. We assume the undercut in
the middle of the geometry is responsible for the mentioning of the undercut,
the heat, the kerf size, the scrap cutting, the contour, and the pierced hole.
The mention of the size may be due to both the undercut and the size of the
part.

Figure 5.61 shows the categorized explanations for geometry J and part
handling with the SmartGate. No issues were mentioned 16 times. The
undercut being problematic was mentioned five times, the placement of the
ejection cylinder two times, and the notches and tilting being problematic
were each mentioned once. Again, we see the categorized explanations
reflected in the geometry, as geometry J has the filigree undercut in the
middle.
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Fig. 5.60: Analysis of the
categorized answers for the chosen
complexity for part handling with
SortMaster Speed for repeating
geometry J. Own visualization.
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Fig. 5.61: Analysis of the
categorized answers for the chosen
complexity for part handling
with the SmartGate for repeating
geometry J. Own visualization.

5.4.2 Conclusion

The analysis of the repeating geometries has shown that the experts label
the complexity consistently: Each expert passed the repetition test for at
least one process step. Only one expert did not pass the repetition test for
the process step laser cutting, and two experts did not pass the repetition
test for the process step part handling with the SortMaster Speed. For the
process step part handling with the SmartGate, only half of the experts
passed the repetition test. We assume that the reason for this is that only
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two of the ten repeating geometries covered this process step. This leads
to a big deviation of 50 % in the labeling if only one geometry has been
labeled inconsistently. For comparison, one geometry being labeled with a
big deviation for the process step laser cutting would lead to a deviation
rate of 10 %, and for the process step part handling with the SortMaster
Speed, it would lead to a deviation rate of approximately 11%. For these two
process steps, the deviation from labeling one geometry highly inconsistent
would lie under the defined limit. The reason that only two of our repeating
geometries cover the process step part handling with the SmartGate is in
the little representation of this process step in the whole labeling dataset
of 80 geometries since this process step only applies to small geometries.
However, the majority of the geometries in our labeling dataset are bigger
than 160 mm length and width. All in all, we conclude that the experts are
capable of estimating the complexity of parts in sheet metal processing.

The analysis of the repeating geometries further has shown a consensus
on the complexity of many geometries and process steps. Examples of this
are geometry A, D, and G for both laser cutting and part handling with the
SortMaster Speed. We have other geometries where the experts highly varied
in the labeling, like geometry J for laser cutting, and geometries C and I for
part handling with the SortMaster Speed. In addition, many experts delivered
similar explanations for the complexity they assigned, like undercuts and
inner contours. Moreover, we can see the link between the explanations given
by the experts and the part characteristics.

Now, we want to investigate if we can transfer the labeling results to other
geometries using an algorithm.

5.5 Transferring the Labeling Results to New
Geometries

We want to transfer the results of the complexity to other geometries. By
doing so, we also check the generalizability of our results. We decided to
implement the algorithms Random Forest Regressor and Random Forest
Classifier for the transfer of results and testing for generalizability, as these
algorithms fit our research problem and offer interpretability. Before, we
analyzed the influencing factors of the geometry features.

5.5.1 Analysis of Influencing Factors

To analyze the influence of the geometrical features on the algorithm, we
first calculated the mean complexity values per process step based on the
complexity labeling participants who passed the repetition test. If applicable,
we removed empty values, e.g. for part handling process step that did not
apply. Then, we initialized a random forest classifier with 100 trees and a
fixed random seed. We applied Leave-One-Out Cross Validation (LOOCV)

to evaluate the model’s performance and calculated the mean accuracy and
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standard deviation over all LOOCYV iterations. We present the five most
important features per process step in the following.

5.5.1.1 Laser cutting

For laser cutting, the random forest classifier achieved an accuracy of 73.75 %
and a standard deviation of accuracy of 0.44. While the accuracy seems
promising, the rather high standard deviation indicates that our model is
unstable.

Table 5.7 presents the five most important features and their importance.
Overall, no feature domains, and the most important features have relatively
similar importance scores between 0.06 and 0.12. The ratio of the area of
the convex hull and the part’s area including inner contours is the most
important geometrical feature with an importance of 0.121. The cutting
degree achieved an importance of 0.087, followed by the amount of inner
contours with an importance of 0.064. The circumference of an adapted circle
reached an importance of 0.063. In contrast, the ratio of the contour length
of the outer contour and the circumference of an adapted circle reached an
importance of 0.061.

Geometrical Feature Importance

The ratio of the area of the convex hull and the part’s area, including|0.1210001
inner contours

Cutting degree 0.087270
Amount of inner contours 0.064230
Circumference of an adapted circle 0.063605

The ratio of contour length of the outer contour and the circumference|0.061319
of an adapted circle

Table 5.7: Factor analysis of the five most important features for the process
step laser cutting

In comparison to the occurrences of categorized explanations for the
process step laser cutting shown in Figure 5.7, the inner contours are
mentioned the most second only to no issues, which is reflected by the
amount of inner contours being one of the five most important features of
the random forest classifier. The undercuts and scrap cutting being required
were mentioned on places four and five, respectively. These explanations are
reflected in the five most important geometrical features in the cutting degree,
the ratio of the area of the convex hull and the part’s area, including inner
contours, and the amount of inner contours.
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5.5.1.2 Part Handling with the SortMaster Speed

For part handling with the SortMaster Speed, the random forest classifier
reached an accuracy of 70 % and a standard deviation of accuracy of 0.46.
Similar to the process step laser cutting, the accuracy seems to be promising,
while the standard deviation of the accuracy indicates an unstable model.

Table 5.8 presents the most important geometrical features and their
importance. Similar to the process step laser cutting, no single feature
dominates. The most important feature is the ratio of the contour length
of the outer contour and the circumference of an adapted circle with an
importance of 0.108, followed by the ratio of the part’s circumference and
the circumference of the convex hull with an importance of 0.089. The ratio
of the area ignoring inner contours of the part and the area of the bounding
box achieved an importance of 0.065, while the length of the x-axis for the
rotated part polygon’s minimum rectangle achieved an importance factor
of 0.06. The last feature in the table is the ratio of the area of the convex hull
and the part’s area, including inner contours, which achieved an importance
of 0.059.

Geometrical Feature Importance

The ratio of contour length of the outer contour and the circumference|0.108376
of an adapted circle

The ratio of the part’s circumference and the circumference of the|0.088823
convex hull

The ratio of the area ignoring inner contours of the part and the area|0.065191
of the bounding box

Length of the x-axis for the rotated part polygon s minimum rectangle|0.060792

The ratio of the area of the convex hull and the part’s area, including|0.058896
inner contours

Table 5.8: Factor analysis of the five most important features for the process
step part handling with the SortMaster Speed

The occurrences of categorized explanations for the process step part
handling with the SortMaster Speed in Figure 5.8 indicate that the placement
of the suction cups and the pins being problematic were most often mentioned
by the labeling participants, followed by undercuts and bending being
problematic. Both the placements of the pins and the suction cups hint at
inner contours making the placement more challenging, which are reflected
in the ratio of the area of the convex hull and the part’s area, including inner
contours. However, one would expect these placements to be more directly
reflected in the most important features by the amount of inner contours,
which they are not. The undercuts are reflected in both the ratio of the
contour length of the outer contour and the circumference of an adapted
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circle and the ratio of the part’s circumference and the circumference of the
convex hull; as these two features may indicate non-linear outer contours.
The bending being problematic is reflected in the length of the x-axis for the
rotated part polygon s minimum rectangle, as the risk of bending increases
in longer parts.

5.5.1.3 Part Handling with the SmartGate

The random forest classifier achieved an accuracy of 90 % and a standard
deviation of accuracy of 0.3 for the process step part handling with the Smart
Gate. In contrast to the process steps of laser cutting and part handling with
the SortMaster Speed, the random forest classifier achieved a higher accuracy
and a lower standard deviation of accuracy, indicating a more stable model
and a better classification. However, one should keep in mind that the sample
size for the part handling with the SmartGate was significantly lower than
for the other two process steps.

Table 5.9 presents the five most important factors for the process step part
handling with the SmartGate. The most important feature is the length of
the part’s bounding box in x-dimension with an importance of 0.24, followed
by the antipodal distance with an importance of 0.15. The three remaining
factors are of similar importance, with 0.08 for the contour length of the part’s
convex hull; 0.08 for the length of the outer contour of the part, and 0.07 for
the length of the x-axis for the rotated part polygon’s minimum rectangle.
As the requirements for part handling with the SmartGate are that the part’s
size has to be within 160 mm x 160 mm, it is reasonable that the random
forest classifier concentrates on features indicating the size of the part like
the length in x-dimension or the antipodal distance.

Geometrical Feature Importance
Length of the part’s bounding box in x-dimension 0.234903
Antipodal distance 0.144600
Contour length of the part’s convex hull 0.077110
Length of the outer contour of the part 0.074491
Length of the x-axis for the rotated part polygon s minimum rectangle|0.072869

Table 5.9: Factor analysis of the five most important features for the process
step part handling with the SmartGate

Figure 5.9 from Subsection 5.3.3.3 shows the occurrences of categorized
explanations for the process step part handling with the SmartGate. The
tilting being problematic is mentioned most often, followed by the size being
problematic and the placement of the ejection cylinder being problematic as
well as undercuts. Tilting occurs usually with circular parts, which are not
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represented in the five most important factors. The size being problematic
is represented in the three factors length of the part’s bounding box in
x-dimension, antipodal distance, and length of the x-axis for the rotated
part polygon’s minimum rectangle. The placement of the ejection cylinder
depends on inner contours, which are not represented in the five most
important factors. The undercuts may be hinted at by the contour length
of the part’s convex hull and the length of the outer contour of the part.

5.5.2 Implementing the Algorithms

First, we implemented a Random Forest Regressor with both k-fold cross
validation with k=5 and leave one out cross validation. The performance
metrics achieved by this algorithm suggest varying levels of predictive
accuracy and consistency across different process steps and cross-validation
techniques.

Next, we tried a random forest classifier, hoping that the lower granularity
with complexity classes rather than continuous complexity values would
achieve better results. First, We tried three classes small, medium, and high
complexity, with the medium complexity ranging from 1.2 to 1.8. We tested
the three cross-validation methods repeated k-fold cross-validation, stratified
k-fold cross-validation, and leave one out cross-validation. This algorithm
also was not capable of reliable classification of the complexity classes. We
observed significantly better results for the complexity classes with many
instances, like the 53 medium complex parts for laser cutting and the 31
highly complex parts for part handling with the SortMaster Speed. We have
seen the poorest results for the classes with only a handful of instances, like
parts that are highly complex for laser cutting or parts that are highly or
medium complex for part handling with the SmartGate. This indicates that
the algorithm would benefit from more geometries that are evenly distributed
across the complexity classes. All in all, the algorithm fails to at least reliably
identify highly complex parts of the process steps. However, the algorithm
seems to be well-suited for the identification of the applicable part-handling
process. This distinction requires less sophisticated part characteristics since
this solely is dictated by the parts’ width and length.

Lastly, we decided to investigate the classification results for the two classes
small and high complexity, following the labeling scale. We defined small
complexity as parts with a complexity lower than 1.4, and high complexity
parts with a higher complexity. Again, we used "not_applicable” for parts not
applicable to part handling with the SortMaster Speed or the SmartGate.
Since the implementation of the classification algorithm with two classes
worked best for the process step laser cutting, we will explain only these
results in detail.

Table 5.10 shows the performance metrics for the process step laser cutting
and two complexity classes.
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Complexity Class|Accuracy|Recall|fl-Score|Support
high 0.38 0.24 |0.29 25

small 0.7 0.82 |[0.76 55

Table 5.10: Performance Metrics per complexity class for Random Forest
Classifier and the Process Step laser cutting.

For the high complexity class, the algorithm achieved an accuracy of 38%.
This indicates that 38% of instances belonging to the high complexity class
were correctly classified, in comparison to 50% accuracy for three complexity
classes. The recall, which measures the ability of the model to correctly
identify instances of the high complexity class, is at 24% slightly higher than
the 20% for three complexity classes. The F1-Score, which balances precision
and recall, is 0.29. There are 25 instances of the "high” complexity class.

Although we have far more instances of high complexity with only
two complexity classes, the algorithm’s ability to classify highly complex
geometries worsened.

The algorithm performed significantly better for the small complexity
class, achieving an accuracy of 70%. This suggests that 70% of instances
belonging to the ”small” complexity class were correctly classified. The recall
for the small complexity class is 82%, indicating that the model effectively
identified 82% of actual instances of this class. The F1-Score, a harmonic
mean of precision and recall, is 0.76. There are 55 instances of the ”small”
complexity class.

In summary, the algorithm’s performance varies across different complexity
classes. It performs relatively better for the ”small” complexity class
compared to the ”high” complexity class. The ”"small” complexity class
demonstrates higher accuracy, recall, and F1-Score, indicating that the model
is more effective in correctly classifying instances of this class. However, for
the high complexity class, the model’s performance is notably poorer, with
lower accuracy, recall, and F1-Score.

Figure 5.62 shows the confusion matrix for the process step laser cutting
and two complexity classes. Of the 25 highly complex parts, only six were
correctly classified, while 19 parts were incorrectly classified as small. Of
the 55 parts with small complexity, 45 were classified correctly, while 10
parts were incorrectly classified as high.

In summary, the algorithm is not capable of reliable classification for
the process step laser cutting of highly complex parts, even with only two
complexity classes and more evenly distributed instances in each complexity
class.
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The performance metrics for two complexity classes and the process step
part handling with the SortMaster Speed are depicted in Table 5.11.

The algorithm achieved an accuracy of 81%, indicating that 81% of
instances belonging to the high complexity class were correctly classified. The
recall, which measures the proportion of actual high complexity instances that
were correctly classified, is 90%. The F1-Score, a balance between precision
and recall, is 0.85. There are 48 instances of the ”high” complexity class. In
comparison to the classification of highly complex parts and three complexity
classes, the algorithm now achieves a higher accuracy and a higher recall
for 48 parts instead of 31 parts. However, the performance is still not good
enough for implementation in daily tasks.

For the small complexity class, the algorithm achieved an accuracy of 69%.
This means that 69% of instances belonging to the small complexity class were
correctly classified. The recall for the small complexity class is 52%, indicating
that the model identified 52% of actual instances of this class. The F1-Score, a
harmonic mean of precision and recall, is 0.59. There are 21 instances of the
”small” complexity class. In comparison to the classification of parts with
a small complexity out of three complexity classes, the algorithm achieves
significantly better results. This compares the results of a complexity class
with 11 instances instead of 21.
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The algorithm achieved perfect accuracy, recall, and F1-Score for the not
applicable class, indicating that all instances of this class were correctly
classified. There are 11 instances of the "not applicable” class.

In summary, the algorithm performed well for the high complexity
class with high accuracy, recall, and F1-Score. It showed relatively lower
performance for the small complexity class, especially in terms of recall,
but still achieved reasonable accuracy and F1-Score. Additionally, the model
performed perfectly for the "not applicable” class, indicating excellent
classification for the part-handling process.

Complexity Class|Accuracy|Recall|fl-Score|Support
high 0.81 0.9 0.85 48
small 0.69 0.52 |0.59 21
not applicable 1 1 1 11

Table 5.11: Performance Metrics per complexity class for Random Forest
Classifier and the Process Step Part Handling with the SortMaster Speed.

For the part handling process steps and two complexity classes, the
algorithm’s performance is very poor for the high complexity class, with
no instances correctly classified. It performs moderately well for the small
complexity class, achieving decent accuracy, recall, and F1-Score. However,
the results are not good enough for new geometries. The algorithm only
demonstrates excellent performance for the ”not applicable” class, with high
accuracy, recall, and F1-Score, indicating that it is capable of distinguishing
between parts exclusively applying for part handling with the SmartGate and
those exclusively applying for part handling with the SortMaster Speed.

In summary, the Random Forest Classifier with leave one out
cross-validation performed best. However, the achieved performance metrics
for three complexity classes as well as for two complexity classes are
insufficient for implementation in daily tasks, with 81% being the highest
accuracy, achieved for parts that are highly complex for part handling with
the SortMaster Speed and two complexity classes. Nonetheless, the algorithm
can excellent distinguish between parts that are exclusively applicable for part
handling with the SortMaster Speed and those exclusively applicable for part
handling with the SmartGate.

5.5.3 Evaluation

We planned to evaluate the results of our algorithm with ten new geometries.
We would follow the same procedure as for the labeling geometry dataset
by randomly selecting ten new geometries from the original dataset and
altering these geometries to comply with non-disclosure agreements and
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protect intellectual property. After letting the algorithm—which was trained
on the labeling results—classify the ten new geometries, we would have
let the experts who passed the repetition test evaluate the algorithm’s
classification result. However, the poor performance of the algorithm made
such an evaluation pointless since we would not incorporate an algorithm
with so low-performance metrics in daily activities.

We assume the combinations of the algorithm, the geometrical features,
and the labeling variance to be responsible for the unsatisfying results:
First, we have a very little database with only 80 individual geometries.
By implementing test-train-split to evaluate the algorithms’ performance,
we limit the database even more. In addition, we have highly imbalanced
complexity labeling, where the majority of the parts have been labeled as
low complexity. By incorporating more geometries in the labeling process in
general and especially more highly complex geometries, we could improve the
database for the algorithm. However, increasing the geometries to be labeled
may increase the dropout rate, leading to poorer labeling results. Another
assumption is that the calculated geometrical features did not cover the
relevant complexity-influencing characteristics: While the relation between
part complexity and geometrical characteristics was clear during the analysis
of the repeating geometries, this relation was not as easy to capture for
the chosen algorithms. By incorporating more metrics that better reflect the
categorized explanations of the experts, such as the area per inner contour,
or a more sophisticated calculation of undercuts, maybe we could improve
the algorithms’ performance.

5.6 Discussion and Critical Reflection

Due to the endless possibilities of geometries, a statistical representativity
of our labeling geometries was impossible to achieve. Instead, we randomly
selected 80 geometries out of a database of over 16,000 customer geometries.
To comply with non-disclosure agreements and to protect intellectual
property, we manually altered these randomly selected geometries, following
the results of the individual depth interview: As described in Subsection 4.3,
we asked one potential participant for characteristics of highly complex
geometries to prepare the labeling database of 80 geometries. By installing
the repetition test as an evaluation mechanism, we ensured the quality of our
data collection by evaluating the participants’ labeling consistency over time.
We subjectively chose 30 % of high deviations for eliminating inconsistent
labeling since we did not find suitable limits in the literature. However, one
needs to keep in mind that we did not provide the middle option ”3” in the
rating scale, which might have provoked bigger deviations in the labelings.
Furthermore, the participants may have been influenced during the labeling
process by the prior geometries. The participants gained more experience in
complexity labeling each week, although the repeating geometries’ order did
not change which may have influenced their labeling.
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To keep our expert pool as large as possible, we also considered the
interviewee from the individual depth analysis for the complexity labeling
as participant P1. To allow for an evaluation of the consistency of the
participants’ labeling, we randomly selected ten geometries out of the 80
geometries that we manually altered to be repeated in each week of the
three weeks of the labeling, our repetition test. We subjectively chose 80
geometries as a database and ten geometries to be repeated, since these
numbers seemed to be a good trade-off between having a high enough number
to get trustworthy results and not having time-consuming labeling. As we
have seen in the analysis of the repetition test in Figure 5.3, participant
P1 only passed the repetition test for laser cutting with a critical deviation
of 0.1 and failed the repetition test for the process steps part handling with
the SortMaster Speed and part handling with the SmartGate with a deviation
of 0.44 and 0.5, respectively. One could argue that our complexity labeling
results would have been better with conducting the individual depth interview
with participants who do not have any deviations, like the participants P4 or
P14, or who have only small deviations, like the participants P19, P23, P27,
P28, or P29. However, before the complexity labeling, we had no quantitative
information on the participant’s knowledge of complexity-influencing part
characteristics. It is possible that we could achieve a more sophisticated
perspective by re-conducting the individual depth interview with participants
who passed the repetition test and then the complexity labeling, or by
conducting a subsequent complexity labeling with the participants who
passed the repetition test that focuses especially on complex geometries.

To further analyze the validity of our research, we evaluated the internal
and external validity. According to Campbell [2017], the internal validity
examines if the research measured what it was supposed to measure. In
our case, we aimed our research approach to investigate geometrical part
characteristics that influence its manufacturability, also called complexity.
Our research approach has indeed identified characteristics that influence
the parts’ complexity, demonstrating the internal validity of our research
approach: For the process step of laser cutting, geometrical characteristics
such as inner contours, undercuts, and notches were mentioned the most. For
part handling with the SortMaster Speed, inner contours make the placement
of pins and suction cups more challenging. Further geometrical characteristics
mentioned often for this process step were undercuts and long parts that
may bend. For the process step part handling with the Smart Gate, possible
tilting was mentioned most often. However, one needs to keep in mind that
the complexity-influencing part characteristics are not limited to those that
we identified.

The generalizability of the research results is called external validity
[DORING AND BORTZ, 2016; CAMPBELL, 2017|. We evaluated both the
generalizability of our research approach for the part complexity assessment
as well as the results. By adapting our research approach for the assessment
of part complexity to our exemplary production unit, we demonstrated its
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generalizability. This is why we strongly assume that our part complexity
assessment methodology can also be adapted to further technologies and
production units. However, one needs to keep in mind that the online
tool we developed to support our complexity labeling needs to be adapted
to the production processes and process steps of the chosen production
units or technologies. The transferability of our resulting part complexity
influencing part characteristics is limited. First, the results only apply
to our chosen production unit for the labeling. Before transferring these
results to other production units—even with identical process steps like
laser cutting—we strongly recommend further evaluation, if not adapting
our research methodology to the other production units or technologies.
Second, the transferability of our resulting part complexity influencing part
characteristics for the same production unit, but new geometries is inflicted
by the small database as well as its imbalancedness: Due to the small dataset
of 80 unique geometries and its imbalancedness with a majority of parts being
labeled as low complex, we could not achieve sufficient performance metrics
of the chosen algorithms to transfer the results to new geometries. However,
we are confident that the performance of the Random Forest algorithm would
benefit from creating a larger database by having more geometries labeled,
and by incorporating more highly complex within this geometry to reduce
the imbalancedness.

There are several suggestions to improve the research results in further
studies. First, one could increase the number of participants through
measures such as introducing a reward for the participants who complete
the labeling and by asking customers. For the latter, one should only include
customers with a complete ramp-up-phase of the production unit of usually
six months in which the production unit is made ready for daily use.
Second, one could adapt the part complexity assessment methodology to
further production units and technologies, increasing the confidence in our
methodology and gaining more knowledge about complexity influencing part
characteristics in general. Third, the results could be improved by covering
more geometries and especially more highly complex geometries, using the
first results of our studies for the generation of the labeling database. Fourth,
the part complexity could be assessed before and after the optimization of
production processes to keep the complexity influencing part characteristics
up to date and generate knowledge about the way the optimization affects
the production process.

5.7 Interim Result: Part Complexity
Influencing Part Characteristics

The second research question of this thesis is ”How do the part characteristics

influence the part complexity in sheet metal processing?”. We validated our

part complexity assessment methodology presented in Section 4 by putting it

into practice. 37.5 % of the participants completed at least two of the three
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weeks of the labeling and hence, are further considered in the evaluation. The
analysis of the repeating geometries has proven that the labeling participants
label the part complexity consistently for the process steps. The high rate of
participants failing the repetition test for part handling with the SmartGate
may lie in the small number of parts applying to this process step in the
dataset and hence, in the subset of repeating geometries. The elimination of
participants failing the repetition test on the process step level enhances
the quality of our labeling results. The resulting part complexities show
an imbalance since labeling with the low complexity classes 1 and 2 is
predominant, while only a minority of the complexity labelings are for the
high complexity classes 4 and 5.

To analyze the explanations given by the participants for the chosen part
complexity and process step, we created codebooks, one for each process
step. These codebooks contain the categories as well as a description of
what this category means to summarize the explanations given by the
participants. This categorization enables a better analysis since it uniforms
the language and summarizes explanations that have been phrased differently
by the participants. Since the aim was to identify geometrical characteristics
of complex parts, the category "no issues” was assigned when the chosen
complexity was 1. If a higher complexity was chosen without an explanation,
like ”...”, the category "no detailed explanation” was assigned. In addition to
the codebooks, we present the occurrence of each category for the respective
codebook.

Subsequently, we analyzed the ten repeating geometries. We illustrate each
geometry and describe its geometrical features. We present and interpret
the complexity labelings as well as the categorized explanations. For many
geometries, one can observe a consensus for both the part complexity and the
underlying reasons. For some geometries, the complexities vary, indicating the
need for deeper analysis. Part characteristics that seem to influence the part
complexity are undercuts and inner contours.

To transfer the labeling results to new geometries, we analyzed the
influencing factors and implemented both classification and regression
algorithms. The analysis of the influencing factors showed a correlation
between the five most important features for the algorithm and the occurrence
of explanations for the part complexity given by the participants. Despite
lowering the granularity by transforming the average complexities into
complexity classes, the algorithms did not achieve satisfactory performance
metrics. We assume the small dataset of only 80 geometries and the imbalance
within the labelings to be the reason, as well as a need for more sophisticated
part characteristics to further support the algorithm.

Furthermore, we reflect on our research approach. We especially shed light
on the elimination of the average value in the labeling rating scale, that one
labeling participant also participated in the individual depth interview for
the preparation of the labeling dataset, and the definition of the thresholds
for failing or passing the repetition test.
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In summary, we validated the part complexity assessment methodology
developed in Section 4 by putting it into practice. The experts have proven
their capability of assessing part complexity on the process step level. We
answered research question 2, "How do the part characteristics influence the
part complexity in sheet metal processing?”, by identifying part complexity
influencing part characteristics and identified future work to enable the
transfer of our labeling results to other geometries using a classification
algorithm.






Chapter 6
Application Possibilities of Part
Complexity

This section aims to answer this dissertation’s third research question, ”How
can part complexity contribute to the demand for data-driven information
about the customers along the product life cycle?” First, we present focus
groups as the chosen research approach in Subsection 6.1. Subsequently,
we explain the preparation of our focus group in Subsection 6.2, covering
the introductory information (see Subsection 6.2.1), the participants (see
Subsection 6.2.2), the setup (see Subsection 6.2.3), and the time plan (see
Subsection 6.2.4). While Subsection 6.3 gives insights into the conduction
of our focus group, Subsection 6.4 presents the resulting part complexity
use cases from the focus group in detail. After we compare the focus group
results to the literature review in Subsection 6.5, we discuss and reflect our
research approach in Subsection 6.6. Subsection 6.7 concludes this section
with a broad summery of the results and answers the research question.

6.1 Method: Focus Group

We chose focus groups as our methodology for identifying new application
possibilities for part complexity measures: First, we rely on expert knowledge
and need a research methodology that incorporates experts. Second, we want
the experts to interact with each other to promote discussions and broaden
the results. Third, we want this interaction not only between experts from
one area but between experts from as many relevant areas as possible.
Focus groups are structured interviews with 6-10 people [COOPER AND
SCHINDLER, 2003; POWELL AND SINGLE, 1996] or 4-12 people [ToNG
ET AL., 2007] that are a heterogeneous group of experts providing different
perspectives [COOPER AND SCHINDLER, 2003]. Focus groups are used to
explore different views on a wide variety of topics, such as health issues [ToONG
ET AL., 2007; POWELL AND SINGLE, 1996], technical topics [COOPER AND
SCHINDLER, 2003], and many more. Focus groups usually meet for between
one and ten sessions until no new information is retrieved [POWELL AND

SINGLE, 1996].
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In focus groups, the participants are encouraged to interact with each
other and discuss the results [COOPER AND SCHINDLER, 2003; TONG
ET AL., 2007; POWELL AND SINGLE, 1996]. The disadvantages of group
interviews are that there is only little time to extract information from each
participant and difficulty in organizing and moderating group discussions
[COOPER AND SCHINDLER, 2003]. The moderator’s job is to manage overly
dominant participants and ensure that everybody can contribute [COOPER
AND SCHINDLER, 2003] and ensure a good dialogue in general [POWELL AND
SINGLE, 1996]. Focus groups typically meet for 1 to 3 hours [COOPER AND
SCHINDLER, 2003] or 90 to 120 minutes [POWELL AND SINGLE, 1996]. The
authors of Powell and Single [1996] recommend that a note-taker documents
participants’ behavior like dominant body language in case there is no video
documentation. Focus groups should start with an introductory session at
the beginning of the focus group so that the researcher, moderator, and
participants get to know each other [POWELL AND SINGLE, 1996].

The authors of Powell and Single [1996] researched focus groups for health
care settings, e.g. when sensitive personal information like birth stories are
shared, and recommend that only people who do not know each other
participate in the focus group to avoid difficulties within the group, e.g. due
to different seniority levels, and to get more honest answers. Furthermore,
it is not recommended to follow the recommendations of other people who
should participate in the focus group [POWELL AND SINGLE, 1996].

The authors of Tong et al. [2007] introduced a checklist intending to
improve the scientific reporting on focus groups. Their checklist covers the
areas of the research team, the study design, and the subsequent analysis
of the findings. Examples of items in their checklist are the relationship
between the researcher and the participants, information about the study
design like participant selection and the interview guide, and information
about the subsequent data analysis. We document our focus group using
the checklist of Tong et al. [2007] in Subsection 6.3. We follow the literature,
where possible. When needed, we adapt the method to our research endeavor.

6.2 Planning the Focus Group

This subsection presents the planning of the focus group with the aim
to identify further use cases of part complexity. First, we prepared the
introductory information for the focus group in Subsection 6.2.1. Then, we
selected the participants in Subsection 6.2.2. Subsection 6.2.3 presents the
preparation and setup of the focus group, while Subsection 6.2.4 contains the
time plan for the focus group.

6.2.1 Introductory Information

In the beginning of the focus group, we shared introductory information about
the definition of part complexity from Subsection 4.1, as shown in Figure 6.1.
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Definition of Part Complexity

We define sheet metal part
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Table 3.1: Part Complexity (PC) in Literature.
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Fig. 6.1: Introductory Information for the Focus Group: Definition of Part

Complexity. Own visualization.

Subsequent, we presented the approach for the assessment of part
complexity (see Figure 4.1 in Subsection 4.2) as shown in Figure 6.2 and
the supporting labeling tool (see Figure 4.7 in Subsection 4.3.3) as shown in
Figure 6.3. Then, we introduced the ten repeating geometries.
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Fig. 6.2: Introductory Information for the Focus Group: Assessing Part

Complexity. Own visualization.
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The Labeling-Tool
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Fig. 6.3: Introductory Information for the Focus Group: The Labeling Tool
for Part Complexity. Own visualization.

We decided to only show a selection of the repeating geometries to save
time and not overload the introductory information, so we explained the
repeating geometries A, B, C, E, and I in detail. We exemplary show the
slide for geometry I in Figure 6.4
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Fig. 6.4: Introductory Information for the Focus Group: Repeating Geometry
1. Own visualization.
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We summarize the conclusion from Subsections 4.5 and 5.7 that part
characteristics influence the part manufacturability, that we were able to
identify characteristics that influence the part complexity, and that we are
confident that by enlarging the database, the results can be generalized.
Afterwards, we share the part complexity use cases found in the literature
of production optimization and production technology selection presented in
Subsection 3.2.1.

To identify further part complexity use cases in the focus group, we
developed the template shown in Figure 6.5. We brought these templates
printed on paper for the focus group, serving a double purpose: First, the
template would document the results in a standardized way. Second, the
focus group participants were not required to use their laptops, hopefully
leading to fewer distractions. To enhance the understanding of the template,
we prepared an example template.

The template provides check boxes to indicate to which stakeholder group
the use case belongs as well as three text boxes. The first text box, description,
should describe the new part complexity use case. As an example, we brought
the use case of customer comparison with a KPI set to support consulting
activities and customer specific offers. The next text box, status quo, should
contain a description of the current situation. In our example, the current
situation is a customer comparison on the basis of their vertical range of
manufacture and their sales with our industry partner. The last text box
should contain the future advantage with part complexity. In our example,
the future advantage with part complexity is the enrichment of the customer
comparison with part complexity based on field data. This information may
support consulting activities such as benchmarking the customers’ production
and offering them more fitting solutions. Figure 6.6 shows the exemplary part
complexity use case presented as part of the introductory information for the
focus group.
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Template for the Description of the Part Complexity Use Cases

Use Case: [] Product and Portfolio Management [ ] Research and Development
D Sales and Consulling

Description:

Status Quo:

Future advantage with part complexity:

Fig. 6.5: Template for the focus group. Own visualization.
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The Template for Describing the Use Cases

Use Case: [[] Product and Portfolio Management  [_| Research and Development
D Sales and Consulting

Description:

We want to compare the customers on the basis of KPIs to support sales and consulting meetings and to
provide the customers with an individual offer.

Status Quo:
We compare customers based on their machine tool selection and the revenue with us. Inforamtion about
customer job order are either missing or limited.

Future advantage with part complexity:
For TRUMPF customers who allow data sharing, information about their job orders from the field are available.
We can use this information to benchmark their machine tool selection and identify gaps and solutions.

Fig. 6.6: Introductory Information for the Focus Group: Exemplary Use Case.
Own visualization.

6.2.2 Participants

The goal was to have three or four participants from each stakeholder group,
identified in Subsection 1.1, of product and portfolio management, research
and development, and sales and consulting. This leads to a total of nine to
twelve participants. We did not follow the recommendation of Powell and
Single [1996] that the participants should not know each other and not
to follow recommendations of participants who else should participate for
several reasons: First, we only had access to one company, meaning that the
participants would know each other, especially since we asked members of the
same department to ensure a broad perspective from this stakeholder group.
Second, we wanted to have experienced people participating in the focus
group to ensure meaningful results, so we followed the recommendations of
people who could not attend themselves but recommended replacements.

6.2.3 Focus Group Preparation and Setup

We asked a co-moderator to plan and hold the focus group together.
The aim was to benefit from the co-moderator’s experience and to divide
the responsibilities: With the more experienced co-moderator focusing on
time-keeping or moderating in case of differences with the focus group
participants, the researcher can concentrate solely on achieving the results.
To avoid afternoon sleepiness and ensure a good mood during the focus group,
we decided to have pots with sweets available during the productive phases of
the focus group and to bring donuts for the breaks. In addition, we brought
Kinder Eggs, sweets with a figurine, for the feedback round to make it more
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interesting. After each participant has received a Kinder Egg, they have to
give feedback incorporating their figurines.

6.2.4 Time Plan

From our own experience, focus groups are best when their schedule is flexible
enough to provide the possibility of breaks and changes that are decided
together with the focus group participants. As an orientation, we developed
the time plan presented in Table 6.1 to estimate the time required for each
step in the focus group and ensure we were not running out of time. We
planned from the beginning to use the schedule as orientation and decide
spontaneously during the focus group for changes and breaks to capture the
most information possible.

We decided on a half-day focus group, starting at 1.30 pm and ending
at 5 pm. We aimed for a 3-hour focus group, including 30 minutes reserved
for breaks to avoid decision fatigue and having a buffer of an additional 30
minutes. Due to time and capacity constraints, we wanted to conduct the
focus group in one session to capture the most relevant use cases of part
complexity. As visualized in Table 6.1, we introduced ourselves first and
presented the agenda of the focus group. Subsequently, the participants
introduced themselves in 60 to 90 seconds. We reserved 45 minutes for the
technical introduction and the template described in Subsection 6.2.1. We
planned two parts for the working group with a duration of 30 minutes each.
First, the stakeholder groups collect use cases and then prioritize them using
points. The more points a use case has, the more important it is. Second,
the stakeholder groups should describe the three most important use cases
using the template, present their results, and clarify questions. Afterward, we
planned to thank the participants for their time and collect their feedback
using the Kinder Eggs. We reserved 20 minutes for the feedback. In the last
ten minutes, we planned to summarize the results of the focus group.
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Focus Group Time Plan

Greeting Introduction of the moderators, agenda of the focus 3-5 min
group
Get to know Each participant introduces him- or herself 1-1.5 min per
person, 15-20 min
total
Technical Presentation of part complexity and clarifying 30 min

introduction questions of the participants

Example of a Presentation of an exemplary use case using the 10-15 min

Use Case template to communicate the expectations of the

focus group towards the participants, including

questions
Break 20-30 min
Working Collecting use cases for part complexity within the 30 min
Group - Part stakeholder groups and prioritization of the collected
1 use cases within the stakeholder groups by ranking

with points

Working Describing the three most important use cases within 30 min
Group - Part the stakeholder groups and presenting the use cases

2 to the other groups and clarifying questions

Closing Thanking for participation

Feedback Collecting the participants’ feedback 20 min
focus group Summary of the focus group results 10 min
Summary

Table 6.1: Time Plan of the focus group.

6.3 Conducting the focus group

To document the focus group, we adapt the checklist introduced by Tong
et al. [2007]. The researcher, the moderator, and the participants work at
the same company, and some, but not all participants work in the same
department as the researcher. Two participants first met the researcher and
moderator during the focus group. The researcher shared the goal of the focus
group at its beginning to ensure that everybody was on the same page. For
methodological orientation and theory, information about part complexity
was shared at the beginning of the focus group in the form of a presentation
supported by slides. The participants were selected purposefully to ensure
that each of the three stakeholder groups was represented in the focus
group. The participants were approached via e-mail. Since two participants
dropped out on short notice due to illness, eight people participated in the
focus group. The focus group took place in the workplace of the researcher,
participants, and moderator. The moderator was the only person present
who did not conduct the research or participate in the focus group. Due to
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data confidentiality, we do not provide information about the participants’
demographic data. We did not conduct a pilot test to test the focus group
design. We used the template shown in Figure 6.5 as an interview guide that
also serves as field notes. We did not conduct repeat interviews, which may
lead to insaturated data: It is likely that by repeating the focus group with
other stakeholders and representatives, more use cases of part complexity
can be identified. We decided against audio and visual recording to create
an atmosphere where everyone could speak freely, and documentation was
ensured by the templates. No transcripts were returned to participants. The
focus group took place on March 5th, 2024, from 1 p.m. to 5.30 p.m.

Due to some participants having trouble finding the location, we started
approximately 15 minutes later. In addition, some participants declined the
focus group on short notice a couple of hours in advance, which led to an
under-representation of the stakeholder group sales and consulting with only
one participant. Hence, we allocated one participant from the stakeholder
group product and portfolio management to the stakeholder group sales and
consulting since he had experience in this field and we had four participants
already from this group. This led to three participants representing product
and portfolio management, three for research and development, and two for
sales and consulting.

In addition, some participants had to attend meetings throughout or at
the end of the focus group, so they had to leave for a while during the focus
group or leave the focus group earlier. This led to a high fluctuation of the
participants during the focus group. However, we were only a small group
of eight participants, we had a moderator and a technical expert, and every
participant was present during the introductory session. This enabled a small
catch-up when the participants arrived so that they could re-enter the focus
group and participate.

Moreover, we expected the stakeholder groups to identify use cases for part
complexity specific to their area of origin. However, during the presentation
of the results of the first working group, we discovered high similarities in the
identified use cases. This is why we decided together with the focus group
participants to collect the individual use cases and to describe them in small
groups without assigning them to specific stakeholder groups. Due to the
number of use cases being smaller than expected, we decided against the
previously planned prioritization and let the participants specify each use
case.

6.4 Resulting Use Cases of Part Complexity in
Sheet Metal Processing

This subsection presents the use cases for part complexity resulting from
the focus group. The subsection consists of three different sections, one
for each of the stakeholder groups product and portfolio management (see
Subsection 6.4.1), research and development (see Subsection 6.4.2), and
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sales and consulting (see Subsection 6.4.3). Each use case is presented in
the template from Figure 6.5 and subsequently described in detail. The
participants did not name every use case. Hence, we number the use cases to
distinguish them in this thesis. The use case names defined by the participants
are documented where applicable. Since the language of the focus group was
German, we translated the resulting use cases into English. The original
templates can be seen in Appendix A.1.

6.4.1 Product & Portfolio Management

The focus group identified one use case of part complexity for the product
and portfolio management stakeholder group, presented in Table 6.2. The
participants did not name this use case.

Use Case 1

Description: The product and portfolio management continuously optimize the
portfolio. They want to identify portfolio gaps and make improvements. By clustering
the customers based on the application and part complexity, the portfolio can be
designed purposefully.

Status Quo: Utilization of the benchmark sheets (calculating the average, only
optimized for 2D laser cutting) for internal performance grading of the series and
competitor analysis. Comparison of part complexity based on technical data like part
weight and part size leads to very simple analyses.

Future advantage with part complexity: Further step to represent the situation
on the customer shop floor. Better clustering of the customers according to the use
case is possible. More purposeful requirements engineering is possible, as well as for
more complex systems.

Table 6.2: Use Case 1 - Product & Portfolio Management.

With one major task being the optimization of the portfolio, the product
and portfolio management identifies portfolio gaps and define optimization
measures. To do so, the product and portfolio management needs to get an
overview of the customers, using methods such as clustering. Currently, the
product and portfolio management employs the benchmark sheets, visualized
in Table 2.1 from Subsection 2.3.2, to research the internal performance of the
different machine tool series and for competitor analyses. Considering that
the benchmark sheets rely on average values and have been optimized for 2D
laser cutting, not for each of the machine tool series, this does not provide
optimum results. To provide more up-to-date analyses, product and portfolio
management uses technical data like part weight and part size to compare the
part complexity. Due to the limited available data, these analyses are rather
simple. For future applications, the product and portfolio management views
the concept of part complexity as a further step to represent the current
situation on the customers’ shop floors. The customers’ shop floor can be
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depicted in more depth, providing greater insight into the use of the portfolio
and the customers’ needs if information about the part complexity and hence,
the part manufacturability is available. In addition, customer clustering
can be enhanced by part complexity information, leading to customer
clustering better fitting to the use cases, such as ”customers with higher
part complexity”. Lastly, the product and portfolio management mentions
requirement engineering benefitting from information about part complexity,
especially requirements engineering targeting more complex systems like
highly advanced machine tools or interlinking machine tools, automation
components, and storage options.

In summary, although the participants filled out one template for part
complexity use cases, they identified the three part complexity use cases
customer clustering, product usage, and understanding the requirements
towards the portfolio for product and portfolio management.

6.4.2 Research & Development

For the stakeholder group research and development, the focus group
identified three part complexity use cases.

Use Case 2: Risk assessment for part cost calculation

Description: We want to offer a realistic risk markup for the part cost calculation
based on the part complexity.

Status Quo: Markup based on gut feeling or experience for alleged complex parts.

Future advantage with part complexity: Enabling fair and realistic offers.
Job shoppers like EaaS bear fewer risks. We offer a new business case
? Calculate-as-a-Service” (CaaS) as a webshop for customers.

Table 6.3: Use Case 2 - Research & Development.

The first research and development use case is the risk assessment for part
cost calculation, depicted in Table 6.3, where the manufacturing cost of parts
is calculated. To consider cost drivers such as re-manufacturing and repetition
of process steps due to difficult parts, a markup for complex parts shall be
included. Currently, this markup is added to the part cost calculation based
on gut feeling or the experience of the calculators with alleged complex parts,
leading to both over- and under-calculation of the part costs. In the future,
part complexity may enable fair and realistic manufacturing cost offers due to
the increased data-driven objectivity. The focus group especially sees future
advantages for job shoppers, who are characterized by producing different
parts with only small batch sizes, which does not allow for the manufacturing
experience of the parts comparable to product shoppers who manufacture
larger batch sizes of a smaller variety of different parts. A use case that
may highly benefit from part complexity is Equipment-as-a-Service, also
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known as Pay-per-Part, which does not sell the machine tools but the usage
of the machine tools, based on the cost of the manufacturing of each part
on the machine tools. Another use case for part complexity-based part cost
calculation identified by the focus group is Calculate-as-a-Service, a webshop
for customers to calculate the parts’ manufacturing costs.

One needs to keep in mind that cost is mentioned in the literature in the
context of part complexity for both production technology selection [GRECO
ET AL., 2022] and production optimization [LOHTANDER AND VARIS, 2008;
QAMAR ET AL., 2019; JosHI AND RAvI, 2010; BEN AMOR ET AL., 2022]
(see Subsection 3.2). However, while many authors agree on a link between
part complexity and cost [QAMAR ET AL., 2019; JOsHI AND Ravi, 2010;
BEN AMOR ET AL., 2022], we did not find a use case combining part
complexity and the calculation of part costs including a markup for risks
due to the part complexity.

Use Case 3: Developing new technologies or machines

Description: We want to develop (new) technologies and/or machines based on
complexity thresholds.

Status Quo: We try to optimize technologies individually, independent of their
performance regarding known complex customer parts.

Future advantage with part complexity: Planning of new development projects:
Purposeful, customer-oriented development of machines, so that we can quantify the
added value to the customer. Offers transparency for the customers in the development
process.

Table 6.4: Use Case 3 - Research & Development.

The second part complexity use case for research and development is
shown in Table 6.4. The focus group states that they want to develop new
technologies and machines based on complexity thresholds, so how suitable
a technology or machine is for a certain range of complexity. Currently, the
technologies and machine tools are optimized individually, without taking
into consideration how the technologies and machine tools perform for
customer parts that are known to be highly complex. This approach leaves
room for optimization since the customers’ job orders and hence the future
use of the machines and technologies is not considered in depth. In the future,
information about part complexity can assist new development projects by
enabling the customer-oriented development of machines and quantification
and transparency of the added value to the customers, such as a decrease
of the complexity for a certain percentage of the customers’ job orders,
potentially leading to a more robust production.
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Use Case 4: Optimization of shift planning

Desription: We want to optimally utilize the machines selected based on the customer
product portfolio to minimize production downtimes. In addition, we want to optimize
the production order.

Status Quo: Until now, there is no organization in day and night shifts based on the
part complexity. Oftentimes, the decision is based on the technology level, e.g. such
that punching machines in combination with automation components are put in the
night shift.

Future advantage with part complexity: Downtimes in the night shift can be
avoided, especially for machines with automation components.

Table 6.5: Use Case 4 - Research & Development.

The third and last use case of part complexity for research and
development, depicted in Table 6.5, is the optimization of shift planning. The
focus group says that they want to optimally utilize the selected machines
based on the customer product portfolio, so what machines to use for
the parts, and to optimize the production order to minimize downtimes.
Currently, the parts are not selected based on their complexity if they
are going to be produced in the day or night shift, but on the technology
level: Parts that can be produced on machine tools that are connected to
automation components on the customer site, e.g. that enable automated
loading and unloading of parts, are put in the night shift. In contrast to
this, machine tools that are not connected to automation components on
the customer site are usually scheduled for the day shift with more people
present. The focus group sees the future advantage with part complexity that
by selecting the orders for the night shift not only on the technology level
but also on part complexity, the downtimes in the night shift can be reduced,
improving the production’s productivity.

6.4.3 Sales & Consulting

The focus group identified four use cases of part complexity for the sales and
consulting stakeholder group, which is half of the use cases identified.
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Use Case 5

Description: Development of new business cases like performance benchmarking, e.g.
with a peer-to-peer comparison

Status Quo: Currently, such a comparison is only viable on metrics like ”laser on”.
There is no reliable database regarding the part complexity or the production range.
The machine forgets all information regarding a part as soon as the part has left the
machine.

Future advantage with part complexity: New business case: The customer gets
his performance in comparison to his peers, customers with a similar part range,
visualized. ldea: Part data are anonymized and then processed according to the
EU Data Act. Subsequently, this information can be made available to comparable
customers.

Table 6.6: Use Case 5 - Sales & Consulting.

The first sales and consulting use case is depicted in Table 6.6. The
focus group sees the development of new business cases as one use sales
and consulting use case that could benefit from part complexity. As an
example, they name performance benchmarking and especially peer-to-peer
comparison. Currently, customers can only be compared on metrics such
as "laser on”, which do not give insight into the productivity or usage of
the machines and instead only if the laser of the laser cutting machine
is active. Moreover, the development of new business cases and customer
comparisons suffer from the lack of a reliable database providing information
about the part complexity or the production range, as the machine does
not save information about the parts. In the future, part complexity can
enable new business cases such as customer comparison that considers the
part range, providing a more useful comparison with other customers that
are likely to face similar challenges. Another idea named by the focus group
is to anonymize the part data and process it according to the EU Data Act
to share this information with comparable customers.
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Use Case 6

Description: We want to provide a tool for both sales and customers for the
identification of the best machine configuration for the use case.

Status Quo: Application engineers conduct feasibility studies. Based on these
feasibility studies, the machine series and the options are selected. The basis is
expert knowledge, in addition, the system is not scalable. The whole application is
extrapolated based on a few parts. This leads to a high risk that the offered system
does not fulfill the customer’s requirements.

Future Advantage with Part Complexity: Scalable approach for automated
feasibility studies. The whole production system can be analyzed, not a single
machine. In addition, the customer can be shown a path of growth. Goal: automated,
usage-specific system configuration. Requirement: Field data or benchmark.
Alternatively: representative, big enough sample.

Table 6.7: Use Case 6 - Sales & Consulting.

The second sales and consulting use case is shown in Table 6.7. The
participants did not assign a name to Use Case 6. During the sales process,
a tool shall be provided for both sales and customers to identify the best
machine configuration for the customer’s use case, as not only do the machine
tools themselves have different options to choose from but can be combined
with automation components and storage options. These possibilities increase
the challenge of identifying the best-fitting machine set-up for the customer’s
needs. As of now, application engineers conduct feasibility studies to examine
whether and if positive, how good a machine can produce a set of customer
parts. These analyses are the foundation for choosing the machine series
and the machine options for the customer, in combination with the expert
knowledge of the salespeople. This subjective information makes the selling
process prone to outcome quality deviations, while the feasibility studies are
time-consuming and not scalable. These two caveats limit the number of
customers the salespeople can address. In addition, the feasibility studies are
based on only a few parts that are extrapolated, leading to a high risk that the
offered system of machine tools does not fulfill the customer’s requirements.
The focus group sees several benefits from adding information about part
complexity to this use case: First, they assume that information about the
part complexity instead of using actual customer parts for the feasibility
study will enable automated feasibility studies, making them scalable. If
customer parts are studied, the technologies to be observed are limited by
the production processes required by these customer parts. In contrast to
this, part complexity information allows for examining whole productions
instead of a limited number of production technologies. In addition, part
complexity would allow to show the customer a path of growth by altering
the part complexity parameters to visualize different scenarios of changes in
the customers’ job orders. The focus group sees automated and usage-specific
configuration of production systems as a goal for this sales and consulting
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use case. Requirements for this automated and usage-specific configuration
of production systems are field data or sample data big enough to be
representative.

Use Case 7

Description: 1 want to compare the customers that produce similar parts and tell
the customers how they perform compared to their peer group.

Status Quo: I can segment the customers solely depending on the industry fields.
Job shops are hardly comparable.

Future advantage with part complexity: Customers, especially job shops, can be
segmented based on the part complexity and systems.

Table 6.8: Use Case 7 - Sales & Consulting.

Table 6.8 shows the third sales and consulting use case of part complexity.
The participants did not define a name for Use Case 7. The use case aims to
compare customers who produce similar parts and to show customers how
they perform compared to their peer group. This use case is similar to Use
Case 5, depicted in Table 6.6. The difference between these two use cases
is that Use Case 5 focuses on developing new business models enabled by
part complexity, while Use Case 7 concentrates on customer segmentation.
Currently, these customer segmentations depend on the customers’ industry
fields, which limits them to product shoppers who produce many times the
same products and know in which industry they deliver. In contrast to this,
job shoppers produce many different products with small batch sizes and
often do not know in which industry they deliver. The focus group sees the
future advantage of customer segmentation with part complexity information
in the fact that then all customers, but especially job shops can be segmented
based on their part complexity and their production systems.



142 CHAPTER 6. APPLICATION POSSIBILITIES OF PART COMPLEXITY

Use Case 8: Production planning

Description: | as production manager want to schedule possible rework from the
beginning and create required quality checks for difficult parts automatically in the
production plan. As a production manager, 1 want to produce the parts (system
selection) where they can be produced process-reliable.

Status Quo: I need to estimate rework manually for each part or not consider the
rework at all. I have to manually create the quality check in the work plan. The
customer nests based on experience and gut feeling, which parts are produced on
which system.

Future advantage with part complexity: The time for rework will be determined
automatically based on the part complexity. Quality checks are created automatically
in the production, based on the part complexity. Suggestions for nestings and systems
are generated automatically and can be modified, aiming to reduce the production
planning effort.

Table 6.9: Use Case 8 - Sales & Consulting.

Table 6.9 presents the fourth part complexity use case for the sales and
consulting stakeholder group and the last use case identified by the focus
group. For production planning, the production managers want to schedule
highly possible rework from the beginning to avoid rushing the production
or failing to meet delivery deadlines. Moreover, the production time plan can
be created more robust by incorporating quality checks for complex parts
from the beginning instead of solely identifying faulty parts by accident.
In addition, the production managers want to schedule the parts for the
machines and production systems with the least complexity, where the parts
have the highest chance of reliable production. Currently, the production
managers estimate the rework manually for each part or not consider possible
rework, in addition to manually deciding where to put quality checkpoints.
This inhibits the risk of timely inaccurate production plans that do not meet
the production targets. Furthermore, the production technologies are selected
based on gut feeling and experience for each part instead of based on data. In
the future, part complexity can support production managers, as the time for
rework could automatically be calculated based on the part’s complexity, as
well as part-specific quality checks. In addition, the production technologies
can be selected based on the part complexity, and similarly complex parts
can be nested together on the metal sheets.

6.5 Comparison with Literature

This subsection maps the findings from the focus group to those from the
literature review. First, we describe the table summarizing this mapping,
followed by a general description of the focus group results. Subsequently,
we describe the use cases and how they map to the literature in detail and
conclude with the key takeaways.
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Table 6.10 presents the findings of our focus group in the context of the
use cases revealed in the literature review from Section 3. We added the two
part complexity use cases from Section 3.2 to Table 3.1 from Subsection 3.1.
Then, we added the use cases identified in the focus group that were not
covered by literature to Table 6.10. Table 6.10 distinguishes between those
use cases from the literature review and those from our focus group in the
second and third columns.

6.5.1 General Description of Focus Group Results

The focus group identified new use cases for part complexity that were
neither covered in the literature review regarding the need for data-driven
methods along the product life cycle (see Subsection 3.1) nor regarding the
part complexity use cases (see Subsection 3.2). The focus group identified
three additional use cases for the sales and distribution category and one
for the product usage category. These added use cases demonstrate that the
need for data-driven methods along the product life cycle is even greater than
known in the literature and that there are more part complexity use cases
than production optimization and production technology selection. The focus
group confirmed use cases for the BOL and MOL phases but did not identify
the advantages of part complexity for the End of Life stage. The focus group
did not confirm use cases for the repair phase of MOL.

6.5.2 Mapping the Use Cases in Detail

Use Case 1 is the only use case from the product and portfolio management
stakeholder group. In the market analysis phase of BOL, Use Case 1 confirms
the three use cases customer segmentation, opportunity identification, and
specification of customer requirements. In the product usage phase of MOL,
it confirms the product usage monitoring. The three use cases from the market
analysis phase may benefit from the information collected during the product
usage monitoring in MOL, representing a connection between these use cases.

Use Case 2 is the first use case identified by the research and development
stakeholder group and adds the use case production cost assessment to the
product usage phase of MOL, but does not confirm use cases from the
literature. Use Case 3 confirms customer-centric product development and
improving future product generations from the product development phase in
BOL: Use Case 4 is the last one from research and development and confirms
the smart production planning with the analysis of customer orders from the
product manufacturing phase in BOL.

The first use case of the sales and consulting stakeholder group, Use Case 5,
confirms the client groups from sales and distribution and the product usage
monitoring from product usage, both belonging to MOL. Use Case 5 is the
only use case covering more than one phase from the same product life
cycle stage. Use Case 6 adds the data-driven sales assistance, the data-driven
customer consulting, and the product configuration during sales to sales and
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distribution. Similar to Use Case 2, Use Case 6 does not confirm a use case
from the literature. Use Case 7 confirms the customer segmentation of the
market analysis phase of BOL, like Use Case 1 from the stakeholder group
product and portfolio management, and client groups from the sales and
distribution phase of MOL, like Use Case 5 from sales and consulting. Both
use cases likely use techniques that group customers. Use Cases 1 and 7 are
the only use cases covering BOL and MOL. In BOL, both use cases focus
on market analysis. Use Case 8 is the last use case and confirms the smart
production planning with the analysis of customer orders, also confirmed by
Use Case 4 from research and development, as well as the quality assurance,
production technology selection, and production optimization, all from the
product manufacturing phase of BOL. With four confirmed use cases from
the literature, Use Cases 1 and 8 confirm the most.

6.5.3 Summary: What are the Key Takeaways?

The focus group aimed to identify where part complexity may fill the need for
data-driven methods along the product life cycle. Use cases were confirmed for
BOL and MOL, and further use cases were added to MOL. The focus group
covered BOL more than MOL with eleven confirmed use cases, while MOL
has eight use cases that were either confirmed or added. This represents the
coverage of the respective in the literature. The focus group did not confirm
or add use cases for EOL, which is the phase that is least represented in
the literature. Hence, it is not excluded that part complexity may support
the need for data-driven methods in this phase. It may be possible that the
benefits of part complexity decrease along the product life cycle or that the
use cases are identified following the product life cycle. Two observations back
the latter assumption: First, no additional use cases were identified for BOL,
while eleven use cases have been confirmed. This hints at many benefits for
BOL stemming from part complexity, and that the number of BOL use cases
is already rather sophisticated, especially since this is the phase with the most
already identified use cases. Second, all four additional use cases have been
added to MOL by the focus group, indicating that the search for use cases in
need of data-driven methods along the product life cycle is far from over and
that the number of use cases will increase soon. All product and portfolio
management use cases are represented in the literature, while research and
development added one use case, and sales and consulting added three use
cases. product and portfolio management confirmed four use cases, research
and development 3 use cases, having 4 in total, and sales and consulting
confirmed 7 use cases, one double, and added three use cases, having in total
10 use cases. This hints at the most need for part complexity from the sales
and consulting stakeholder group, which also is the least covered one in the
literature from the three stakeholder groups participating in the focus group.
Both product and portfolio management and sales and consulting confirmed
the use case customer segmentation, while both research and development
and sales and consulting confirmed the use case smart production planning
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with the analysis of customer orders product and portfolio management and
sales and consulting both confirmed the use case product usage monitoring.
product and portfolio management and research and development do not
have an overlap in the confirmed use cases. In the future, part complexity
may benefit from synergies since each stakeholder group confirmed at least
one use case confirmed by another stakeholder group. The use cases that
have been confirmed by more than one focus group use case are customer
segmentation, smart production planning with analysis of customer orders,
client groups, and product usage monitoring. It appears that these use cases
have the highest need in practice, making it attractive to develop these use
cases first.

6.6 Discussion and Critical Reflection

We identified five limiting factors of our focus group approach: (1), our results
may be limited by the focus group being conducted only once and only at one
company. Future work may broaden the results by conducting the focus group
over a period of time and considering other companies, as well as broadening
the pool of participants by considering further stakeholder groups. (2), the
introductory information on customer comparison we provided to illustrate
the template from Figure 6.5 was picked up twice by the focus group in Use
Cases 5 and 7. We may have influenced the focus group with this information,
also influencing the results. Deciding between not influencing the resulting use
cases at all and making sure that the focus group understands the template,
providing more detailed information, and ensuring higher quality results
seems to be the better choice. However, if we design an illustrative example
for the template again, we would choose an example that is less related to the
topic. (4), only one person from the stakeholder group sales and consulting
was present in the workshop. Although this person has been supported by
a member of the product and portfolio management stakeholder group with
sales and consulting experience, this group has been underrepresented, maybe
leading to weaker results than with a balanced focus group. (5), no one dealing
with End of Life tasks has been present in the focus group, further explaining
the lack of confirmed use cases for this product life cycle stage.

We collected feedback from our focus group participants at the end of
the session to reflect on our research approach (see Subsection A.2). The
participants view part complexity as an important topic. They found the
focus group to be well-prepared, especially the food we provided to avoid
moments of fatigue in the later afternoon. They see the prioritization of the
use cases as the next step, with cost calculation as the most important use
case of part complexity. Part complexity may be an enabler for many other
topics and increase their ”coolness”. However, the fundamentals for part
complexity, especially the required data and the data quality, are missing.
While covering the whole production process chain is a prerequisite to
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covering the smart factory, the process step of bending may be easier to
accomplish than laser cutting.

6.7 Interim Result: The Applicability of Part
Complexity

This section aims to answer the third research question: ”How can part
complexity contribute to the demand for data-driven information
about the customers along the product life cycle?”

First, we conducted a focus group to identify further use cases of part
complexity, apart from the two part complexity use cases known in the
literature of production technology selection and production optimization.
We created the template shown in Figure 6.5 to standardize the resulting
use cases. Representatives from the three stakeholder groups product and
portfolio management, research and development, and sales and consulting
participated in this focus group. Our focus group identified eight use cases
of part complexity: One from product and portfolio management, three from
research and development, and four from sales and consulting. Subsection 6.4
presents these use cases in further detail. Subsequently, we extended the
results of the literature review regarding the need for data-driven methods
along the product life cycle with the two part complexity use cases,
summarized in Table 6.10.

To refer back to our research question, it has been confirmed that part
complexity can contribute to the demand for data-driven methods along the
product life cycle in a variety of use cases from BOL and MOL applications.
Moreover, more use cases for both data-driven methods and part complexity
will likely be identified in the future. The resulting part complexity use
cases are limited—among other factors—by conducting the focus group only
once and the participants stemming from only one company. Subsection 6.6
presents the limitations in detail. To overcome these limitations, the focus
group could be repeated, more participants from other stakeholder groups
could be considered, and the focus group could be conducted in other
companies. In addition, one needs to improve the fundamentals for part
complexity, such as the required data and data quality, following our
participants’ feedback.







Chapter 7
Conclusion

This concludes this dissertation. While Subsection 7.1 summarizes the
contributions, Subsection 7.2 presents the limitations of these contributions.
Subsection 7.3 concludes this dissertation with presenting the future work.

7.1 Summary of Contributions

This dissertation’s first contribution is the methodology for sheet metal part
complexity assessment and responds to our first research question, ”How
can we determine part complexity in sheet metal processing?”. To answer
this question, we developed a mixed-methods approach for assessing part
complexity, containing several evaluation mechanisms.

First, we evolved our definition of part complexity based on the literature
review. Subsequently, we developed a methodology for the assessment of
sheet metal part complexity. We decided to conduct computer-assisted
self-interviews with experts for the chosen production unit, stemming from
the areas of production management, development, and remote and machine
operation. These machine experts shall label a chosen set of geometries
regarding their complexity for the applicable production process steps. We
decided to use 80 geometries to be labeled over three weeks to balance a
large database and time consumed by the labeling process to ensure good
results while avoiding participants dropping out. To evaluate the labeling
answers, we created a subset of 10 of these geometries to be repeated
each week so that we can analyze the participants’ labeling behavior over
time. We pre-defined the material to be mild steel with a sheet thickness
of 3 mm, since this configuration was the most produced one for the chosen
production unit and the last 12 months before the labeling. To implement
our methodology in practice, we developed a supporting labeling tool. This
labeling tool presents the participants with the geometry to be labeled. It
provides labeling scales from 1 (least complexity) to 5 (maximum complexity)
without offering the neutral middle option ”3”. Participants are also required
to provide explanations for their chosen complexity ratings in mandatory
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comment boxes. The labeling tool also covers additional information like the
part weight or area and can visualize the bounding box, the convex hull,
and the centroid of the geometry. Although this methodology was developed
specifically for sheet metal part complexity, it may be adapted to other
domains.

The second contribution responds to the second research question,
"How do the part characteristics influence the part complexity in sheet
metal processing?”. We demonstrated the applicability of our methodology
from the first contribution by putting it into practice for an exemplary
production unit. Of the 40 participants, 16 completed at least two weeks
of labeling, which was the minimum requirement for being considered
in the analysis, resulting in a response rate of 37.5 %. Additionally, 15
participants passed the repetition test for laser cutting, 14 for part handling
with the SortMaster Speed, and 8 for part handling with the SmartGate.
This leads to the conclusion that the participants label consistently enough
to identify characteristics that influence the part complexity. We created
so-called codebooks to categorize the participants’ answers regarding these
part complexity influencing characteristics. These codebooks contain the
categories for the reasonings given by the participants for why they chose
the respective complexity as well as a definition for this category. While the
codebooks of the three production process steps share a lot of similarities
like the inner contour of the parts problematic, they also contain process
step-specific categories like the placement of the suction cups of the
SortMaster Speed. Since most of the geometries were labeled with only a
little complexity, our resulting data sets are highly imbalanced. The detailed
analysis of the ten repeating geometries has shown that the participants
have labeled similar for many geometries, although not for all. In addition,
a correlation between the labeled complexity, the given explanation, and the
geometry characteristics can be observed. To transfer our results to new
geometries, we employed a random forest regressor and a random forest
classifier and analyzed the five most important geometrical features. The
comparison of the five most important features for each process step and
the occurrences of the labeling participants given for their chosen process
step complexity revealed a link between these two: The most occurred
explanations were partially being represented by the most important features.
Despite using different cross-validation methods and reducing the granularity
by transforming the numerical complexity values into complexity classes,
we did not achieve satisfactory accuracy results. Although we could not
transfer our labeling results to new geometries, we identified part complexity
influencing geometry characteristics, such as undercuts and inner contours.

The third and last contribution answers the research question "How can
part complexity contribute to the demand for data-driven information about
the customers along the product life cycle?”. To identify use cases of part
complexity along the product life cycle, we conducted a focus group with
participants from the previously identified stakeholder groups of product and
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portfolio management, research and development, and sales and consulting.
We prepared a template with three sections description, status quo, and
future advantage with part complexity to standardize the resulting use
cases. The focus group identified eight use cases in total, one from product
and portfolio management, three from research and development, and four
from sales and consulting, such as portfolio optimization, risk assessment
for part calculation, development of new technologies, optimization of
shift planning, benchmarking based on performance or with the peer
group, machine configuration, and production planning. These use cases
confirmed eleven use cases from the literature. In addition, the focus group
discovered four more use cases: Data-driven sales assistance, data-driven
customer consulting, product configuration during sales, and production cost
assessment. The use case from product and portfolio management confirmed
the customer segmentation, opportunity identification, and specification of
customer requirements from the market analysis stage of Beginning of
Life, and the product usage monitoring from the product usage stage
of Middle of Life. The three use cases from research and development
confirmed the customer-centric product development and improving future
product generations from the product development stage and the smart
production planning with the analysis of customer orders from the product
manufacturing stage. Both stages belong to Beginning of Life. In addition,
this stakeholder group added the production cost assessment from the
product usage stage of Middle of Life. For Beginning of Life, the four use
cases from sales and consulting confirmed the customer segmentation from
the market analysis stage as well as the smart production planning with the
analysis of customer orders from the product manufacturing stage, quality
assurance, production technology selection, and production optimization. For
Middle of Life, this stakeholder group confirmed the client groups from the
sales and distribution stage and the product usage monitoring from the
product usage stage. Moreover, this stakeholder group added the use cases
of data-driven sales assistance, data-driven customer consulting, and product
configuration during sales to the sales and distribution stage. No use cases
were confirmed or added to End of Life, the last phase of the product life
cycle. This expands both the use cases along the product life cycle which
may benefit from data-driven methods as well as the two use cases of part
complexity known in the literature, production optimization and production
technology selection. In conclusion, part complexity may contribute to a
variety of use cases in the stages of market analysis, product development,
product manufacturing, sales and distribution, and product usage.

7.2 Limitations

Our mixed-methods methodology for the assessment of part complexity
inhibits several limitations: (1), the representativity of our geometry data
set is impacted by its size. We did not calculate the required number of
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geometries for a representative data set of the indefinite number of sheet
metal geometries but by what makes our methodology conductable for
the participants. The final geometry data set consists of 80 geometries, of
which 10 are to be repeated in each of the three weeks of the complexity
labeling to observe the labeling consistency over time. The repetition of
geometries further limits the number of individual geometries and hence,
the representativity of the geometry data set. (2), we manually altered these
geometries to protect intellectual property, which may have influenced the
data set and hence, the labeling results. In addition, we conducted the
individual depth interview with only one person and included this person as
a participant in the labeling, which may have further influenced the results.
This person only passed the repetition test for laser cutting but not the two
part-handling process steps. (3), the applicability of our results is limited
by the pre-defined material and sheet thickness. Without further analysis,
our results are only applicable to mild steel with a sheet thickness of 3 mm.
(4), we eliminated the middle option ”3” in the rating scale, which may
have provoked higher deviation in the labeling. (5), we only covered two
geometries suitable for the process step part handling with the SmartGate in
our repeating data set. In combination with our arbitrarily chosen deviation
of 30 % as the threshold for passing the repetition test, this led to a high
drop-out rate of 50 % for this process step. (6), the participants may have
been influenced by the previously labeled geometries and gained labeling
experience with each week, which may have influenced the results further.
The participant’s learning effect could have impacted the results, potentially
masking the true complexity of certain geometries. (7), we were unable to
generalize our labeling results to new geometries.

Our research approach for the identification of further part complexity
use cases is also impacted by flaws. (1), we covered only one company.
In addition, we focused on the previously defined stakeholder groups of
product and portfolio management, research and development, and sales and
consulting. This may have limited the resulting use cases, especially for the
later stages in the product life cycle. (2), we did not repeat our focus group,
which makes data saturation and hence, the identification of all possible use
case highly unlikely. (3), the introductory information regarding the customer
comparison was picked up twice from the focus group, which may indicate
an influence on the resulting use cases.

7.3 Future Work

In future work, one may re-evaluate the scale design from 1 (least complexity)
to 5 (maximum complexity) without providing the middle option ”3”. We
chose this design to provoke the participants to decide on the part complexity
instead of choosing the neutral answer due to decision fatigue. In contrast
to our scale, one may test a continuous scale design ranging from 1 (least
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complexity) to 4 (maximum complexity) or a complete scale from 1 (least
complexity) to 5 (maximum complexity). A continuous scale may help reduce
indecision while maintaining clarity, while a full 1-5 scale with a midpoint
allows participants to indicate when the complexity is neither low nor high,
leading to a more nuanced understanding of part complexity. Both approaches
could lead to more reliable and valid data, depending on how the participants
interpret and use the scale.

The labeling database may be increased by letting more experts label
more geometries to enable the transfer of the results using algorithms. By
increasing the volume of labeled geometries, machine learning algorithms
can be better trained to predict complexity for unseen geometries, thereby
facilitating the transferability of results. In addition, customers could
participate in the complexity labeling. To avoid distortion of our results,
we make the age of the machine tool a minimum of 6 months prerequisite
to participate in the labeling. After 6 months, we can assume that
the machine’s start-up has been completed. The dropout rate may be
decreased with rewards. More geometrical features may also be incorporated
into the geometry data set. Expanding the range of features in the
dataset will enhance the methodology’s capacity to capture complexity,
thus improving the analysis and prediction accuracy. Generally, the part
complexity assessment methodology should be adapted to further production
technologies until the whole sheet metal process chain is covered. The
adaptability of the methodology may also be underlined by adapting it to
other domains.

To broaden the understanding of the part complexity use cases, the focus
group should be repeated, covering more stakeholder groups and also more
companies. In addition, the use cases that are already identified should be
implemented in practice.
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Appendix

A.1 Description of Part Complexity Use Cases

This section of the appendix documents the use cases identified with the
focus group.
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Template fur die Beschreibung der Anwendungsfalle der Teilekomplexitat

Anviendungsfall: [7] Produkt- und Portfolio-Management | [5] Forschung und Entwicklung |
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Template fur die Beschreibung der Anwendungsfalle der Teilekomplexitat

Anwendungsfall: D W-WWW|@FMMBW|
D Vertrieb und Beratung

@S‘ZOA(MJAA‘Z/ 0[’}‘ y;’:{((m!tu—[faﬂl-.(m/' 2N

[Beschreibung:

[-;\['( wellee, ducdy die A ablow C/%%mpé)a'/n"/féowqwué
@1n (‘ec,&llé%drw le'éomzﬁéa v&‘r able %&@Mu(gzl&.
au biefen.

[ Status Quo:
Bauo%gé\‘é( ‘/&A‘w; Jeprcc)@r quof(ct(t)
Lo vesmedtd, liowploce Yale

liger Vorteil mit Teilekomplexitat:

Faives wndl vealishsche r%eéové //\03[,)4 _

(43.5as)
j@é SAOWW\(%@(ZM L\Dw'.aa 9&‘40.
(x bk, vewes Ges bl fonodel  CaS

h
&x/(C«A(a/‘C as q Qgef\/-'ce_,

“(40(6(\ M%@cﬁ %‘ﬂ’}( (&Qj

Ccbd Lo |

u/o:j (L,




A.1. USE CASE DESCRIPTION 171

Template fir die Beschreibung der Anviendungsfalle der Teilekomplexitat

Anvendungsfall: [7] Produkt- und Portfolio-Management |[_] Forschung und Entwicklung |
(] Vertrieb und Beratung
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A.2 Focus Group Feedback

This section documents the feedback collected from the focus group
participants.
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