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Automated optical inspection (AOI) systems are an important building block in intelligent manufactu-

ring systems. They enable the acquisition of optical data for process monitoring and documentation,

while also facilitating process optimization through data analysis. The wiring harness industry, in 

particular, poses challenges due to a high-variant manufacturing philosophy, manual assembly 

processes, and quality requirements. In this context, AOI systems offer significant potential by 

enabling automated quality control, fast failure detection, and trouble-shooting of manual processes.

This thesis introduces the FastAOI methodology, which provides a systematic approach for 

developing smart AOI systems using data-driven techniques and synthetic data. FastAOI com-

prises the process steps AOI planning, 3D product model creation, scene creation, and data 

processing. The approach leverages deep learning algorithms trained with synthetic data to 

detect wiring harness components, including both rigid and deformable linear objects. FastAOI 

is implemented and validated in two AOI systems, one for image and one for point cloud seg-

mentation, to demonstrate its applicability across multiple data modalities. The research results 

confirm the viability of deep learning for high-performance wiring harness segmentation. Fur-

thermore, effective strategies for synthetic data integration into deep learning training and the 

positive impact of synthetic data on the model performance are outlined.
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1 Introduction 

1.1 Motivation 

Automated optical inspection (AOI) systems are an important building 
block in intelligent manufacturing systems. They enable the capturing of 
optical data, the generation of meaningful insights into processes through 
data analysis, and purposeful action-taking [1]. AOI systems are of high in-
terest for in-line and contactless quality control in high-variance manufac-
turing, such as wire assembly manufacturing. Well-known industries are 
automotive wiring harness and the control cabinet manufacturing, which 
produce customized wire assemblies with high requirements regarding 
quality and time.  

Wire assemblies are composed of deformable linear objects (DLOs) that 
have many degrees of freedom. Handling DLOs is an underactuated prob-
lem that is conducted manually by operators in an industrial context be-
cause economic and scalable automated solutions do not exist. Not only is 
the optical inspection of manual assembly tasks important for quality con-
trol, but automating the optical inspection process is also essential to sup-
port operators in handling the wires precisely and according to working 
instructions. Operators for manual optical inspection cannot perform the 
inspection tasks with the demanded diligence at the required frequency. In 
addition, manual optical inspection is prone to error, with error rates of up 
to 30 % [2]. The demand for novel AOI systems has increased significantly 
with the advancement of sensor technology and algorithms for data pro-
cessing [3]. On the one hand, automation of optical inspection and digital-
ization of quality parameters can increase the efficiency and transparency 
of processes. On the other hand, the challenges to developing AOI systems 
are manifold [4]. The challenges on a technical level are the lack of data, 
infrastructure and approaches to handling and processing the enormous 
volume of data, and purposeful models for AOI development. At an organi-
zational level, the current areas for action are technology acceptance, a lack 
of expertise, and the need for collaboration as well as interdisciplinary col-
laboration across departments, domains, and companies. Therefore, there 
is a research gap and industrial interest in the development of flexible, ro-
bust, and data-driven AOI systems.  

The focus of this thesis is AOI for wiring harness manufacturing, a supplier 
in the automotive value chain. The wiring harness industry follows a mass-
production philosophy in lot size one for a Just-in-Sequence (JiS) delivery 
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to the customer. The wiring harness is one of the most expensive systems 
in a car [5]. Manual work accounts for 95 % of the wiring harness total cost 
[6]. However, automation is hard to realize due to the variety of wiring har-
nesses and components, manufacturing in lot size one, and the complexity 
of handling DLOs. The wiring harness industry and its characteristics are 
thus a suitable use case to address AOI as a tool for in-line monitoring of 
manual assembly tasks for fast failure detection and troubleshooting.  

1.2 Research hypothesis and objectives 

The main objective of this thesis is to develop AOI systems for manufactur-
ing industries with labor- and variant-intensive assembly. Due to the labor-
intensive assembly and error-prone manual optical inspection coupled 
with a growing number of variants and increasingly shorter production 
times, there is a rising demand for AOI systems as an essential tool for qual-
ity control and an enabler for process optimization. A methodology for the 
development of AOI systems referred to as FastAOI is proposed. The meth-
odology especially focuses on the integration of data-driven approaches 
and synthetic data. First, this research addresses the lack of machine vision 
solutions for wiring harness assemblies by employing learning-based algo-
rithms to detect wiring harness components. Specifically, deep neural net-
works (DNNs) were employed for the detection of rigid components as well 
as DLOs in wiring harness assembly states through segmentation. Subse-
quently, quality-relevant parameters were deduced to assess the quality 
and aid the decision-making process in case of failure. Second, the defi-
ciency of domain-specific and representative databases for manufacturing 
applications to train DNNs is addressed by developing a process for syn-
thetic data generation. Therefore, development artifacts are enriched with 
AOI-relevant parameters and models to synthesize data that can be directly 
used for DNN training. The objective of the synthetic data generation ap-
proaches is to eliminate data scarcity for the adoption of data-driven appli-
cations by leveraging modeling and simulation. Third, empirical findings 
on synthetic data integration into the training process are presented. 
FastAOI was implemented to develop two AOI systems that differ in the 
data modality for optical inspection, in particular, images and point clouds. 
The two main research hypotheses guiding this thesis are:  

(H1) Deep learning provides high accuracy, low cost, and time efficiency for 
automated optical inspection to identify assembly errors in the final assem-
bly of customized wiring harnesses. 
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(H2) Synthetic data reduces the time and cost of data generation for auto-
mated optical inspection of wiring harnesses in manufacturing as opposed 
to relying exclusively on real-world data. 

The scientific contribution in the research field of industrial and manufac-
turing engineering is the FastAOI methodology, which fosters the enrich-
ment of digital models of products and factories to enable data-driven ap-
plications in manufacturing. The methodology defines important steps and 
AOI-relevant parameters for AOI development. A further contribution is 
the development of AOI systems for wiring harnesses. Scientific contribu-
tions are also made in the research field of computer vision. Synthetic data 
generation approaches for images and point clouds were proposed, experi-
ments were carried out, and explainability methods as well as metrics were 
presented to create an in-depth understanding of the domain gap prevail-
ing between synthetic and real data.  

The methodology is highly motivated by the industrial use case of quality 
control in automotive wiring harness manufacturing. This use case is the 
basis for the technical implementation and validation of FastAOI. The 
methodology is, however, not only applicable to the wiring harness indus-
try but also transferable to other industries that seek a methodology for 
AOI development or approaches to implement data-driven AOI based on 
synthetic data.  

1.3 Structure of this work 

This thesis is structured into seven sections. After the introduction in this 
section, the theory is presented in section 2. The fundamentals for the wir-
ing harness as a component of the automotive vehicle and the value chain 
from development through manufacturing to the installation into the car 
at the customer are presented. Furthermore, the fundamentals for AOI and 
its application for quality control in manufacturing are outlined. Then, the 
state-of-the-art research on optical inspection of wiring systems is reviewed 
and synthesized to discuss research gaps and to derive the previously stated 
research hypotheses.  

Section 3 addresses the derived research gaps and investigates the re-
search hypotheses. This section starts with the introduction of a research 
framework that ensures consistency and coherence for the research. The 
thesis encompasses a methodology called FastAOI in section 4, which out-
lines the process steps to design a data-driven AOI system. The novelty of 
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the methodology is AOI planning with particular consideration of parame-
ters and process steps relevant to learning-based approaches and synthetic 
data generation. The level of detail increases in section 5 with the technical 
implementation of FastAOI. Two AOI systems for the quality assessment 
of wiring harnesses through segmentation are presented and evaluated. 
One system is introduced to process images and one for point clouds. The 
technical implementation follows the standardized methodology Cross-In-
dustry Standard Process for Data Mining (CRISP-DM) [7]. Explainability 
methods and metrics were implemented to evaluate the research findings 
and to assess the benefit of generating synthetic data. The FastAOI meth-
odology is evaluated in section 6 to verify or falsify the research hypotheses. 
The value of synthetic data to accelerate the development of learning-based 
approaches, to substitute real data, and to achieve high accuracies is exam-
ined. The evaluation includes a discussion of the theoretical and practical 
contributions of this thesis as well as the limitations of the methodology 
and research findings. This thesis is concluded with a summary and outlook 
on future research endeavors. An overview of the structure is provided in 
Figure 1. 

 

Figure 1: Structure of the thesis to develop AOI systems based on data-driven ap-
proaches and synthetic data 
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2 State of the art and related work 

Section 2.1 presents the state of the art of the automotive wiring harness 
value chain, specifically the wiring harness development and manufactur-
ing processes. Special attention is given to the quality assessment in wiring 
harness manufacturing to show that there is a need for improvement in the 
quality control of wiring harnesses. To examine the potential of AOI sys-
tems, section 2.2 presents the terms, frameworks, and formalisms of AOI 
and addresses the research field of optical inspection for wire systems in 
manufacturing. The state-of-the-art research for optical inspection of wir-
ing systems is provided in section 2.3 and an analysis of its limitations is 
conducted in section 2.4. 

2.1 Wiring harness production 

This section focuses on the automotive industry when referring to product 
characteristics, process flows, frameworks, and technologies. In Section 
2.1.1, the wiring harness is presented from a product-oriented standpoint, 
wherein its components are outlined. Section 2.1.2 emphasizes the special 
characteristics of wires. Sections 2.1.3 and 2.1.4 present the wiring harness 
development and manufacturing by discussing the process steps. Lastly, 
section 2.1.5 is dedicated to quality control in wiring harness manufactur-
ing. This section ends with a summary and an analysis of limitations in the 
wiring harness industry. 

2.1.1 Wiring harness from a product perspective 

The wiring harness is a subsystem of electrical and electronic systems 
(E/E systems) and facilitates signal and power transmission. According to 
DIN EN 61508, the E/E system is composed of electromechanical devices, 
non-programmable electronic devices, and electronic devices based on 
computer technology [8]. E/E systems of varying sizes and complexities can 
be found in products such as automotive vehicles, planes, machinery, 
plants including control cabinets, and household appliances. In such prod-
ucts, the wiring harness is a connecting link between other E/E subsystems 
such as electronic control units (ECUs), sensors, batteries, and actuators 
[9].  

The wiring harness consists of rigid and deformable components. An over-
view of a wiring harness is provided in Figure 2. Terminals, connectors, 
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clips, cable ducts, relay boxes, and fuses are rigid components, whereas 
wires, seals, tape bandages, grommets, and tubes can be classified as com-
ponents of a deformable nature [10, 11]. There has been a significant in-
crease in the number of components over the last several decades as a result 
of increasingly electrified and autonomous functions in the car. While a 
wiring harness in 1949 comprised 35 m and in 1990 2,000 m of wires, now-
adays a total length of up to 5,000 m can be found in a car [5, 10]. A wiring 
harness of a middle-class car with a basic configuration contains 1,500 dif-
ferent wires [12]. In the following, the components and their functions are 
presented. Special emphasis is placed on outlining the variety on a compo-
nent level and a product level. 

 

Figure 2: Overview of a main car body wiring harness and its components [12] 

Wires account for the majority of the weight and volume of the wiring har-
ness. Copper wires of different characteristics, cross-sections, and lengths 
are used. The wires have different colors, which represent the cross-sec-
tions ranging between 0.13 mm² and 25 mm². The necessary cross-section 
and length are determined based on the maximum power consumption, 
permissible voltage drop, and tensile strength [13]. The wires are composed 
of copper strands surrounded by an insulation layer, which is mostly made 
of thermoplastics, fluoropolymers, and elastomers [14]. The insulation pro-
tects the copper strands, avoiding short circuits, ensuring the required 
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transmission properties, and providing safe galvanic isolation. Additional 
layers, such as foil, spiral, and braided shields, are added for data transmis-
sion wires to fulfill high requirements regarding electromagnetic compati-
bility, protection from environmental influences, and mechanical stress. 
Moreover, high-voltage wires require a combination of multiple wires in 
conjunction with further insulation layers. Implemented wires in the 
12 V E/E system are according to [15]. 

The wires need to be connected to adjacent E/E subsystems to transmit 
signals and energy. Contacting is realized by mounting terminals to the 
copper strands at the wires’ ends, which results in a non-separable, force-
fit, and form-fit connection [16]. The terminal must be compatible with the 
connector and the wire, specifically the cross-section and material pairing. 
The choice of material determines the electrical conductivity. The best con-
ductivity is given using copper and additional coating with materials such 
as tin, silver, and gold to further increase the conductivity and longevity of 
the terminals [14, 10]. Seals made out of silicone can be added before the 
terminal. They protect the wiring harness against water and contamina-
tion, e.g., in the engine compartment or underbody of the car. The wires 
with mounted seals and terminals fit into connectors that constitute the 
interface to other E/E subsystems or coupling points between different wir-
ing harnesses. Connectors have a varying number of cavities representing 
the number of wires that can be inserted into them. The sequence of cavi-
ties and the assignment of wires to cavities is referred to as pinning. Fur-
thermore, there is a differentiation between male and female connectors 
[17]. The connectors fulfill further functional requirements such as electri-
cal resistance, geometric constraints, and mechanical strength. Non-func-
tional requirements include resistance to temperature and vibration, long 
lifespan, and ease of assembly. Several mechanisms ensure a secure, relia-
ble, and simultaneously separable connection of the terminal within the 
connector [18]. On the one hand, the terminal possesses an interlock, which 
engages once it has been inserted correctly. On the other hand, a secondary 
lock mechanism is integrated into the connector to lock all inserted wires 
into place. If one-to-one pinning is not sufficient because multiple wires 
need to be connected, splices are created through welding. Splices are 
firmly bonded and permanent connections. 

Wire bundling using tape is important for component protection and fixing 
as well as installation into the car body. Tape differs from all other compo-
nents because it primarily serves mechanical functions as opposed to elec-
trical and electronic functions. Mounted wires are loose, cluttered, and en-
tangled. Thus, tape bandages are wrapped around the wires to bind the 
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wires together in the arranged form of a wire bundle. Depending on the 
requirements of elongation at break, tear strength, abrasion resistance, 
noise reduction, and temperature resistance, tape bandages of different 
materials and thicknesses are utilized. The degree of overlap between the 
tape bandages determines the protection and flexibility of the taped wire 
bundle [14]. A high degree of overlap is required for full taping, whereas no 
overlap is present in spiral taping. By adding tape bandages, the wiring har-
ness achieves a tree-like structure as shown in Figure 2. Hoses and cable 
ducts are necessary to meet higher requirements regarding protection du-
rability that tape bandages do not fulfill. Fixing components, such as clips, 
are added after taping. The geometry of the clips varies depending on the 
attachment points in the car. Different mechanisms for clip attachment are 
considered depending on requirements such as the orientation of the clip 
required for mounting, vibration, and temperature. The clip attachment on 
the wire harness is most often realized using cable ties or tape bandages. 
Another component of the wiring harness is the relay box with mounted 
blade-type fuses. The relay box is important for safeguarding the E/E sys-
tem against electrical overload, overcurrent, and other electrical errors. 

A high degree of interrelations between E/E subsystems, car body, and wir-
ing harness components inflicts a high degree of variety for each compo-
nent type. This variety adds to the aforementioned high amount and variety 
of components in the wiring harness. The E/E system encompasses many 
subsystems, each with individual requirements and interfaces that must be 
integrated by the wiring harness. The high number of requirements results 
in different wiring harness components’ geometries, colors, and materials. 
The choice of wires is determined by their cross-section. Variety is further 
increased as the wires are subsequently cut to different lengths. As each 
E/E subsystem has different interfaces, compatibility is only ensured 
through a variety of connectors. This ultimately impacts the choice of ter-
minals, which further vary depending on the wire cross-section and need 
for a seal. Protecting and fixing elements are determined based on the car 
body and the designated place for the wiring harness in the car. In contrast 
to E/E subsystems, the wiring harness is a flexible component. Therefore, 
the wiring harness takes up space in the car that is not easily accessible and 
rather contorted than straightforward. Furthermore, fixing points must be 
realized in the car body. Consequently, various types of clips and protective 
elements are used to ensure the correct placement of the wiring harness in 
the car body. 

The wiring harness realizes the signal and energy flow, enabling E/E sys-
tems to fulfil specified functions. Primary car functions are, e.g., steering, 



2.1   Wiring harness production 

9 

braking, or light control and secondary functions are, e.g., navigation or 
seat heating. Most European OEMs offer highly customizable cars, allowing 
customers to select various functions and equipment for their vehicles. As 
a result, this leads to highly tailored wiring harnesses. Differences in the 
wiring harness are often barely noticeable. Examples are varying amounts 
of wires, a wire with a different cross-section, or a change of pinning. The 
overall wiring harness is divided into several wiring harnesses, which can 
be differentiated by their place of installation in the car and their degree of 
customization. Examples are the battery, engine, instrument, and floor har-
ness [10]. While a few wiring harnesses are standardized, a far larger num-
ber of wiring harnesses are customized, which in Germany is also referred 
to as “Kundenspezifischer Kabelbaum” (KSK). The wiring harnesses are as-
sembled at different places of installation at the OEM’s assembly line and 
combined into an overall wiring harness at defined coupling points through 
connectors [13]. In the subsequent sections, the abbreviated acronym KSK 
is employed to denote the wiring harness as a highly customized product 
integrated by European OEMs into vehicles configured according to cus-
tomer demands.  

2.1.2 Deformable linear objects 

The definition provided by [19] states that deformable objects have specific 
physical properties, which are either no compression strength or a large 
strain. Therefore, a deformable object either cannot retain its geometry 
with equal opposing forces applied to the object or deforms significantly 
after force has been applied. According to this definition, deformable com-
ponents of the wiring harness, such as seals, grommets, and tubes, have a 
large strain. In contrast, wires and tape bandages lack compression 
strength. Within the category of deformable objects lacking compression 
strength, there is a differentiation based on the geometry of the object. 
Tape bandages are deformable cloth-like objects and wires are classified as 
DLOs as visualized and highlighted in Figure 3. Accordingly, the wire’s 
length is significantly larger than its width and height. [19] refer to these 
categories as biparametric and uniparametric objects. The lack of compres-
sion strength and the geometric properties of wires result in numerous de-
grees of freedom. If force is applied to wires, elastic or even plastic defor-
mation can occur. In the following, the terms “wire” and “DLO” are used 
synonymously. 



2   State of the art and related work 

10 

 

Figure 3: Classification of deformable linear objects based on [19] 

To accurately predict and anticipate the state of wires based on their geom-
etry and physical properties, models must account for the numerous de-
grees of freedom. The physical modeling of wires is categorized under non-
linear mechanics [20]. The goal is to model the impact of stress, such as 
shear, torsion, stretch, and bending, on the wire geometry. An even more 
challenging task is the description of the wire shape with environmental 
contacts such as fixing points, connectors, or the car body [21, 22]. The en-
vironment adds boundary conditions to the models. Recent modeling ap-
proaches investigated by researchers are based on the Kirchhoff rod theory 
[23] and its extension the Cosserat rod theory [24, 25]. Further research in-
vestigates the spline curve method [26], the finite element method [27], or 
the discretization of wires using mass-spring models [28]. Special models 
exist to represent parameters influencing automated wire handling [29]. 
DLOs have infinitely many configurations despite identical initial bound-
ary conditions. The state-of-the-art research shows that even highly accu-
rate physical models cannot currently precisely predict wire states despite 
a long computational time. The difficulty in modeling and simulating DLOs 
further increases when collisions with the environment need to be consid-
ered. 

In conclusion, the main advantage of wires is their flexibility. The many 
degrees of freedom allow for the connection of all E/E subsystems into a 
network-like structure and the nearly unrestricted routing of the wiring 
harness within the car body. However, the precise modeling and prediction 
of the shape and physical behavior of an individual wire, multiple wires, or 
wires in conjunction with applied forces through manipulation or contact 
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with the external environment remain open research topics. This ulti-
mately impacts the wiring harness value chain, specifically the develop-
ment and manufacturing processes, which will be presented in the follow-
ing sections. 

2.1.3 Wiring harness development process 

The wiring harness development phases include the logic design, packag-
ing, wiring harness design, and manufacturing engineering, as depicted in 
Figure 4. Development activities result in artifacts. Development artifacts 
are the input and output of development phases and occur as semantic 
models or structured documents [30, 31].  

 

Figure 4: Overview of the wiring harness development process 

The E/E system development is antecedent to the wiring harness develop-
ment and provides important development artifacts as the starting point 
for subsequent wiring harness development activities. The E/E system de-
velopment is outlined based on [P1]. The authors conducted a multiple-
embedded case study and collected expert knowledge on E/E system devel-
opment. Accordingly, the development adheres to the V-model and starts 
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form of product specification sheets and design guidelines. Subsequently, 
engineers derive the primary and secondary car functions and suitable sub-
functions for function categories such as powertrain, lighting, and safety 
systems [18]. The sub-functions are also referred to as function modules 
(FM). Following this, engineers develop the E/E system architecture, which 
results in a system design. The system design aims to depict the functional 
network by employing a technologically agnostic representation for each 
function, encompassing software components, sensors, and actuators.  

The system design represents the starting point for the wiring harness de-
velopment. To create the logic design, the E/E subsystems, such as ECUs, 
sensors, and actuators, are determined and the FMs are allocated to them. 
Software, electrical, and mechanical engineers start to develop the E/E sub-
systems. The interrelations between the subsystems are defined in terms of 
signal, data, and energy flow required to realize the specified functions and 
documented in the form of a schematic diagram. The result is a logical de-
sign as a development artifact, also referred to as a wiring or circuit dia-
gram. Then, engineers allocate the E/E subsystems into the car body. This 
process is called packaging 3D design and is realized in computer-aided 
design (CAD) programs. Moreover, packaging engineers reserve installa-
tion space for the wiring harness to connect the E/E subsystems. As the 
components of the wiring harness are not specified at this stage, space is 
reserved based on a rough approximation through volume envelopes. 
There is close collaboration between the wiring harness developers and 
packaging engineers to further detail the packaging 3D design. However, 
the degree of detail of the wiring harness remains superficial as precise wire 
modeling is challenging, as presented in section 2.1.2. The CAD models rep-
resent the positions of the connectors and fixing elements, and wire routes 
for the wiring harness.  

The logic design and packaging 3D design are the input artifacts for the 
wiring harness development. Wiring harness development activities aim to 
create a 2D design that contains the flattened wiring harness layout with 
geometric and logical information, such as dimensions and tolerances, part 
and pinning list, reference to standards and the vehicle project, and explan-
atory comments. Specific tasks are defining the wire cross-section, length 
and material, connectors, and pinning of wires. The packaging 3D design 
provides information for designing the protection and fixing elements of 
the wiring harness. The engineers define the exact geometry of the wiring 
harness by specifying the branch points of the wiring harness, the routing 
paths of the wires, and the orientation of the components. After all the 
components have been technically specified, specific components from 
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suppliers are chosen and assigned to the design. The last step of the wiring 
harness design is conducting design rule checks to ensure that the design 
is consistent with the requirements. 

The E/E system is an integral system to adhere to the KSK philosophy. In-
tegral systems possess complex relations between functions, components, 
and interfaces [32]. During the specification phase, functions are assigned 
to ECUs. E.g., certain ECUs are responsible for the infotainment function 
category, which includes the standard version, infotainment with display, 
infotainment with touch display, and premium version. These functions are 
mutually exclusive, meaning the customer can only order one of them. All 
of these functions mostly require the same hardware, but each of them has 
different requirements concerning energy and information flow, which di-
rectly affect the physical design of the wiring harness. There is a one-to-
many mapping of physical components to functions. As there is a high 
quantity of functions that can occur in different combinations due to ex-
clusive and inclusive function relationships, the design process of the wir-
ing harness is highly complex. Consequently, the wiring harness embodies 
the entire functional solution space, also called a 150 % design. Based on 
customer orders and function configuration, the wiring harness design is 
individually reduced to a 100 % version that is feasible from a technical per-
spective.  

The manufacturing engineering phase enhances the design artifacts with 
manufacturing-relevant data through product modularization, assembly 
time calculation, line balancing, and production documentation. At this 
stage, the design is mapped with the FMs as defined in the E/E system de-
velopment. The next step is the derivation of production modules. FMs rep-
resent functions that customers can order but are not primarily relevant to 
manufacturing due to the one-to-many mapping. Then, manufacturing en-
gineers derive the required manufacturing processes and tasks to produce 
the production modules based on the manufacturing philosophy and re-
sources of individual companies. A structured bill of materials (SBOM) is 
the output. The SBOM represents the hierarchical structure of the 150 % 
wiring harness and outlines the processes required to produce it. It enables 
the calculation of the total manufacturing time for a wiring harness based 
on standardized time studies for manual tasks or machine processing 
times. The final steps of manufacturing engineering are line balancing and 
the creation of manufacturing documents, such as working instructions 
and assembly board drawings for the wiring harness assembly. The assem-
bly board drawing contains visual information that operators require for 
the manual wiring harness assembly. 
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The development process encompasses companies across various tiers, 
countries, and domains. The standardization of development software 
tools, data flow, and interfaces are often governed at the OEM level. The 
global and interconnected development process results in numerous inter-
faces prone to information loss due to data exchange and communication 
issues. Collaborative work and innovation management are currently char-
acterized by data inconsistency and low transparency regarding decision-
making and impact on the entire E/E system [31]. Thus, design decisions 
and changes in E/E subsystems that impact the wiring harness cannot be 
automatically propagated along the development process [33, 34]. A signif-
icant amount of expert knowledge and manual work is required to manage 
the development and changes. Consequently, a continuous data flow for a 
failure-free exchange of development artifacts is highly important. Com-
monly standardized data formats are the “Harness Description List” (KBL) 
[35] and the further developed “Vehicle Electric Container” (VEC) [36].
Both formats are implemented based on Extensible Markup Language to
support various development software systems that rely on different data
models. While KBL solely describes the wiring harness, VEC has a broader
scope, describing the entire E/E system. As the term exchange format
points out, information is exchanged between interfaces. While the stand-
ardized data formats constitute semantically standardized artifacts, they
still result in isolated development artifacts in a development process based
on data exchange. Future progress lies in model-based wiring harness de-
velopment [37] and generative engineering [38], which are both active
fields of research.

2.1.4 Wiring harness manufacturing flow 

The wiring harness manufacturing site is typically structured into the areas 
of wire processing, pre-assembly, and final assembly. Figure 5 depicts the 
process flow. The wire processing area is characterized by highly automated 
machines that perform wire cutting, stripping, seal attachment, and crimp-
ing. The cycle time for wire processing can be below two seconds [39]. Spe-
cial processes are required for further wire processing or special wire types, 
such as shielded wires. The pre-assembly area is categorized into special 
processes and submodule assembly. Examples of special processes are wire 
twisting, heat tube shrinking, splicing, and crimping of special terminals. 
These processes are usually performed semi-automatically or manually. 
Wires of different cross-sections are cut to defined lengths, the insulation 
is stripped, seals are added, and terminals are mounted on the copper 
strands. The output consists of batches of wires that can be transferred to 
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the buffer storage or the assembly of wiring harness submodules. Small wir-
ing harness submodules are manufactured by inserting wires into connect-
ors. Insertion can be a highly automated process if the component variety 
is set to a defined number of components. However, the component variety 
is usually high, which necessitates the manual assembly of submodules.  

Figure 5: Overview of the wiring harness manufacturing process flow [P2] 

The final assembly is mainly manual and accounts for up to 70 % of the 
total manufacturing time [40]. The final assembly line is typically U-shaped 
and consists of multiple assembly stations with slightly inclined and mov-
ing assembly boards [41]. Figure 6 displays an assembly board in a manu-
facturing environment. The material supply is located on the sidelines of 
the U-shaped assembly line. The operators in the assembly line need to 
move along with the board to fulfill the tasks planned for the assembly sta-
tion. Alternatively, the final assembly is organized with horizontally ori-
ented assembly boards. The assembly board contains component holders, 
guiding elements, and a drawing with information important for the oper-
ator during the assembly. These elements ensure the proper geometry of 
the wiring harness during the assembly. The component holders are usually 
designated for connectors and clips to ensure the correct component has 
been mounted in the correct orientation. Guiding elements secure the 
proper routing paths of wires and junction points of the wiring harness. 
The assembly board drawing visualizes the pinning information, compo-
nents’ article numbers and colors, assembly states, and critical points that 
require special attention. Usually, the drawing is paper-based and attached 
to an assembly board made of wood. The assembly of the wiring harness in 
2D is specified in DIN 72036 [42]. Novel solutions based on displays have 
been introduced but have not yet prevailed in the industrial context. The 
final assembly is conceptualized to manufacture the 150 % design of the 
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wiring harness. Thus, all production modules can be produced in one as-
sembly line. The difficulty lies in assigning the production modules to the 
workstations aiming to achieve a defined takt time, as only a subset of pro-
duction modules is required to produce a KSK. The takt time is usually 
be-tween three and five minutes [18, p. 522]. 

Figure 6: Wiring harness assembly board manufacturing environment [43] 

Operators conduct different tasks depending on the order of the OEM. 
Therefore, the sequence of tasks is not repetitive and the operators need to 
be assisted by working instructions that visualize the tasks required to pro-
duce specific production modules. Components and sub-assemblies are 
provided in the material supply. Operators pick the materials and gradually 
add them to the assembly board to achieve tree-like wiring harnesses. As-
sembly tasks are inserting wires into connectors, routing wires, and locking 
connectors once all wires have been inserted according to the specified pin-
ning. Further tasks are wire bundling using tape bandages. Taping is an 
important process to achieve the required geometry of the wiring harness 
that fits into the car body. After taping, clips can be mounted. The orienta-
tion and exact position of clips are critical to properly match the fixation 
points in the car during OEM assembly. Special processes include splicing, 
foaming to create grommets, assembly of cable conducts, screwing, and re-
lay box assembly. Then, the end-of-the-line (EOL) test is conducted semi-
automatically, the fuse box is mounted, and the wiring harness is packed in 
custom-designed bags. In the event the wiring harness does not pass the 
EOL test, the wiring harness is sent for rework or scrapped.  



2.1   Wiring harness production 

17 

The transportation between wiring harness manufacturers and European 
OEMs is conducted via trucks and ships because the manufacturing is 
mainly located in Eastern Europe or North Africa. The wiring harnesses are 
transported to a logistics center closer to the OEM for storage. As the value 
chain encompasses long distances, a logistics center near the OEM aims to 
increase the safety of delivery to the OEM, thus improving the resilience of 
the value chain at the expense of additional costs. A few days before the 
delivery date, the wiring harness is delivered from the logistics hubs to the 
OEM. The wiring harness is provided JiS to the assembly line of the OEM 
for the installation into the car body.  

The manufacturing areas differ significantly in their degree of automation, 
degree of digitalization, and production control. While the cutting area is 
highly automated, the submodule assembly and final assembly rely on up 
to 90 % manual work [44]. Thus, the human workforce has a high relevance 
in wiring harness manufacturing and highly impacts the quality of the 
product. For example, changes in manufacturing processes can lead to a 
decrease in productivity and result in fluctuating processing time, which 
can be attributed to operator experience [45]. Overall, challenges exist in 
qualifying employees in wiring harness manufacturing as the labor market 
is highly competitive in Eastern Europe and North Africa [P3]. A paradigm 
shift from manual to automated manufacturing would profoundly impact 
the global value chain of wiring harness manufacturing [P3].  

A systematic literature review by [P4] outlines the effort invested in the 
development of novel automation solutions for the wiring harness industry 
which, however, has proved to be unviable, lacked both scalability and eco-
nomic feasibility for practical application in industrial settings. The limited 
degree of automation is also reflected in the level of digitalization. The cut-
ting area is software-supported with tools specific to wire processing, 
scheduling, and overall equipment effectiveness (OEE) optimization. The 
article numbers of incoming materials, such as wires, seals, and terminals, 
are scanned on a batch level and unique identification numbers are as-
signed to produced batches. The nature of highly automated processes al-
lows for the documentation of machine parameters and quality results. 
However, the degree of digitalization decreases in the assembly areas 
mainly due to labor-intensive processes. The unique identification num-
bers for batches cannot be scanned and tracked while maintaining high ef-
ficiency in the assembly area. Therefore, too many components need to be 
assembled and scanning each component is cumbersome. Scanning and 
tracking are reserved for important and safety-critical cables such as airbag 
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cabling. There is a lack of documentation not only regarding the compo-
nents assembled in the harness but also regarding the processes involved 
in its manufacture. Thus, the wiring harness assembly processes are neither 
tracked nor characterized by an in-line monitoring system. The wiring har-
ness assembly constitutes a “black box” and end-of-line testing validates 
the output of the assembly. Lastly, production steering differs between ar-
eas. The cutting area is based on the push principle. It is optimized regard-
ing the OEE and produces batches of common parts, which are then stored 
in intermediate storage before being supplied to the assembly area. Con-
trastingly, the assembly is based on the pull principle to produce KSK in lot 
size one.  

2.1.5 Quality control in the wiring harness manufacturing 

DIN EN ISO 9000 defines quality as the “degree to which a set of inherent 
characteristics fulfills requirements” [46]. The automotive-specific stand-
ard ISO/TS 16949 for quality management systems also refers to this defi-
nition [47]. A product is evaluated as faulty if it does not meet the require-
ments in terms of technical specifications. Quality control defines the ap-
proach and measures used to evaluate whether products adhere to the 
technical specifications. Tests are conducted to assess adherence and to de-
cide on the acceptance or rejection of a production lot or batch. Quality 
control requires an understanding of all variables that impact the processes 
and lead to changes in product features. The current strategy in wiring har-
ness manufacturing relies on in-line testing for automated processes, espe-
cially the cutting area, and the end-of-line testing after the final assembly.  

The quality assessment of processed wires is determined through the 
standard DIN EN 60352-2 [16] and the automotive-specific standard DIN 
EN ISO 8092-2 [48]. As the machines are set to different parameters to pro-
cess the connection of wires of a specific cross-section with a terminal and 
a seal, inspection tasks need to be performed during the machine setup. 
There is a differentiation between destructive and non-destructive tests. 
Whereas the former include tensile tests and micrographs of the crimp, the 
latter encompass crimp height measurement and other optical inspection 
tasks. These tests are conducted manually. The existing in-line test is the 
monitoring of the crimp force-based envelope curves. Whereas the curves 
are manually determined during machine ramp-up and saved as a refer-
ence, the in-line evaluation is fully automated. Automation solutions exist 
to monitor the optical quality during the process steps of cutting, stripping, 
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seal placement, and crimping. These solutions have been recently intro-
duced to the market by manufacturers for automated wire processing [49, 
50] as well as by research proposed by [P5], [P6], and [P7]. Further auto-
mated processes allow the assessment of whether the produced parameters
adhere to predefined target parameters. Examples are welding resistance
for splice welding as well as rotation angle and torque for screwing. The
output of the relay box assembly is also automatically and optically as-
sessed. The optical inspection includes checking the correct position of the
blade fuses and the type of blade fuses through the recognition of contours,
colors, and characters. Furthermore, the laser light sectioning technique
performs height inspection to evaluate whether the fuses have been cor-
rectly inserted into the relay box.

The most important stage in quality control in wiring harness manufactur-
ing is the EOL testing. Every wiring harness has to be tested for all its func-
tionalities and component completeness [9, 6]. At this stage, the wiring 
harness is fully assembled except for the relay box, as short-circuits could 
occur during electrical testing. Operators mount the wiring harness on a 
test bench, which is capable of testing all functionalities of the 150 % KSK. 
Test benches are specifically designed for a car project as they are equipped 
with a series of specific connector holders. Testing programs need to be 
derived to test the 100 % KSK according to the OEM order. First, the wiring 
harness needs to pass a completeness check. The test bench is equipped 
with connector holders to check the dimensions, orientation, and compo-
nent fit. A completeness check usually applies to connectors, clips, and 
grommets. The holders can be equipped with sensors, such as piezoelectric 
sensors, to detect the presence of components within the holder. LED lights 
visualize missing or incorrectly assembled components. Second, the test 
bench checks the electrical connection and dielectric withstand according 
to pinning [51]. A specific voltage, resistance threshold, and ohms are de-
fined for testing. 1,000 wire points can be tested within three seconds [52]. 

Testing fails if short circuits or open circuits occur. The detection of faulty 
connections is immediately displayed on a monitor, providing information 
such as the affected connector, pin numbers, and fault type. Reasons for 
failure typically include missing or broken wires, pinning mix-ups, or loose 
connections. Third, a leakage test is conducted. Compressed air is applied 
to specific connectors and cable ducts. A drop in air pressure indicates leak-
age. The unique identification number of the wiring harness is scanned 
prior to testing and documented with a timestamp and the information on 
whether the wiring harness passed the quality test (OK) or not (NOK).  
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The most important stage in quality control is the EOL testing. The quality 
checkpoint verifies the functionality of the wiring harness in terms of pa-
rameters such as current and resistance, which permits a conclusion re-
garding the fidelity of the processes in the final assembly. For example, a 
missing signal between two pins leads to the conclusion that station two in 
the final assembly failed to mount a wire. Fixing the failure can be time-
consuming because of the detachment between the failure occurrence and 
detection. For the stated example, value-added tasks have been conducted 
at multiple workstations between station two and the EOL testing. Addi-
tionally, the wiring harness is an integral product, which means rework typ-
ically involves for the entire wiring harness and not only specific segments. 
Scrapping the product as an alternative to rework would be a waste of re-
sources already invested in the production of the wiring harness.  

2.1.6 Summary and limitations in the wiring harness industry  

The wiring harness value chain aims at developing and producing custom-
ized products. The KSK consists of a high number of component types, also 
component variety, and each component type itself shows high diversity. 
The wiring harness is a highly interconnected system used to connect all 
E/E components within the vehicle. Due to the product’s structural and in-
terconnection complexity, the wiring harness development and manufac-
turing are bound to the expert knowledge of an interdisciplinary team dis-
tributed across different companies. There is a high degree of dynamism as 
changes in individual process steps impact precedent and subsequent ones. 
The state of the art demonstrates that the efficient management of the 
value chain constitutes a challenge due to the high amount of manual work, 
proprietary systems, interfaces, and engineering disciplines. 

Wiring harness manufacturing, especially the final assembly, is character-
ized by a high degree of manual work. The final assembly accounts for 70 % 
of wiring harness manufacturing time [44]. Operators perform the manual 
assembly of KSK, a failure-prone process due to continuously changing 
product content, component variance, and varying assembly sequences. 
The difficulty of securing skilled personnel in a fiercely competitive labor 
market exacerbates this precarious situation. The current manufacturing 
philosophy relies on EOL testing for quality assessment. The final assembly 
itself represents a quality black box because of the lack of quality assess-
ment measures, such as Poka Yoke or testing procedures. The EOL testing 
strategy allows reactive quality-assuring measures, such as rework and re-
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pair, or process adjustments in retrospect. Thus, EOL tests carry a substan-
tial risk of causing significant internal and external failure costs and time 
loss due to rework and repair or, in severe cases, scrapping of products, 
which means a loss of upstream value-added processes. According to the 
rule of ten in quality management, the costs may be reduced by a magni-
tude of ten through a shift of failure detection from the EOL testing phase 
to the manufacturing process [53, p. 29]. 

This thesis specifically addresses these shortcomings by investigating auto-
mated optical inspection in the final wiring harness assembly. An AOI sys-
tem is designed to enhance the process control capabilities of wiring har-
ness manufacturers during the final assembly stage. The development and 
planning effort required to implement a flexible and reconfigurable AOI 
system is notably extensive, particularly when considering the high degree 
of product and component variance.  

Emerging trends within the automotive industry manifest the need for ac-
tion and the significance of higher quality in wiring harness manufacturing 
[P8]. The trends of autonomous driving, connected cars, and electrification 
result in higher requirements for digital quality management, documenta-
tion, and traceability [P9]. In light of these trends, the E/E system, which 
includes the wiring harness, is a crucial component within the vehicle as it 
is responsible for safety-critical functions, such as steering, braking, and 
driving assistance. Meeting the higher requirements is mandatory, given 
that a failure in these functions could lead to harmful consequences for 
both human safety and the environment. 

2.2 Automated optical inspection in manufacturing 

Optical inspection in manufacturing is a fundamental part of quality con-
trol and production management systems [54]. It refers to technologies and 
methodologies aimed at visually evaluating the technical specifications of 
intermediate or finished manufactured products. The goal of optical in-
spection is the detection of faulty manufactured products that do not con-
form to predefined tolerances. Failure detection immediately after occur-
rence is imperative due to the high costs associated with failures and their 
detrimental effects on process efficiency. In contrast to destructive testing, 
optical inspection is classified as a non-destructive and non-contact testing 
method [55]. The optical inspection task can be conducted manually by op-
erators, fully automated by AOI systems, or semi-automated as a combina-
tion of both. AOI in manufacturing is defined as “technologies and meth-
odologies utilized to deliver imaging-based autonomous inspection and 



2   State of the art and related work 

22 

analysis” for manufacturing applications [56]. In research, the term auto-
mated visual inspection is a synonym for AOI. 

Section 2.1.5 outlines that the current quality inspection practices in wiring 
harness manufacturing encompass manual optical inspection. This thesis 
focuses on automated inspection for multiple reasons. The advantages and 
disadvantages of AOI in comparison to manual inspection are stated in the 
research works by [56–60]. Thus, automated solutions are reproducible and 
consistent over a long period, faster, and more cost-efficient compared to 
human inspectors. Automated systems operate continuously despite repet-
itive optical inspection tasks and result in systematic failures that are easier 
to solve. Human inspectors suffer from fatigue, assess the quality subjec-
tively, and cause random failures. Their performance is additionally im-
pacted by organizational, environmental, and social factors. The strength 
of manual work lies in the expertise, learning ability, and background 
knowledge to adapt flexibly to changes in manufacturing. These capabili-
ties are especially important for the manufacturing of complex assemblies.  

The realization of flexible and learning AOI systems results in a shift in the 
human’s role. Human resources are required for AOI system development, 
supervision, and adaptation. Introducing automated quality control results 
in higher accuracy, especially for small and complex defects that are hard 
to detect by the human eye. Furthermore, AOI systems provide compre-
hensive documentation and traceability of the inspection process, which 
are valuable for scenarios such as quality audits, regulatory reviews, and 
management decisions. A vast amount of data can be generated and ana-
lyzed using AOI systems. This is particularly valuable within the paradigm 
shift toward Industry 4.0 for data-driven decision-making as the data can 
be analyzed for process optimization, quality control, and predictive 
measures [61]. Data-driven manufacturing involves the collection, storage, 
and processing of data by companies to make well-founded and responsive 
decisions, to ultimately enhance their competitiveness [62]. For the devel-
opment of an AOI system for the wiring harness industry, section 2.2 aims 
to present the fundamentals of AOI. In the following, the terms AOI and 
machine vision will be utilized as synonyms. 

2.2.1 Automated optical inspection basic terminology and 
principles 

AOI relies on optical principles to capture image data. Optical inspection 
can be performed using one-dimensional, two-dimensional (2D), two-and-
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a-half-dimensional (2.5D), or three-dimensional (3D) data. Images repre-
sent Euclidean 2D data and are the most well-known example of this data
type in the context of optical inspection. An image 𝐼 is an array or a matrix
with 𝑚 rows and 𝑛 columns and consists of pixels 𝑎𝑖𝑗 as depicted in Equa-

tion (1).

𝐼 = (𝑎𝑖𝑗)  ∈  ℝ𝑚×𝑛 (1) 

Images are represented as structured grids of pixel values. Bits per pixel is 
a metric that quantifies the amount of data allocated to each pixel. Higher 
bits-per-pixel values allow a more detailed and accurate representation of 
colors and shades as they imply a greater amount of data. Images can be 
either greyscale or colored, depending on the camera sensor. Pixels in grey 
images can be represented by a single value, typically an 8-bit value ranging 
from 0 to 255. The representation of colors requires three channels. The 
Red, Green, and Blue (RGB) color model is a representation form often cho-
sen for colored images. A pixel’s color is determined by the intensity values 
of its three color channels. 

2.5D and 3D data have the dimension of depth in addition to the width and 
height. These data types represent spatial objects using non-Euclidean rep-
resentation forms such as point clouds (PC) or meshes. Point clouds are 
frequently implemented in manufacturing, whereby each point has a set of 
Cartesian coordinates, see Equation (2). Additional information, such as 
color or surface normals, can enrich the data. 2.5D data capture an object 
from a specific perspective. This means the 2D data are enhanced by depth 
attributes, usually in the form of depth maps. 3D data provide a more com-
prehensive representation of spatial relationships, geometry, and volume. 
Point clouds are sparse, irregular, and unordered.  

𝑃𝐶 = (𝑝1, 𝑝2, … , 𝑝𝑛); 𝑝𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖)  ∈  ℝ3 (2) 

An inspection requires the direct measurement or deduction of a measure-
ment parameter that determines whether a product adheres to the specifi-
cation or is faulty. The realization of AOI requires a system to capture data 
of manufactured products to be inspected, to process the images to detect 
the quality-relevant features, and to evaluate the adherence of the actual 
quality state to the target quality specifications. An AOI system “is the in-
tegration of optics, mechanism, electronic control, and software to replace 
human eyes” [57].  

The components of an AOI according to [63] are depicted in Figure 7 and 
discussed in the following. The basis for optically captured data is light as 
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it contains various types of information [63]. A light source emits light into 
a scene and onto an object, which is the focal point of the optical inspec-
tion. The relevance and proportion between the scene and the object highly 
depend on the AOI use case. Whereas surface inspection tasks necessitate 
a focus on the product, the scene and the product are both present for the 
inspection of large product assemblies. The scene is composed of the back-
ground and the arrangement of other objects not relevant to the optical 
inspection task, such as manufacturing equipment. The object relevant to 
the inspection task is also referred to as the object of interest.  

Figure 7: Schematic of an AOI system [63] 

The scene and object interact with the light by absorption, reflection, trans-
mission, scattering, and refraction [60]. These interactions depend on the 
geometry and the material properties of the scene and the object of inter-
est, as depicted in Figure 8. An imaging sensor captures optical signals. 
While 2D data are captured by a single sensor, 3D data require two or more 
sensors. An overview of sensor technologies is provided in [54, 64]. AOI 
relies on digital measurement methodologies. The chosen sensor technol-
ogy determines the conversion of the optical signal into an electrical signal 
and then into a digital representation. 
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Figure 8: Principle of capturing visual information of an object of interest [60] 

A processing unit converts the data through algorithms to perform the ma-
chine vision task. Data processing comprises data pre-processing, feature 
extraction, and data interpretation. Data pre-processing aims at enhancing 
and filtering the data for efficient feature extraction. These features need 
to be specified according to the application domain, AOI use case, and AOI 
task. To conduct the AOI, it is important to translate the technical product 
specifications relevant to AOI into visible and quantifiable parameters. 
High efforts need to be invested to determine the technical parameters de-
fining the product quality and to align them with the quality parameters 
present in manufacturing processes [65]. A set of features describing the 
quality parameters must be unambiguous to facilitate machine vision. Al-
gorithms perform tasks such as object detection, classification, or segmen-
tation. The results produced by these algorithms are subsequently used to 
assess the conformity of the actual features to the target features. The in-
terpretation of the features allows the detection and analysis of the manu-
facturing process. AOI results facilitate the deduction of process parame-
ters and actions in manufacturing, such as process continuation, rework, 
or process parameter adaptation. Operators or autonomous systems are 
process interfaces that consume the information for subsequent actions. 
The results of data processing and interpretation can be stored for tracea-
bility and documentation requirements. Operators and AOI engineers set, 
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control, and steer the AOI system utilizing the process interface as well as 
the human-machine interface [60, 63, 66]. 

2.2.2 Automated optical inspection frameworks and tasks 

Researchers propose universally applicable procedure models to develop 
AOI systems. [57] base their approach for AOI system development on the 
waterfall model. The procedure involves a requirements analysis to create 
a holistic understanding of the industry, manufacturing process, costs, and 
accuracy. This step is followed by system design, which takes the external 
environment and internal camera parameters into consideration. The im-
plementation includes testing, graphical user interface design, and system 
integration. [59] expand the procedure model by addressing AOI systems 
in their implementation phase. The process is clustered into five different 
steps and starts with the setup of an AOI system and the training of em-
ployees. The subsequent step is the automated quality assessment of prod-
ucts. In case a failure occurs, the product is eliminated from the production 
line for a secondary quality assessment. Additional optical inspection is 
usually conducted by a human operator, who ultimately determines the 
product’s quality. The emphasis lies on the steps of search and decision, as 
identifying defects and deciding on the acceptance or rejection are the most 
complex, time-critical, and error-prone tasks.  

Frameworks exist that classify the role of AOI within manufacturing sys-
tems. The most recent frameworks in research address the role of AOI in 
smart manufacturing [67, 68]. Hardware devices, the AOI business pur-
pose, data processing flows and storage, and communication protocols can 
be contextualized within the RAMI 4.0 architecture. Figure 9 shows an ex-
ample of an implemented framework with specified technologies and in-
terfaces. There is a differentiation between real-time data processing for 
direct quality assessment within the integration layer and long-term data 
storage as well as advanced data processing within the functional layer for 
improved and predictive manufacturing planning and optimization. Ad-
vanced data processing can also consolidate data from different AOI sys-
tems to facilitate improvements across multiple processes. [69] elaborate 
on the benefits of AOI systems in manufacturing ecosystems, e.g., through 
Quick Response (QR) codes or barcodes. Scanning such codes facilitates 
the tracking of products within manufacturing, visualization of product 
and manufacturing information on the shop floor, and the consolidation of 
information. 
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Figure 9: Implementation of an AOI system within the Industry 4.0 framework [67] 

The development of AOI systems is highly dependent on the AOI task. The 
AOI tasks and quality parameters according to [60, 66] are synthesized and 
depicted in Table 1. AOI identifies both functional and aesthetic defects. 
Inspecting the dimensional correctness comprises the inspection of adher-
ence to tolerances or geometric shapes. Structural correctness, primarily 
applicable to product assemblies, describes completeness by confirming 
the presence of components in the correct position and orientation. Un-
known objects can also be of interest to assess the structural correctness. 

Table 1: Overview of optical inspection tasks in manufacturing 
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Surface and material inspection comprise checking the surface properties, 
color, texture, and reflection of objects, which also allows the deduction of 
and differentiation between different material types. Defect detection re-
veals technical and aesthetic defects that are highly application-specific. 
There is a differentiation between low-level and high-level features [70]. 
The geometry and the characteristics of a component represent low-level 
features, such as the color, length, and cross-section of a wire. The aggre-
gation of multiple low-level features results in a high-level feature. High-
level features are important to the process and allow the deduction of the 
correctness of the assembly task. An example is that the process of wire 
mounting requires a wire with a defined material, color, length, and cross-
section mounted to a connector that has a defined color and size. 

The AOI tasks differ in scope, complexity, and feedback. The scope ranges 
from predefined local spots on specific components for the surface quality 
inspection to entire product assemblies consisting of multiple components 
to assess the structural quality. The degree of complexity depends on the 
number and type of the manufacturing process and the resulting degrees 
of freedom of quality parameters. This ultimately determines the extent of 
the quality inspection task to be conducted. The complexity is low for low 
variability of parameters and the simple matching of as-is and should-be 
parameters. Higher complexity arises when multiple parameters must be 
aggregated to determine the product quality. Lastly, the feedback mecha-
nisms vary. Feedback can be either numerical, categorical, or binary values. 
E.g., results for the dimensional quality are expected to be numerical, such
as coordinates for position and angles for orientation. Categorical feedback
is suitable for defined failure states for the AOI task, such as the type of
surface defect. Binary feedback for quality assessment in manufacturing is
usually yes/no or OK/NOK.

There are different quality control strategies for AOI in manufacturing. 
Strategies are either a 100 % test of all units within a manufacturing lot or 
batch, a sample test, or omitting a test entirely [71]. The choice of quality 
control strategy depends on the severity of potential product failure. 100 % 
testing ensures holistic quality control for safety-critical products of signif-
icant importance and adhere to the zero-defect manufacturing philosophy. 
Sample tests rely on statistical methods to infer the overall quality from a 
sample. While sampling reduces costs and effort, it fails to detect error rates 
in the parts-per-million range. Tests are omitted under certain conditions, 
such as streamlined processes with certified suppliers. Moreover, different 
concepts exist to integrate AOI tasks into manufacturing [3]. The concepts 
differ in the time and place for the inspection as shown in Figure 10. On-
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site AOI requires transferring the manufactured product to a separate test-
ing station on the shop floor, but locally remote from the process. While 
in-line AOI is conducted within the production line, on-machine AOI is 
carried out directly at the processing machine and in-process AOI takes 
place during the manufacturing process. The latter approaches are more 
cost and time-efficient supporting proactive process control. Ideally, 100 % 
accuracy is the goal when conducting AOI tasks. Nevertheless, the perfor-
mance in real manufacturing environments is typically lower.  

Figure 10: Quality inspection concepts illustrated for the example of wiring har-
ness manufacturing based on [3] 

There is a differentiation between different metrics for AOI as displayed in 
Figure 11. Detected OK and NOK products are correct decisions and classi-
fied as true positives (TP) and true negatives (TN), respectively. However, 
failures can occur during the AOI, specifically during data processing and 
evaluation. One error is that OK products are inspected and evaluated as 
NOK products, also referred to as false positives (FP). These type-1 or α-er-
rors do not result in a significant impact on customer satisfaction. How-
ever, false alarms bind additional resources for secondary testing of the 
product. Type-2 error or β-error is the assessment of NOK products as OK. 
The detection of false negatives (FN) is highly undesirable because it leads 
to the acceptance of faulty products. The rate of these occurrences is also 
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referred to as the failure escape rate. The consequence of FN can include 
unsatisfied customers, recalls, or harm to human life in case of safety-criti-
cal products. Thus, a reliable AOI system is characterized by a minimized 
number of FNs. 

Figure 11: Confusion matrix for AOI decisions 
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tion and semantic segmentation is straightforward, the results of object de-
tection and instance segmentation needs to be synthesized to verify the 
presence of a wiring harness. Thus, post-processing algorithms are required 
to draw conclusions, such as the presence of wires, connectors, clips, and 
tape means that a wiring harness is depicted in the image. A further exam-
ple is the detection of wiring harness components, which can be realized 
through object detection, semantic, and instance segmentation. The out-
put of the computer vision task ultimately determines its relevance for the 
AOI task. Object detection results in bounding boxes with coordinates. 
Whereas semantic segmentation provides the exact contours of objects, in-
stance segmentation further differentiates between the number of objects 
detected. The examples show that an understanding of both the AOI task 
and the computer vision task as well as their domain context is required to 
develop a data processing pipeline for industrial applications.  

Figure 12: Computer vision task applied to wiring harness branch (a) classification, 
(b) object detection, (c) semantic segmentation, (d) instance segmenta-
tion

Data processing can be clustered into the categories of traditional computer 
vision, 3D model matching, and deep learning-based. The three approaches 
differ in data processing principles, feature engineering, computational ef-
ficiency, advantages, and disadvantages as summarized in Table 2.  
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Table 2: Overview of data processing approaches 

The principle of traditional computer vision is designing and engineering 
algorithms that extract meaningful information from data using techniques 
such as filtering, edge detection, and feature extraction [73]. The main pre-
requisite for traditional computer vision is unambiguous features for the 
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tion relies on methods, such as descriptor-based matching, shape tem-
plates, or geometry features. Commonly used features for matching are 
edges for 2D data [75] or density and distribution of points for 3D data [76]. 
The best correspondence between features of the model and captured data 
is referred to as a match. The product and its components represented by 
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the captured data can be identified because the ground-truth models in-
clude meta information such as the component name. The precondition for 
model-based matching is a reference model, which constitutes the geomet-
ric representation of the product. In the manufacturing domain CAD mod-
els serve as the ground-truth model. The development of matching algo-
rithms can be laborious due to the difference between the ideal nature of 
models and the noise inherent in captured data.  

Deep learning-based approaches use artificial neural networks with multi-
ple connected layers, hence, they are referred to as DNNs or deep learning 
models. Deep learning models can process a wide variety of data modali-
ties, such as visual [P2], time series [P10], and graph data [P11] with a spe-
cifically generated dataset [P12]. The following paragraph aims to give a 
short introduction to and discusses the advantages and disadvantages of 
deep learning models based on [77–79]. These structured reviews provide 
detailed insight into the evolution, structure, and mathematical principles 
of deep learning.  

Deep learning is a subfield of machine learning. DNNs consist of many lay-
ers, such as convolutional layers (Conv), pooling layers, and fully connected 
(FC) layers. Convolutional neural networks (CNNs) can be a subset of DNN, 
specialized for image processing. The networks automatically learn hierar-
chical representations of unstructured data by iteratively adjusting the 
weights and biases of their interconnected layers, which is referred to as 
learning or training. The weights and biases are iteratively updated during 
training based on the error between the desired and predicted outputs. The 
models differ in their architecture, in which the first layers learn low-level 
features and the last layers learn high-level features. Different layers fulfill 
various functions. The most important ones are the Conv to extract fea-
tures, the pooling layers to reduce the spatial data size, the FC layers to 
aggregate data, and the activation layers to introduce non-linearity in the 
model. In the training phase, DNNs detect implicit patterns through train-
ing with a representative and large-scale database. Multiple training runs 
with varying hyperparameters are conducted to attain the best-performing 
model. After training, the trained model is implemented in the field, which 
is also referred to as inference.  

DNNs have outperformed traditional computer vision and model-based 
matching for many use cases by far due to multiple reasons [77–79]. First, 
DNNs do not require the human design of discriminative features. Feature 
engineering is an automated process because DNNs learn the feature rep-
resentation of data. Second, deep learning models can generalize to new 
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and unseen data. Lastly, deep learning provides high scalability to effi-
ciently deal with large datasets. However, DNNs lack transparency regard-
ing the decision-making process. The complex architectures with millions 
of parameters, non-linearity, and high dimensionality of data hamper com-
prehensibility. As a result, DNNs are often referred to as “black box” ap-
proaches. Model-based matching and traditional computer vision offer 
greater transparency as the algorithms are simpler and mostly linear. DNN 
training is associated with high requirements regarding hardware, espe-
cially the graphics processing unit (GPU), and time for training. Thus, 
training is most often an offline process. In contrast, inference is computa-
tionally more efficient than training and facilitates data processing in real-
time. A major drawback of DNNs is the premise of abundant labeled data 
and computational resources for training. DNNs necessitate a large and di-
verse database to learn the underlying distribution of data without bias or 
overfitting [77]. Training a model with a large database can take several 
days to even a week. Hyperparameter optimization is time-consuming be-
cause many hyperparameters exhibit interdependencies and require joint 
optimization. 

2.2.4 Norms for automated optical inspection in 
manufacturing 

Established standards guide the development and implementation of AOI 
systems. DIN EN ISO 10012:2004-03 [80] specifies a measurement manage-
ment system in manufacturing as depicted in Figure 13. The standard de-
lineates procedural guidelines to ensure the effective utilization of meas-
urement apparatus and measurement process for the attainment of prod-
uct quality objectives and the mitigation of risks associated with improper 
utilization. The requirements for a measurement management system are 
discussed according to the principles of quality management stipulated in 
DIN EN ISO 9000:2015 [46]. DIN EN ISO 10012:2004-03 provides high-level 
guidance. VDI/VDE 2600 [81, 82] is complementary and formulates meth-
odologies and techniques for the management of risks and the determina-
tion of measurement uncertainty. DIN EN ISO 14253 establishes rules for 
testing the conformity with specified tolerances of manufacturing units or 
with measurement deviations considering measurement uncertainty [83–
87]. Whereas the aforementioned standards are universally applicable 
across all industries, IATF 16949 [88], VDA 5 [89], and VDA 6.1 [90] provide 
analogous content tailored to the automotive industry.  
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Figure 13: Model of measurement management system according to DIN EN ISO 
10012:2004-03 [80] 

The overarching norm DIN 1319 [91–94] defines the fundamentals of me-
trology, which are broadly applicable to all measurement systems, includ-
ing AOI systems, among others. Parts of DIN 43751 [95, 96] specifically fo-
cus on digital measuring devices by presenting important terminologies, 
testing requirements considering environmental impacting factors, and 
datasheet specifications. VDI/VDE/VMDA 2632 [63, 97–100] is even more 
specific by focusing on machine vision. Lastly, it is interesting to note the 
existence of DIN EN ISO 9712 [101], which specifies the certification process 
for manual optical inspection in manufacturing. Accordingly, operators are 
obliged to attend training, gain practical experience under supervision, 
prove visual abilities, and obtain a certificate from a certification body. Cer-
tificates range from level one to level three, which reflect different levels of 
responsibility and application.  

2.3 Optical inspection of wiring harnesses 

The following section presents state-of-the-art approaches for the detec-
tion of wires and components of the wiring harness. The focus lies on 2D, 
2.5D, and 3D data. The relevant state-of-the-art literature is clustered into 
different application scopes. On the one hand, the machine vision for wires 
is outlined. On the other hand, solutions for wire assemblies, as a work in 
progress and final assembly, are presented. Special emphasis is placed on 

8.4 Improvement

Clause 5 management
responsibility

Clause 7 metrological 
confirmation and measurement 

process realization

7.1
metrological 
confirmation 

7.2
measurement 

process 

Measurement
results

input output

Clause 6 resource
management

Clause 8 measurement
management system analysis 

and improvement

Customer
measurement
requirements

Customer
satisfaction



2   State of the art and related work 

36 

the technologies applied for data processing, specifically traditional com-
puter vision, model-based matching, and deep learning-based, which were 
outlined in section 2.2.3. The presented research findings are not automo-
tive industry-specific and include additional industries dealing with wire 
systems. Thus, machine vision solutions for industries such as the manu-
facturing of switch cabinets, electronic devices, and power lines are intro-
duced. The subsequent state-of-the-art research primarily focuses on the 
optical inspection of wire systems. Thus, it does not cover computer vision 
within the research domain of robotic manipulation of DLO comparable to 
the review by [102]. Research in this field is only considered when a sub-
stantial segment of the publication is specifically dedicated to optical in-
spection tasks. A structured overview of the state of the art is provided in 
Table 3 and will be discussed in detail in the following sections. 

2.3.1 Machine vision for wires 

The investigation of machine vision for DLO is predominantly driven by 
the need for automated systems that facilitate DLO handling. These sys-
tems serve wire processing, wire grasping, and wire routing for the inser-
tion into connectors and manipulation of assembled wires. The complexity 
of machine vision for wires stems from their deformable characteristics 
and, therefore, resulting in self-occlusion of wire segments.  

The main computer vision task in this research field is wire detection, 
which is often researched in conjunction with wire pose estimation to de-
termine the wire’s position and orientation in 3D Cartesian space. Re-
searchers primarily rely on traditional computer vision. [103] propose a gra-
dient-based algorithm for grayscale images of one individual wire end 
equipped with a terminal. The algorithm performs wire edge detection 
based on color changes to the background. An adaptive threshold is calcu-
lated for each image to adapt to variable environmental conditions. The 
detected wire edges are utilized to crop the image to a rectangular image. 
Cropping eliminates background information, which minimizes the com-
putational time in the following steps. Wire terminal pose estimation is 
achieved through the triangulation of images acquired from two distinct 
viewpoints. The solution was implemented utilizing a robot equipped with 
a camera, which sequentially captures two images. [104] A similar solution 
realizes wire terminal pose estimation utilizing a CNN for wire terminal 
detection, three cameras for triangulation and low-cost hardware [105]. The 
proposed pipeline is composed of DNNs for object detection and keypoint 
detection as well as the triangulation of two images for pose estimation. It 
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is worth mentioning that the DNNs were trained with a mix of synthetic 
and real data of wires with terminals captured within a photo box.  

Numerous approaches exist in research that address wire detection by com-
bining traditional computer vision and deep learning-based. The following 
algorithms specifically aim to achieve instance segmentation of wire im-
ages. The Ariadne algorithm detects wires through superpixel segmenta-
tion [106]. The image is first segmented and the outcome is a region adja-
cency graph made out of so-called superpixels. Regions are connected 
based on geometric and visual constraints that are specifically formulated 
for wires. The constraints are the visual likelihood between superpixels, as 
an individual wire has the same color, distance likelihood as superpixels 
must be contiguous, and curvature likelihood as the wire only has a slight 
curvature. The result is a B-spline representation of the wire in 2D space. 
The strength of this approach is its performance with an Intersection Over 
Union (IoU) of 75.4 % for simple backgrounds and 58.3 % for complex 
backgrounds. Figure 14 depicts the strength of the Ariadne algorithm for 
individual wires, however, it reaches its limit for wiring harness assemblies 
because the parametrization does not detect individual wires and wire bun-
dles simultaneously. A CNN, specifically YOLOv2, was built to detect the 
wire endpoints and to initialize the Ariadne algorithm. The drawbacks of 
the Ariadne algorithm are the initial parameter setup as well as the long 
computational time. Moreover, the algorithm is not robust against the 
presence of multiple, similarly colored wires.  

 

Figure 14: Ariadne algorithm applied for a (a) single wire and (b) wiring harness 
assembly 

The Ariadne+ data processing pipeline addresses the shortcomings of the 
Ariadne algorithm [107]. The authors enhance terminal detection by replac-
ing the YOLOv2 with a DNN for binary image segmentation. Images are 
segmented into the background and the semantic class wire. The binary 
segmented images serve as the starting point for the Ariadne algorithm. 

(b)(a)
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Nevertheless, the quality of the segmentation relied on training data and 
the Ariadne algorithm showed deficiencies in accurately detecting closely 
spaced wires. 

The RT-DLO algorithm aims at real-time wire detection in a graph-based 
representation [108]. A DNN for binary image segmentation is the starting 
point. The next step is a DNN for vertex sampling and an algorithm for edge 
sampling to generate a graph representation. The FASTDLO algorithm is 
another hybrid approach for wire detection through instance segmentation 
[109]. A DNN performs binary segmentation in conjunction with a skele-
tonization algorithm to derive individual wires and wire intersections. The 
algorithm provided by [110] provides the best segmentation results for mul-
tiple DLOs with intersections and complex backgrounds. Research findings 
for the semantic segmentation of DLOs based on DeepLabV3+ and synthe-
sized images through rendering show that a visual representation of DLO 
is more critical than an exact physical replication [111].  

Few researchers investigate cable detection utilizing 2.5D or 3D data. [112] 
build upon the Ariadne algorithm and introduce a data processing pipeline 
consisting of multiple process steps for the 3D shape estimation of wires. 
Their work relies on a 2D sensor following a predefined trajectory to cap-
ture multiple perspectives of a static wire. The Ariadne+ data processing 
pipeline delivers B-splines for images of different perspectives, which are 
then merged to estimate the DLO within a 3D Cartesian space. The exper-
iments show that the norm of the error is minimized with a linear trajectory 
and a high number of images from multiple perspectives. [113] describe a 
data processing pipeline for calculating cable parameters from point 
clouds. Traditional machine learning algorithms, specifically k-d tree, con-
duct point cloud segmentation. This segmented data serves as the starting 
point for calculating wire diameter and length using an octree map, path-
finding algorithm, and B-spline curve fitting. An additional approach is 
proposed by [114], who implement the k-means algorithms to segment wire 
point clouds into supervoxels. Constraints, such as Cartesian distance, 
color similarity, and bending continuity, enable the connection of individ-
ual supervoxels to retrieve the point cloud of the cables.  

Complementary research has explored wire color inspection [115] and wire 
identification through character recognition [103]. Other research works 
deal with defect detection for wires installed at bridges [116, 117] as well as 
the detection of underwater wires [118] and power cables [119–121]. How-
ever, these research findings differ significantly from the aforementioned 
research as the wires have significantly larger cross sections or are mounted 
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with tension. Thus, the images portray wire segments that show a mini-
mized impact of wire deformation and rather resemble rigid objects.  

Few publicly available datasets exist for benchmarking novel machine vi-
sion approaches or developing DNNs. The cable dataset consists of 77 im-
ages of wires with terminals and segmentation masks for instance segmen-
tation [106]. The authors introduced complex and simple backgrounds and 
partial wire occlusion. DNNs require large image databases to achieve high-
performing models. Due to the lack of resources for real data collection, 
synthetic datasets are generated. The algorithms Ariadne+, RT-DLO, and 
FAST DLO rely on synthetic data for training to overcome the data bottle-
neck. A synthetic dataset for wires for semantic segmentation is provided 
by auto-labeling with Chroma Key [122]. The proposed approach is a copy-
and-paste method for synthetic data generation. Wires are captured 
against a green screen. Based on a known chroma range of the background, 
a separation of background and foreground can be conducted. Domain ran-
domization is realized by pasting the wire foregrounds onto a wide range 
of different backgrounds. Further research works explore the combination 
of the aforementioned synthetic dataset with real data collected through a 
virtual reality tracker for weakly supervised deep learning [123]. A further 
synthetic dataset for wire instance segmentation is the UIUCWires dataset 
[124]. The approach for synthetic data generation is similar to [122]. Meth-
ods applied are the copy and paste method, background substitution, and 
data augmentation techniques.  

2.3.2 Machine vision for wire assemblies 

This section differs from the previous section because machine vision for 
wire assemblies addresses either wires inserted into connectors or wire 
bundles. Additional wiring harness components are of interest with in-
creasing value-added tasks in manufacturing. Thus, machine vision tasks 
comprise the components stated in 2.1.1, in addition to wires only.  

The optical inspection of wires mounted to connectors facilitates the de-
termination of operational quality. Optical testing allows for the evaluation 
of whether the correct wires have been accurately inserted following pre-
defined sequences. An approach based on traditional computer vision by 
[125] achieves the optical assessment of inserted wires into connectors that 
possess a single row of cavities. The wires are sequentially arranged so that 
a slight overlap between wires can occur. A background equalization pro-
cess is proposed to correct the image regarding disturbances such as une-
ven illumination. Also, a region of interest is defined to avoid complex 
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scenes close to the connector housing. Wire detection is conducted 
through an algorithm for background subtraction, contour detection, and 
color inspection. Wire and component detection can also be realized using 
thresholding [126] or feature extraction and color matching [127]. The three 
stated approaches, however, require known features and the color space of 
the background or components. 

Traditional computer vision is also predominant for the detection of wire 
bundles and wiring harness components. An attempt is made by [128] who 
propose a solution for the inspection of the presence and position of white 
tape, cable ties, and wheel-shaped components. Edge detection is proposed 
for wire bundle detection. Gradients are defined to detect the endpoints of 
the bundles and to calculate the bundle length from predefined starting 
points. A contour-based matching approach is implemented for compo-
nent detection. Contour patterns are created for the objects of interest, 
which serve as the template for object detection. The templates move 
through the image and a correlation function determines the degree of sim-
ilarity. A user interface allows the manual trigger of the AOI process and 
the visualization of AOI results. The validation of the system revealed some 
flaws that require further research. Therefore, the solution requires the har-
ness to be flattened and correctly positioned on the assembly board. On 
the one hand, the measurements lack precision as the solution solely relies 
on 2D data and, therefore, does not account for the deformable character-
istics of wires. Furthermore, contour-matching templates do not suffi-
ciently represent objects across various perspectives and scales. The re-
search by [129] addresses the recognition of wiring harness branches and a 
set of connectors. Their approach is based on traditional computer vision 
for colored images. Color thresholding is applied in the Hue, Saturation, 
and Value (HSV) color space. Different thresholding values need to be de-
fined for each colored component. Further algorithms for contour detec-
tion, centroid identification, and constraints are added. The position of the 
connectors is provided via bounding boxes. Whereas the aforementioned 
solutions employ traditional computer vision, deep learning-based ap-
proaches have shown high accuracy. The task of connector detection for up 
to 20 connectors is achieved with CNNs [130, 131]. Additional shape-based 
3D matching completes connector detection for the task of connector pose 
estimation. 

The computer vision task of segmentation enables the identification of 
wiring harness components at both semantic and instance levels. Semantic 
segmentation is conducted in the final assembly. Multiple encoder-decoder 
networks are implemented to detect rigid objects, such as connectors and 
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clips, and DLO, such as taped wire bundles and individual wires [P4]. The 
segmentation masks are then processed to determine quality parameters, 
such as the orientation and spatial position of components.  

Analogous to section 2.3.1, only a few solutions exist utilizing 2.5D or 3D 
data. Point clouds are employed for the detection of wiring harness sub-
modules within a material supply [132]. Regions of interest are defined and 
algorithms, specifically density-based spatial clustering of applications 
with noise, K-means clustering, and color similarity comparison, are imple-
mented to detect wires of individual sub-modules and connectors. The ma-
chine vision tasks are simplified due to the defined spacing between sub-
modules and the defined location of connectors within the material supply. 
Research findings delineate the benefit of 2D images and depth maps for 
wiring harness branch detection [133]. Images of wiring harnesses in a clut-
tered state are captioned from a bird's-eye view. The computer vision task 
is the recognition of four different wiring harness branches. The authors 
evaluate different modalities, RGB images and depth maps, as well as dif-
ferent stages to fuse the modalities. The findings show that CNN processing 
both modalities, RGB image and depth map, is superior to single modali-
ties. To deal with the small dataset, the method of data augmentation pro-
vided better results compared to inpainting the images with disturbance 
shapes. The authors published the dataset with RGB images and depth 
maps of wiring harness branches. Each modality is represented with 594 
images for wire branch classification. 

[134] address wiring harness recognition for its mounting into the car body 
at the OEM. The process begins with wiring harness shape estimation, 
which is further utilized for the position and orientation estimation of spe-
cific rigid components. A stationary camera captures the wiring harness as 
a point cloud and a 2D image. Filters are applied to perform binary segmen-
tation, specifically distinguishing the wiring harness from the background. 
The authors realize a model-based approach to track and register wiring 
harness branches according to the CAMP algorithm [76]. The matching re-
lies on a probability estimation for each branch using the Gaussian Mixture 
Model. The enriched point cloud provides rough coordinates for a second-
ary camera mounted on a robotic end-effector, enabling close-up images of 
specific components. Accurate pose estimation for the components is 
achieved via template matching. The component position and orientation 
are then utilized for object grasping. The experimental results show a mean 
position error of below 5 cm for the detection of clips attached to the wiring 
harness. This means that the close-up capture cannot distinguish identical-
looking components next to each other, approximately within 2 cm. The 
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error of object position and orientation estimation is low, with positional 
accuracies below 1 mm and rotational accuracies below 2°. 

A further model-matching approach is clustered into point cloud captur-
ing, cleaning, registration, and segmentation [135]. The input consists of a 
point cloud that is pre-processed using machine learning algorithms, spe-
cifically the k-d tree and K-nearest neighbors algorithm. The authors pro-
pose a two-step global-to-local registration to align the captured point 
cloud with a 3D CAD model. Segmentation and cylinder fitting enable the 
determination of the wire bundle’s bending radius and its minimum dis-
tance to other components. Advanced tracking and matching algorithms 
can also consider the branched topology of the wiring harness through 
graph-based topology representation [136] and self-organizing maps [137]. 
Further computer vision tasks are length measurement of individual wires 
[126] and wire branches [128], as well as label detection [126, 128]. 
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2.4 Limitations of state-of-the-art and extraction of re-
search hypothesis for automated optical inspection 
of wiring harnesses 

The current state of the art reveals the significance of flexible and reconfig-
urable, yet robust and reliable AOI systems for quality management sys-
tems in manufacturing. As a quality assessment method, optical inspection 
not only facilitates in-line or on-machine optical inspection without pro-
cess intervention but also enables data feedback from manufacturing pro-
cesses for process control and traceability documentation. Research into 
automating optical inspection and the development of autonomous AOI 
systems through self-learning approaches offers a high potential to over-
come the limitations of the wiring harness industry stated in section 2.1.6.  

Sections 2.2 and 2.3 provide an overview of and contrast between different 
data processing approaches for the machine vision of wires and wire assem-
blies. The data processing approaches of model-based matching and tradi-
tional computer vision are primarily suitable for inspecting of known ob-
jects and, ideally, at fixed positions with constant illumination and low 
noise. However, industrial applications, this case especially focusing on 
wiring harness manufacturing, require robust and reliable machine vision 
solutions despite varying product configurations, high component diver-
sity, and fluctuating environmental conditions. Taking these circumstances 
into consideration, the algorithms require generalization capabilities. Ro-
bust performance, especially in an industrial environment, is difficult to 
achieve using model-based matching and traditional computer vision. Both 
approaches require known features and are restricted in their capability to 
generalize. Feature engineering for DLOs is especially difficult because of 
the many degrees of freedom and complex, nonlinear dynamics. Traditional 
computer vision for wire and wire system detection typically employs 
thresholding techniques, which are not robust to noise. Features engi-
neered for model-based matching are not robust to scaling and rotation. 
DNNs address these shortcomings because they do not perform explicit 
reasoning and automatically extract relevant features for the machine vi-
sion task based on a representative dataset. Nevertheless, state-of-the-art 
research findings focus on wires or components and lack insights into wire 
assemblies. Despite the growing success of DNNs, their application for AOI 
remains underexplored. Finally, current research considers the wiring har-
ness as the focal object of interest, neglecting the relevance of the assembly 
board and the broader manufacturing environment.  
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The analysis of the state of the art on AOI of wiring harnesses and the iden-
tification of the research gap leads to the first hypothesis of this thesis:  

(H1) Deep learning provides high accuracy, low cost, and time efficiency for 
automated optical inspection to identify assembly errors in the final assem-
bly of customized wiring harnesses.  

One of the main disadvantages of supervised learning algorithms is the 
premise for large and representative datasets to effectively learn the latent 
representation of data. Researchers have invested much effort in creating 
datasets for training and benchmarking. Well-known datasets are 
ImageNet [138] and Microsoft COCO [139]. However, DNNs trained on 
these off-the-shelf datasets lack transferability to the disparate domains of 
industrial applications. A model trained on well-known datasets requires 
additional training with a domain-specific dataset. Due to the scarcity of 
such data, information representing the latent feature space of the target 
domain need to be collected. This data collection necessitates a physical 
setup of the manufacturing process step, optical sensors, and known as well 
as existing physical products for the machine vision task. E.g., the quality 
assessment of customized wiring harnesses requires images of all existing 
quality defects in conjunction with every potential product assembly con-
figuration. The generation of a domain-specific dataset, which is repre-
sentative, large-scale, and high-quality, is a resource-intensive process. 
Therefore, capturing, cleaning, and annotating data constitute a bottleneck 
in the CNN development process. Furthermore, guaranteeing high data 
quality is difficult given the sheer volume of images and the number of per-
sonnel required for data acquisition and labeling.  

Only a few research findings exist for the generation of synthetic data for 
wire and wire system. Common approaches generate synthetic data based 
on the copy-and-paste method [122, 124]. These datasets, nevertheless, can-
not claim to be fully synthetic as the main objects originate from real phys-
ical objects. In manufacturing, synthetic data generation is self-evident as 
CAD models are already created during product and process development. 
The reuse of development artifacts for AOI development has a high poten-
tial to accelerate AOI development. However, there is a research gap for a 
continuous data flow for synthetic data generation of products consisting 
of DLOs and a holistic understanding of factors impacting synthetic data 
generation. The research gap leads to the second hypothesis of this thesis:  

(H2) Synthetic data reduces the time and cost of data generation for auto-
mated optical inspection of wiring harnesses in manufacturing as opposed 
to relying exclusively on real-world data. 
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3 Research framework for FastAOI 

The research framework provides a structure for the thesis, logical inter-
connectedness of the individual research steps, and a comprehensive guide 
for systematically addressing the hypotheses H1 and H2, which were for-
mulated in section 2.4. Furthermore, the framework ensures consistency 
and coherence throughout the thesis. Figure 15 illustrates the research 
framework and the structure of the remainder of this thesis. 

 

Figure 15: Research framework for the development of FastAOI 

The subsequent sections develop a methodology for creating data-driven 
AOI systems and propose technically feasible AOI systems based on deep 
learning and synthetic data. The research objective is the development of a 
methodology, referred to as FastAOI, and its application to develop data-
driven AOI systems. FastAOI is motivated by the goal of providing a struc-
tured approach for the development of deep learningbased AOI in flexible 
manufacturing systems. FastAOI aims at fast adaptation of AOI systems to 
new product variants with new assembly sequences and environmental 
changes by integrating synthetic data into the training process. The re-
search framework comprises of the three superordinate steps of data-driven 
AOI design methodology, AOI for images and point clouds, and implemen-
tation and evaluation of AOI for wiring harnesses.  
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Section 4 introduces the data-driven AOI design methodology, which pro-
vides a systematic and structured approach to determining the AOI plan, 
selecting relevant parameters for AOI, and establishing a data flow accord-
ing to the requirements of data-driven AOI in manufacturing. The meth-
odology places special emphasis on synthetic data generation by proposing 
the enrichment of product development artifacts with AOI-relevant infor-
mation. Furthermore, it incorporates synthetic data generation for deep 
learning-based data processing. The goal is the creation of a high-quality 
database to support supervised learning approaches. 

The subsequent sections propose two distinct concepts and their technical 
implementation to realize FastAOI. The concept development and imple-
mentation specifically focus on wiring harness manufacturing. Section 5.3 
presents AOI for images and section 5.4 depicts automated optical inspec-
tion for point clouds. Implementing the methodology for two distinct data 
modalities enables the evaluation and comparison of the methodologies, 
while proposing two specific AOI systems that rely on deep learning and 
synthetic data. The level of detail is increased as each section follows up 
with the technical implementation according to the CRISP-DM methodol-
ogy [7]. The sections for each data modality present the results for the im-
plemented algorithms, synthesized data, and data processing pipelines. 
Numerous experiments were conducted to evaluate the domain gap be-
tween real and synthetic data and assess the proposed approaches for inte-
grating synthetic data with real data during the training process.  

Section 6 evaluates FastAOI with regard to its performance and industrial 
relevance to wiring harness manufacturing. The feasibility of FastAOI to 
automate quality inspection, which is conducted manually as of the present 
time, is assessed through a performance comparison. Furthermore, the the-
oretical contribution and managerial implications of the research findings 
are discussed. Finally, a summary of the research findings and an outlook 
on future research activities are provided in section 7. 
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4 FastAOI – Methodology to design 
data-driven automated optical inspection 
systems 

The proposed methodology FastAOI is structured into building blocks, 
which are visualized in Figure 16. The first main building block is AOI plan-
ning for data-driven AOI within the final wiring harness assembly line. AOI 
planning ensures that all relevant parameters for the final AOI application 
are systematically considered. The second building block involves develop-
ing a CNN for the machine vision task. The third building block is synthetic 
data generation, which enables the rapid training of CNNs. Data synthesis 
is based on digital models of the wiring harnesses and manufacturing envi-
ronment. These models are adapted and enriched with data relevant to syn-
thetic data generation. The building blocks and the interdependencies are 
presented in detail in the subsequent sections. 

 

Figure 16: Building blocks of the FastAOI methodology  
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4.1 Automated optical inspection planning 

The final assembly line consists of alternating workstations 𝑊𝑆 and quality 
control stations 𝑄𝑆 with AOI, as depicted in Equation (3).  𝑠1 to  𝑠𝑛 1 are 
workstations that result in work in progress assembly states, whereas the 
last workstation  𝑠𝑛 outputs the final wiring harness assembly for the EOL 
testing station.  

𝑊𝑆 = { 𝑠1,  𝑠2, … ,  𝑠𝑛}; 𝑄𝐶 = { 𝑐1,  𝑐2, … ,  𝑐𝑛} (3) 

The assembly plan can be derived from the SBOM and tasks linked to wir-
ing harness components. The assembly plan consists of assembly tasks 𝐴𝑇, 
which result in an assembly sequence 𝐴𝑆 when arranged in a logical, step-
by-step order to efficiently build a wiring harness, see Equations (4) and 
(5). Both the hierarchical structure of materials as well as the dependencies 
of process steps are required. E.g., crimping a wire with a contact requires 
prior stripping of the wire insulation, which, in turn, necessitates wire cut-
ting. The number of workstations 𝑊𝑆 is defined through the takt time and 
the total time required for all assembly tasks 𝐴𝑇, e.g., based on time and 
motion studies, to produce a wiring harness. Therefore, each workstation 
 𝑠𝑖 is assigned a number of assembly tasks 𝑎 𝑖 and follows a specific assem-
bly sequence 𝑎𝑠𝑖, while 𝑖 ∈ ℝ.  

𝐴𝑇 = {𝑎 1, 𝑎 2, … , 𝑎 𝑚}; 𝐴𝑆 = {𝑎𝑠1, 𝑎𝑠2, … , 𝑎𝑠𝑛}; 𝑎𝑠𝑖 ⊆ 𝐴𝑇 (4) 

𝑊𝑆(𝐴𝑆) → 𝑊𝐻 (5) 

The assembly sequence 𝐴𝑆 is a prerequisite for AOI planning because the 
AOI inspects whether assembly tasks 𝐴𝑇 have been conducted correctly, 
resulting in either a good (OK) or faulty (NOK) wiring harness assembly. 
AOI planning requires the definition of AOI equipment, methodology, and 
data analysis approach. Each assembly task 𝑎 𝑖 within the assembly se-
quence 𝐴𝑆 is mapped to required AOI tasks   𝑖 which results in the AOI 
sequence 𝑄𝑆 for the assembly line, see Equations (6) and (7).  

𝑄𝑇 = {  1,   2, … ,   𝑚}; 𝑄𝑆 = { 𝑠1,  𝑠2, … ,  𝑠𝑛};  𝑠𝑖 ⊆ 𝑄𝑇 (6) 

𝐴𝑆
𝑄𝑇
→ 𝑄𝑆 (7) 

Each AOI task   𝑖 contains information on which component requires op-
tical detection through class 𝑐𝑖 and requires a definition of AOI-relevant 
parameters  𝑝𝑖, described with target values, tolerance values, and if appli-
cable specific metrics, see Equation (8). If the AOI task   𝑖 results in NOK 
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due to unsuccessful object detection or a deviation from target values, im-
mediate troubleshooting must be initiated by correcting the faulty assem-
bly task 𝑎 𝑖 linked to the AOI task   𝑖. 

  𝑖 = {𝑐𝑖;   𝑝𝑖}; 𝐶 = {𝑐1, 𝑐2, … , 𝑐𝑙}; 𝑄𝑃 = { 𝑝1,  𝑝2, … ,  𝑝𝑘} (8) 

The next step is determining the computer vision tasks to retrieve target 
values for each AOI task   𝑖. The selection of computer vision tasks and 
algorithms for object detection is conducted by an AOI engineer and aided 
by a suitability ranking of computer vision tasks. The definition and differ-
ence between AOI tasks and computer vision tasks are provided in section 
2.2. In this step, the selection of data modality impacts the subsequent steps 
of synthetic data generation, modeling, and deployment. 

4.2 Synthetic data generation for data-driven auto-
mated optical inspection 

The terminology “synthetic data” is used interchangeably with simulated 
data, artificial data, virtual data, and fake data, whereas the opposite is re-
ferred to as real data, physically generated data, or live data [140]. Following 
the definition by [141], synthetic data are defined as data that aim to repli-
cate real data but are not acquired through the measurement of physically 
existing objects. Figure 17 illustrates the process for the generation of syn-
thetic data, which comprises the steps of 3D product model creation, scene 
composition, and data synthesis adapted from [142]. 

 

Figure 17: Synthetic data generation for DNN training and deployment in AOI ap-
plications based on [142] 
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In the context of machine learning with DNNs, the goal of generating syn-

thetic image data 𝐼  or synthetic point clouds 𝑃𝐶  is to substitute the abun-
dance of real image 𝐼  or real point cloud 𝑃𝐶  required for DNN training 
without compromising the capability of the DNN to process real images 
during the inference phase. The superset 𝑆 defines synthetic and 𝑅 defines 
real data. The synthetic and real datasets are each characterized by a data 
domain 𝐷, whereby 𝜒 describes the feature space and 𝑃(𝑋) a marginal dis-
tribution, see Equation (9). A supervised learning DNN for a computer vi-
sion task 𝑉𝑇 with a feature space 𝑌 can be trained to learn the predictive 
function 𝑓(∗) based on labeled data {𝑥𝑖, 𝑦𝑖}, whereby 𝑥𝑖 ∈ χ and 𝑦𝑖 ∈ 𝑌. To 
transfer 𝑓(∗) trained on synthetic data to the real world, the synthetic data 

domain 𝐷  must be as similar as possible to the target domain of the real 
data 𝐷 . This ensures that a computer vision task 𝑉𝑇 can be transferred 
between both domains 𝐷  and 𝐷  as depicted in Equation (10).  

𝐷 = {𝜒, 𝑃(𝑋)};  𝑋 = {𝑥1, 𝑥2, … , 𝑥ℎ} ∈ 𝜒 (9) 

𝐷 = {χ , 𝑃(𝑋) } ≈ 𝐷 = {χ , 𝑃(𝑋) }; 𝑉𝑇 ≈ 𝑉𝑇  (10) 

3D product model creation 

The starting point is 3D product model creation, which is a digital repre-
sentation of the wiring harness. The foundation is a 3D component library 
containing 3D models of wiring harness components 𝑝𝑖 including addi-
tional information 𝑝𝑐𝑖, such as color, material, dimensions, and assembly-
specific instructions to create the 3D product model 𝑊𝐻𝑀, see Equation 
(11).  

𝑊𝐻𝑀 = {𝑝1, 𝑝2, … , 𝑝𝑔}; 𝑝𝑖 = {𝑐𝑖, 𝑝𝑐𝑖, 𝑝𝑐𝑖 , … } (11) 

The level of detail of the component models 𝑝𝑖 can vary. While envelope 
geometry models and surface models possess the least amount of detail, 
parametric solid models and full-feature models result in high fidelity of 
shapes, surfaces, and proportions. 3D component models 𝑝𝑖 are ideally pro-
vided by component suppliers and require enhancement by adding com-
pany-specific additional information. If 3D models of components do not 
exist or the fidelity of the model is insufficient, reverse engineering the dig-
ital model is an alternative solution. Measurement methods such as photo-
grammetry or coordinate measuring can be applied to reconstruct 3D mod-
els based on physical objects. 

The goal for synthetic data generation is a close approximation of real ob-
ject geometry and parameters. The SBOM and the assembly sequence 𝐴𝑆 
are required to model various product configurations in different assembly 
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states. Depending on the specific product configuration and assembly state, 
the correct components 𝑝𝑖 are retrieved from the component library and 
relations between components are established to create the wiring harness 
model 𝑊𝐻. DLO components, especially wires, require an additional step 
of simulation. The realistic representation of DLO necessitates a physically 
accurate simulation of forces, deformation, and tension. During 3D product 
model creation, it is highly important to add information for the AOI to the 
wiring harness model 𝑊𝐻. Based on the link between the assembly se-
quence 𝐴𝑆 and AOI sequence 𝑄𝑆, each wiring harness component 𝑝𝑖 is as-
sociated with a class 𝑐𝑖. 

Scene composition 

The following step for synthetic data generation is scene composition, in 
which the object’s type, scale, and pose as well as their spatial arrangement 
are determined. A library for manufacturing resources 𝑀𝑅 contains all 3D 
models for creating the scene, see Equations (12) and (13).  

𝑀𝑅 = {𝑚𝑟1,𝑚𝑟2, … ,𝑚𝑟𝑓} (12) 

𝑆 = {𝑊𝐻𝑀,𝐴𝐵𝑀,𝑊𝑀,𝑀𝑀}; 𝐴𝐵𝑀,𝑊𝑀,𝑀𝑀 ⊆ 𝑀𝑅 (13) 

The library is used to create models for the scene, such as assembly boards 
𝐴𝐵𝑀, workplace 𝑊𝑀, and manufacturing environment 𝑀𝑀. Assembly 
board models 𝐴𝐵𝑀 comprise elements such as assembly drawings, compo-
nent holders, and routing forks. The workplace model 𝑊𝑀 incorporates 
material supply, tools, and peripheral equipment, while the manufacturing 
environment 𝑀𝑀 encompasses large-scale factors such as the factory hall. 
From a visual perspective, the layers are ordered from the foreground to 
the background, starting with the product model as the main object of in-
terest for the AOI, followed by the assembly board 𝐴𝐵𝑀, the workplace 
𝑊𝑀, and the manufacturing environment 𝑀𝑀.  

The effort required for scene composition varies depending on already ex-
isting digital models of the manufacturing plant and resources available for 
scene composition. The degree of realism is lower if the parameter space 
for scene composition is randomly configured since the outcome consists 
of objects and manufacturing scenes that would normally not occur in real 
manufacturing. A commonly applied approach is domain randomization, 
which aims to establish a large dataset with a high variety of images. Do-
main randomization is based on the hypothesis that the degree of realism 
of the created scene is of little importance compared to image variety [143]. 
Therefore, the realism of the synthetic images is intentionally depriotized.  
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A high degree of realism can be assured by a well-defined parameter space 
that ensures context relation between objects, e.g., through object place-
ment, thereby creating a virtual scene highly similar to the real manufac-
turing environment. The effort for scene composition also refers to the 
modeling depth of the scene. An option is to rely on image-based represen-
tations instead of modeling the manufacturing resources. Whereas utiliz-
ing images reduces scene composition effort, this approach is not advisable 
for foreground layers as the level of detail should remain high. A higher 
modeling depth is the precondition for advanced simulations, such as rigid 
body, deformation, or physics simulation on a scene level. Specifically, the 
accuracy of the AOI tasks 𝑄𝑇 depends on the simulation of wires in con-
junction with the assembly board accounting for gravity and friction be-
tween objects. For example, the simulation of wires at junction points pos-
tulates a realistic scene 𝑆. 

Data synthesis 

Data synthesis is the final step in the synthetic data generation process. The 
selection of methodology for data synthesis depends on the data modality 
for AOI, level of realism, computational resources, and cost and time con-
straints. Known methods for point cloud synthesis based on 3D models in-
clude procedural generation, 3D model sampling, or rendering. 2D image 
synthesis relies on rendering or image stitching. These methods require 
parametrization, as the choice of parameters determines the degree of re-
alism of the synthesized data.  

An overview of models that can be built and parametrized for data synthe-
sis is provided in Table 4. The factors impacting data synthesis adhere to 
the components of AOI stated in section 2.2.1. Thus, noise and artifacts sim-
ulate measurement inaccuracies by real-world sensors, ensuring that the 
synthetic data distribution closely matches that of the real data. Material 
and texture properties determine the appearance of the surface, such as 
patterns, color, glossiness, and roughness. Modeling light sources and 
shadow behavior increases the degree of realism as the models in the scene 
interact with light. Material properties such as reflectance, transparency, 
and refraction can only be accurately captured through interaction with 
light. Further impacting factors are camera properties such as field of view 
(FOV), aperture, and focal length. Lastly, the resolution determines the de-
gree of realism. Even though a high resolution provides more realistic syn-
thetic data with finer details, early requirements of DNN normally imply 
the synthesis of synthetic data with a lower resolution.  
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Table 4: Steps and factors impacting synthetic data generation regarding resource 
investment to generate synthetic data and degree of realism  
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5 Technical implementation 

The technical implementation of FastAOI follows the CRISP-DM process 
model [7]. The methodology is visualized in Figure 18. The use case is the 
assembly of a door wiring harness in various configurations. To evaluate 
and ensure the feasibility of FastAOI, the implementation is conducted for 
two data modalities, 2D images in section 5.3 and point clouds in sec-
tion 5.4. The technical implementations share a common business under-
standing, which is detailed in this section, and data understanding in terms 
of product configuration and scene composition, which are presented in sec-
tions 5.1 and 5.2. The steps of data preparation, modeling, evaluation, and 
deployment differ for image data and point clouds and are therefore pre-
sented separately. The technical implementation is based on open-source 
frameworks, whenever feasible. 

 

Figure 18: CRISP-DM methodology [7] 
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of product and process, and increased reliability of the wiring harness. Fur-
thermore, minimizing rework and scrap at EOL testing results in cost sav-
ings and faster lead time for the JiS assembly at the OEM. A further business 
objective of the wiring harness manufacturer is process optimization and 
traceability, which can be achieved through collecting and analyzing pro-
cess and product data in manufacturing via AOI. 

5.1 Product configuration and automated optical 
inspection planning for wiring harnesses 

A door wiring harness in various configurations serves as the use case and 
object of interest for the AOI. The functions of the door wiring harness are 
power window control, car locking, keyless entry, side mirror adjustment, 
speakers and audio system, and interior lighting. Furthermore, the door 
wiring harness differs between right-hand drive and left-hand drive for two 
distinct markets in the automotive industry. The specific combination of 
FMs defines a unique KSK. Functions can be integrated using logical con-
junctions, including AND, OR, and XOR operators. Right-hand drive and 
left-hand drive are exclusive functions, whereas car locking and keyless en-
try are inclusive functions because keyless entry requires a locking system. 
An SBOM is provided for the wiring harness. The hierarchical order con-
sists of FM, production module, subassemblies, and components. Figure 19 
shows an excerpt of the SBOM for the door wiring harness and the first 
column labeled “Item no.” states the hierarchical order of components re-
quired for its assembly. 

 

Figure 19: Excerpt of the SBOM for the door wiring harness 

Design: 
D_003.4_Door wiring 
harness

Page 1/24

Author: Huong Nguyen

Date: 2024-09-17 11:16:00

Customer: OEM_92

Document: SBOM

Revision: 003.4

Item no. FM PM Part name Part number Quantity Description

1 FM_1

1.1 PM_1 CONN7 C-020 1 Connector, automotive, grey, violet, no seal

1.2 GR-01 GR-2850 1 Grommet, automotive, size 1/8”

1.3 PM_2 CONN3 C-002 1 Connector, automotive, black, seal

1.4 CONN4 C-008 1 Connector, automotive, black, no seal

1.5 W026 1 Crimped wire, length 801 mm

1.5.1 Wire W-2.0-U/V 1 Wire, standard insulation, copper

1.5.2 Seal S-589 1 Seal, blue

1.5.3 Terminal T-S-58 1 Terminal, seal

1.5.4 Terminal T-NS-58 1 Terminal, no seal

1.6 W027 1 Crimped wire, length 801 mm

1.6.1 Wire W-2.0-Y/V 1 Wire, standard insulation, copper

1.6.2 Seal S-589 1 Seal, blue

1.6.3 Terminal T-S-58 1 Terminal, seal

1.6.4 Terminal T-NS-58 1 Terminal, no seal

1.7 Tape30:10 1 Tape, cloth, 19 mm, length 115 mm
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For the definition of the assembly sequence 𝐴𝑆, an overview of the assem-
bly tasks 𝐴𝑇, the calculation of the number of workstations 𝑊𝑆, and con-
ducting line balancing are mandatory. The assembly tasks 𝐴𝑇 are defined 
over the set {mount subassembly, pick and place connector, mount grom-
met, pick wire, insert wire end, route wire, apply tape - fully taped, apply 
tape - spiral taped, splice, or mount clip}. The task list results from assign-
ing assembly tasks 𝑎 𝑖 to the components of the SBOM. A takt time of 
5 minutes, which is defined for this thesis, results in workstations 𝑊𝑆 en-
compassing the set { 𝑠1,  𝑠2,  𝑠3}. The assembly sequence 𝐴𝑆 results from 
assigning assembly tasks 𝑎 𝑖 to the workstations  𝑠𝑖. The document “As-
sembly sequence” is the output and is shown in Figure 20. The assembly 
sequence 𝐴𝑆 can be read from top to bottom in the column labeled “Task”. 
The total assembly time for the door wiring harness is the sum of the values 
in the column labeled “Time [s]”. 

 

Figure 20: Excerpt of the assembly sequence for the door wiring harness 

Simultaneously with the number of workstations 𝑊𝑆, the AOI stations 𝑄𝑆 
contain the set { 𝑠1,  𝑠2,  𝑠3}. The quality tasks 𝑄𝑇 and target values for 
each quality task   𝑖 are outlined in Table 5. In the case of a holistic AOI, 
each assembly task  𝑖 leads to an AOI task   𝑖. There is also the possibility 
of conducting a Failure Mode and Effects Analysis to identify potential fail-
ures and assess the effects of each failure [71]. Based on the assessment, the 
AOI sequence 𝑄𝑆 is composed of selected AOI tasks   𝑖 for failures with a 
Risk Priority Number above a defined threshold. For the following thesis, 
each assembly task 𝑎 𝑖 results in at least one AOI task   𝑖, see Table 5. The 
documents can be automatically generated based on the formulated if-
then-rules and the boundary conditions.  
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WS PM Assebly task,   Part name Part no. Quan. Time [s] Task description

1 PM_1 Pick and place connector CONN7 C-020 1 8
Pick connector from material supply and 
place connector into the connector holder

1 PM_1 Mount grommet GR-01 GR-2850 1 20 Mount grommet according to instructions

1 PM_2 Pick and place connector CONN3 C-002 1 8
Pick connector from material supply and 
place connector into the connector holder

1 PM_2 Pick and place connector CONN4 C-008 1 8
Pick connector from material supply and 
place connector into the connector holder

1 PM_2 Pick wire W026 1 3 Pick wire from material supply
1 PM_2 Insert wire end W026 1 5 Insert wire end into CONN3 cavity 1
1 PM_2 Route wire W026 1 3,5 Route wire from CONN3 to CONN4

1 PM_2 Insert wire end W026 1 5 Insert wire end into CONN4 cavity 6

1 PM_2 Pick wire W027 1 3 Pick wire from material supply
1 PM_2 Insert wire end W027 1 5 Insert wire end into CONN3 cavity 2
1 PM_2 Route wire W027 1 3,5 Route wire from CONN3 to CONN4
1 PM_2 Insert wire end W027 1 5 Insert wire end into CONN4 cavity 7

1 PM_2 Apply tape – fully taped Tape30:10 TP-19 1 6,5
Apply tape to create a fully taped wire 
bundle from CONN3 to N40
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Mapping the components and tasks 𝑎 𝑖. of the SBOM with an AOI task   𝑖 
according to Table 5 results in the AOI sequence 𝑄𝑆. An example is pro-
vided in Figure 21. The AOI document shows an overview of the AOI tasks 
  𝑖 each assigned to an AOI station  𝑠𝑖, and the target values for the AOI 
tasks. The target values are class labels, that correspond to the component 
name, coordinates, rotation, or RGB values. The annotation classes 𝐶 for 
the door wiring harness are defined over the set {connector, grommet, un-
tapped wire bundle, spiral taped wire bundle, fully taped wire bundle, 
clips}. The utilization of norms for wiring harness development, such as 
VDA 4968 VEC [144], allows the extraction of target values. One example 
is the class BuildingBlockPosition2D, which relates to Cartesian points of 
starting points, junction points, and ending points, and the class color, 
which defines colors for components corresponding to a reference system. 

 

Figure 21: Excerpt of the AOI sequence for the door wiring harness 

5.2 3D product model creation and scene composition 

3D product model generation relies on a library of all components 𝑝𝑖 listed 
in the SBOM and aims to generate models of different assembly states for 
all product configurations. The components were provided by component 
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QS PM AOI Task,   Part name Quan. Target values (𝒄 ,  𝒑 ) Task description

1 PM_1 Detect connector CONN7 1 Connector Attendance verification 

1 PM_1 Identify position CONN7 1 (1640|222) Check correct assembly at position (x|y) 

1 PM_1
Determine component 
color

CONN7 1 (grey, violet) Check correct component through color

1 PM_1 Detect grommet GR-01 1 Grommet Attendance verification 

1 PM_1 Identify position GR-01 1 (800|217) Check correct assembly at position (x|y) 

1 PM_1 Identify orientation GR-01 1 0°
Check correct assembly through 
orientation

1 PM_1
Determine component 
color

GR-01 1 Black Check correct component through color

1 PM_2 Detect connector CONN3 1 Connector Attendance verification 

1 PM_2 Identify position CONN3 1 (797|423) Check correct assembly at position (x|y) 

1 PM_2
Determine component 
color

CONN3 1 Black Check correct component through color

1 PM_2 Detect connector CONN4 1 Connector Attendance verification 

1 PM_2 Identify position CONN4 1 (271|327) Check correct assembly at position (x|y) 

1 PM_2
Determine component 
color

CONN4 1 Black Check correct component through color

1 PM_2 Detect wire W026 1 Untaped wire bundle Attendance verification 

1 PM_2 Determine starting point W026 1 (805|308) Check correct wire path at position (x|y) 

1 PM_2 Determine junction point W026 1 (602|217) Check correct wire path at position (x|y) 

1 PM_2 Determine ending point W026 1 (275|330) Check correct wire path at position (x|y) 

1 PM_2 Detect taping type Tape30:10 1 Fully taped wire bundle Attendance verification 

1 PM_2 Determine starting point Tape30:10 1 (797|425) Check correct taping at position (x|y) 

1 PM_2 Determine junction point Tape30:10 1 (800|370) Check correct taping at position (x|y) 

1 PM_2 Determine ending point Tape30:10 1 (805|308) Check correct taping at position (x|y) 

1 PM_2 Calculate tape width Tape30:10 1 15 Check correct taping through width
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suppliers as Standard for the Exchange of Product Model Data (STEP) files. 
Each component 𝑝𝑖 was assigned a class 𝑐𝑖 in a string data format. Further 
information 𝑝𝑐𝑖 was added, such as color and material described as RGB 
and surface properties as floats. Surface properties include metallic, specu-
lar reflection, roughness, sheen, emission strength, and transparency.  

An assembly state occurs after each workstation  𝑠𝑖. The components 𝑝𝑖 
are added to the wiring harness product model 𝑊𝐻 according to the as-
sembly sequence 𝐴𝑆. The 3D models were created using IPS Cable Simula-
tion [145], a tool that facilitates the real-time design of wiring harnesses. 
Figure 22 visualizes three assembly states for a door wiring harness.  

 

Figure 22: Left-hand drive door wiring harness in varying assembly states mounted 
on assembly boards, (a) work in progress after workstation 1, (b) work in 
progress after workstation 2, and (c) final assembly after workstation 3 

Wire bundle simulation was realized through a simplified modeling ap-
proach. Thus, a wire bundle was approximated based on a single DLO in-

(a)

(b)

(c)
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stead of multiple objects representing individual wires and tape as a bun-
dling component. The final assembly state, as shown in Figure 22 (c), re-
quires wire bundle simulation. 

The following step is scene composition. A library was established contain-
ing manufacturing resources 𝑀𝑅. The assembly board model 𝐴𝐵𝑀 consists 
of an assembly board of the size 1780 x 515 mm, connector holders, clip 
holders, wire routing forks, and spacing elements. The holders were specif-
ically designed to match the component library and to support different 
orientations of components. The design was conducted using the CAD tool 
Siemens NX [146]. Additional equipment was added to the library to de-
velop the workplace model 𝑊𝑀. Primarily the resources include profiles, 
fasteners, and accessories from widely known suppliers to design ergo-
nomic workplaces.  

Modeling the manufacturing environment to create 𝑀𝑀 was simplified by 
relying on background images. As the FOV of the sensor for AOI encom-
passes the models for the wiring harness 𝑊𝐻𝑀, assembly board 𝐴𝐵𝑀, and 
workplace 𝑊𝑀, the effort required for modeling the manufacturing envi-
ronment 𝑀𝑀 was intentionally reduced. Freely available images of manu-
facturing environments were retrieved as background images. Additionally, 
images were captured from the laboratory environment where the experi-
ments for FastAOI validation were conducted. An exemplary scene 𝑆 for 
the final assembly of the door wiring harness is depicted in Figure 23. 

 

Figure 23: Scene with wiring harness as 3D product model, assembly board, work-
place, and real background created in Blender  

The tool chosen for scene composition is the open-source 3D software 
Blender [147]. It supports modeling, simulation, and rendering. Further-
more, it offers a Python application programming interface (API) that can 
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be used to develop and customize functions. Scene composition is per-
formed manually by selecting manufacturing resources and positioning 
them into the scene. The resources need to be provided as Virtual Reality 
Modeling Language (WRL) files, which are an extension of the virtual real-
ity modeling language format. 

5.3 Automated optical inspection with image data 

The first implementation of FastAOI is conducted for image data. The mo-
dality of image data was selected due to low-cost sensors for capturing 
high-resolution images and advanced deep learning approaches for image 
processing. Furthermore, images provide an accurate visual representation 
of the object of interest for the AOI. The computer vision task chosen for 
image data processing is image segmentation. Due to the spatial extent of 
routed wires in the images, object detection is not suitable, as the bounding 
boxes would predominantly encompass background information rather 
than target objects. Segmentation, however, results in pixel-accurate detec-
tion of wires and outputs the location of objects. Therefore, semantic seg-
mentation was implemented, compared, and evaluated. The classes for se-
mantic segmentation 𝐶𝑖𝑚𝑔_ 𝑒𝑔 are defined over the set {connector, clip type 

1, clip type 2, clip type 3, grommet, untaped wire bundle, spiral taped wire 
bundle, fully taped wire bundle}. For image processing, the class clip was 
differentiated into different clip types.  

Following the CRISP-DM methodology, sections 5.3.1 to 5.3.3 deal with the 
steps data understanding and data preparation, whereby synthetic data is 
generated following the FastAOI methodology. Real data collection is also 
addressed, as real data is required for benchmarking and the evaluation of 
the domain gap between synthetic and real data. The CRISP-DM step mod-
eling is addressed in sections 5.3.4 as well as 5.3.5 and the step evaluation in 
section 5.3.6. Preliminary results for AOI with real and synthetic image data 
were published in [P2] and [P13] and were generated in the theses by Wang 
[S1], Brunnacker [S2], Fromholzer [S3], Habiboglu [S4], and Gläseke [S5]. 

5.3.1 Real image data generation 

Real images of door wiring harnesses were captured in the laboratory with 
conditions comparable to those in manufacturing. The physical setup that 
was built is similar to the scene 𝑆 created in section 5.2. While the assembly 
board 𝐴𝐵𝑀, workplace 𝑊𝑀, and manufacturing environment 𝑀𝑀 need to 
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be set up once, the effort to build wiring harnesses 𝑊𝐻𝑀 in various config-
urations following the assembly sequence 𝐴𝑆 required high time and per-
sonnel resources. The hardware setup is illustrated in Figure 24. The cam-
era used for image capturing is a structured light camera, specifically a Zivid 
Two, with a resolution of 1944 × 1200 pixels, which outputs both 3D and 2D 
data. 

 

Figure 24: Physical hardware setup of the scene for wiring harness AOI 

The working distance and aperture angle of the camera require two indi-
vidual images to capture the assembly board. Thus, the images depict either 
the left-hand or the right-hand side of the wiring harness assembly. Images 
were captured from multiple perspectives to create a diverse set of images 
for evaluation. The images were downscaled to 1120 pixels in width and 640 
pixels in height. Labeling was conducted manually using Labelme [148]. 
The process of image annotation entails the delineation of individual ob-
jects through the construction of polygons. Selecting more coordinates for 
polygon drawing results in greater labeling precision, as background infor-
mation and adjacent objects are excluded. Each polygon is assigned to a 
class, whereby the classes are conveyed as integers rather than strings. The 
elements of the classes for semantic segmentation 𝐶𝑖𝑚𝑔_ 𝑒𝑔 are mapped to 

the set {1,2,3,4,5,6,7,8}, such as the class connector corresponds to 1. Addi-
tionally, the class background was added and assigned the value 0. The re-
sulting annotated image, also referred to as a mask, is annotated at the pixel 
level using natural numbers. Furthermore, the annotation time per image 
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is contingent upon the assembly state and the number of visible compo-
nents. Figure 25 illustrates exemplary images with annotations for semantic 
segmentation. Two different types of assembly boards were built and cap-
tured. Figure 25 (a) depicts a traditional assembly board for manual assem-
bly. Figure 25 (b) shows an assembly board for automated wiring harness 
assembly using a collaborative robot. The board differs due to the consid-
eration of design for automated assembly rules, see Figure 25 (c). Thus, the 
forks and connector orientations differ significantly from the traditional 
board. The most significant difference is the orientation of the connectors. 
Furthermore, no working instructions are printed on the assembly board. 
Captured images and masks possess identical filenames in their respective 
folders to ensure correct assignability. In total, 166 images of the traditional 
assembly board (trad_ab) and 79 images of the automated friendly assem-
bly board (auto_ab) were captured and labeled. The resulting real images 
database consists of 245 images and is referred to as 𝐼 𝑒𝑎𝑙 in the subsequent 
sections. 

 

Figure 25: Final assembly state of a door wiring harness and mask with annotation 
for (a) assembly board for manual assembly, (b) assembly board for ro-
botized assembly, and (c) differences in board design 

(a)

(b)

(c)

Connector Clip type 1 Clip type 2 Clip type 3 Grommet Untaped wire bundle

Fully taped wire bundle Spiral taped wire bundle
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5.3.2 Synthetic image data generation 

Data synthesis relies on the physically-based rendering engine Cycles pro-
vided by Blender. The Cycles renderer operates based on ray tracing, which 
allows for highly accurate simulation of light interacting with objects of 
different properties. The output of the process, which considers subsurface 
scattering, vector displacement, and volume scattering, is a highly photo-
realistic image. Although the rendering process is more time-consuming 
than with other rendering engines, such as EEVEE in Blender, the objective 
is to synthesize highly realistic images. 

Rendering requires the setup of a virtual camera and light sources within 
the scene. The virtual camera was parameterized and positioned in the 
scene in accordance with the specifications of the actual hardware to 
achieve a comparable FOV. Light sources, specifically spotlights and area 
lights, were added to the scene by positioning them above the workplace. 
A spotlight emits a cone-shaped beam in a specific direction, while an area 
light is a surface-like emitter. The light intensity is adjusted by varying the 
power settings. 

Image synthesis was conducted based on a predefined parameter space for 
the camera position along the x-axis, y-axis, and z-axis relative to the as-
sembly board, light intensity, and background images. The camera position 
varied within [-8,000 mm, 8,000 mm] along the x-axis, [-10,000 mm, 
10,000 mm] along the y-axis, and [-50,000 mm, 50,000 mm] along the z-
axis. The light intensity was set to {5 W, 25 W, 50 W}. 

Seven background images were provided to represent the manufacturing 
environment, comprising six images sourced from the internet and one im-
age captured in the laboratory of the physical setup. The Python API was 
utilized to write a script for synthesizing images with randomized parame-
ters within the defined parameter space. Impacting rendering parameters 
were determined in previous research works [P13]. Design of experiments 
was conducted to identify the impact of color information, texture infor-
mation, light intensity, and background on the segmentation results. The 
findings show that color information is critical and light intensity is im-
portant for achieving high performance. 

Image synthesis involves generating photorealistic images and masks for 
supervised learning. To generate these masks, the class information for 
each component 𝑝𝑖 of the wiring harnesses 𝑊𝐻 is passed in natural num-
bers as depicted in section 5.3.1 to an object property called the “pass index”. 
Synthesized images and masks are saved in respective folders with identical 
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filenames. Image synthesis generated synthetic images with a resolution of 
1120 x 640 pixels, see Figure 26.  

 

Figure 26: Synthetic data (a) right-hand side of door wiring harness with (b) mask 
and (c) randomized wiring harness with (d) masks  

In total, 17,938 images with annotation were synthesized. The images rep-
resent 21 different wiring harness configurations, corresponding to 63 as-
sembly states. 10,728 of the 17,938 synthetic images are highly similar to the 
real setup, as shown by the image and mask in Figure 26 (a) and (b). More-
over, randomized wiring harness configurations were added to increase im-
age variety, see image and mask in Figure 26 (c) and (d). The distribution 
of light intensity is balanced, as each light intensity level encompasses ap-
proximately 5,980 images. The synthesized images are referred to as 𝐼 𝑒𝑛𝑑 
for the remainder of this thesis.  

A comparison of real and synthetic images reveals key differences between 
the datasets. The annotations of the synthesized images are more accurate 
than the manual annotations of the real images. While the synthesized 
masks are on a pixel-level, thus highly precise, the manually created masks 
often encompass background information, see Figure 27 (a). Furthermore, 
differences in modeling, coloring, and texturing can be observed between 
real and synthetic data. Especially modeling and rendering spiral taped 
wire bundles and semi-transparent objects realistically is challenging. The 
differences are visualized in Figure 27 (b) and (c). 

(a) (b)

(c) (d)

Connector Clip type 1 Clip type 2 Clip type 3 Grommet Untaped wire bundle

Fully taped wire bundle Spiral taped wire bundle
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Figure 27: Comparison between real images (upper row) and synthetic images 
(lower row) regarding (a) annotation, (b) class spiral tape bundle, and 
(c) class clips 

5.3.3 Image data preparation 

The real and synthetic data were examined for class distribution at the pixel 
level. Table 6 presents the classes for the wiring harness objects and their 
distribution across the datasets.  

Table 6: Class distribution of the datasets 𝐼 𝑒𝑎𝑙 and 𝐼 𝑒𝑛𝑑 downscaled to 
480 ×  360 pixels 

Due to the nature of the assembly board and wiring harness, the back-
ground is an overrepresented class with over 95 % for both 𝐼 𝑒𝑎𝑙 and 𝐼 𝑒𝑛𝑑. 
The classes representing components vary slightly between the real and 

(b)(a) (c)

Dataset 𝑰𝒓𝒆 𝒍 (N=245) 𝑰𝒓𝒆𝒏𝒅(N=17,938) 

 Pixels Share  Pixels Share 

Background 40,990,042 96.8208 % 2,962,064,784 95.5601 % 

Connector 117,343 0.2771 % 35,664,317 1.1506 % 

Clip 1 10,391 0.0245 % 1,224,164 0.0395 % 

Clip 2 6,342 0.0150 % 1,519,554 0.0490 % 

Clip 3 22,814 0.0539 % 2,884,316 0.0931 % 

Grommet 275,441 0.6506 % 5,977,249 0.1928 % 

Untaped wire bundle 622,381 1.0470 % 42,233,642 1.3625 % 

Fully taped wire bundle 205,264 0.4848 % 27,343,686 0.8821 % 

Spiral taped wire bundle 85,982 0.2031 % 20,774,688 0.6702 % 
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synthetic datasets. With the exception of the class grommet, the remaining 
classes exhibit a more balanced distribution in the synthetic data compared 
to the real dataset. Due to a lack of CAD models for the class grommet, this 
specific component is underrepresented in the synthetic dataset. 

The images and masks were downscaled to 384 × 384 pixels for semantic 
segmentation. Furthermore, data augmentation was implemented using 
the library “Albumentations” [149]. Augmentation was applied to enhance 
generalization and reduce the overfitting of DNN models. The augmenta-
tion techniques applied are detailed in Algorithm 1. 
 

The probability 𝑝 determines the likelihood of a method being applied to 
an image before training. For affine transformations, a shift factor range 
Δ 𝑎𝑛𝑔𝑒 and a scaling factor 𝜅 𝑎𝑛𝑔𝑒 were defined. Rotation was omitted and 

a range was defined to randomly drop color channels to create green im-
ages similar to the green assembly board. Additional techniques, such as 
contrast, brightness, gamma, hue saturation, and blur, were applied ran-
domly. The data was split according to the hold-out method into training, 
validation, and testing datasets. A ratio of 80:20 was selected for training 
and validation in relation to testing for large datasets, specifically synthetic 
datasets. For smaller datasets, specifically real datasets, a 90:10 ratio was 
chosen. The ratio was not maintained for the testing datasets of certain ex-
periments to ensure comparability through an identical testing dataset. 
The final dataset sampled from the synthesized dataset and the experi-
ments conducted are further explained in section 5.3.5. 

Algorithm 1: Image preparation 

Input: dataset 𝑫 with images 𝐼 𝑒𝑎𝑙 , 𝐼 𝑒𝑛𝑑 

Output: image 𝑰 ∈ ℝ 𝟖𝟒× 𝟖𝟒 

for all 𝐼𝑖 ∈ 𝐷 do 

     𝐼𝑖 ← 𝑑𝑜 𝑛𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 

     𝐼𝑖 ← horizontal flipping(𝑝 = 1) 

     𝐼𝑖 ← affine transformation(∆ 𝑎𝑛𝑔𝑒= ±0.1, 𝜅 𝑎𝑛𝑔𝑒 = ±0.1, 𝑝 = 1) 

     𝐼𝑖 ← cropAndPadding(384 × 384, 𝑝 = 1) 

     𝐼𝑖 ← GaussianNoise( 𝑝 = 0.2) 

     𝐼𝑖 ← randomChannelDrop( 𝑟 𝑎𝑛𝑔𝑒 = ±1, 𝑝 = 0.5) 

     𝐼𝑖 ← selectOneOfThree(𝑐𝑙𝑎ℎ𝑒, 𝑏𝑟𝑖𝑔ℎ 𝑛𝑒𝑠𝑠, 𝑔𝑎𝑚𝑚𝑎, 𝑝 = 0.9) 

     𝐼𝑖 ← selectOneOfThree(ℎ𝑢𝑒, 𝑏𝑙𝑢𝑟,𝑚𝑜 𝑖𝑜𝑛𝐵𝑙𝑢𝑟, 𝑝 = 0.9) 

     𝐼𝑖 ← selectOneOfThree(𝑐𝑜𝑙𝑜𝑟𝐽𝑖  𝑒𝑟, ℎ𝑢𝑒, 𝑝 = 0.9) 

end 

Return 𝐼𝑖 
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5.3.4 Modeling for image data processing 

Semantic segmentation relied on a diversity of architectures and backbone 
models. Well-known and high-performing architectures were selected for 
implementation. The architectures U-Net [150], Feature Pyramid Network 
(FPN) [151], LinkNet [152], and Pyramid Scene Parsing Network (PSPNet) 
[153] were implemented. The architectures are depicted in Figure 28. 

 

Figure 28: Architectures for semantic segmentation (a) U-Net, (b) FPN, 
(c) LinkNet, and (d) PSPNet 

The U-Net architecture is characterized by a U-shaped structure compris-
ing downsampling and upsampling convolutional layers with skip connec-
tions between corresponding layers, which serve to preserve spatial infor-
mation. The strengths of the U-Net architecture include the preservation 
of spatial information, effectiveness on relatively small datasets, and local-
ization of fine details. The FPN architecture effectively extracts multi-scale 
features. It combines semantically rich, low-resolution features with high-
resolution, spatially detailed features via a top-down pathway, thereby en-
abling accurate predictions across varying object scales. The LinkNet archi-
tecture is structured into encoder and decoder layers. LinkNet is computa-
tionally efficient due to its low parameter count and efficient design. There-
fore, it is suitable for real-time applications. Lastly, the PSPNet architecture 
is defined through a pyramid pooling module that performs pooling at mul-
tiple levels to capture features at varying scales and combine them into a 
global context. The architecture is suitable for complex scenes. 
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The hardware employed for this research included an AMD Ryzen 9 3900X 
central processing unit and an NVIDIA GeForce RTX 2080TI GPU. For 
larger batch sizes and backbones with higher parameter counts, an AMD 
EPYC 7282 and an NVIDIA RTX 3090 were further employed. The training 
process includes the backbones ResNet50, SeResNet50, SeResNet152, and 
EfficientNetB5 pre-trained on the ImageNet dataset. Hyperparameter opti-
mization followed grid search. The hyperparameters were architecture, 
backbone, batch size {8, 16, 32}, and learning rate {0.001, 0.0001}. Training 
was performed for 150 epochs using the Adam optimizer, whereby early 
stopping and adaptive learning rate adaptation were implemented to en-
sure an efficient training process. The parameters and training procedure 
were selected based on values and procedures reported in preliminary stud-
ies and student theses that experimented with these algorithms.  

To support the implementation of FastAOI in a manufacturing environ-
ment, a dashboard was developed for the visualization of training data, 
model training, and segmentation results. The dashboard for interactive 
machine learning is presented in Figure 29. 

 

Figure 29: FastAOI Dashboard, interactive machine learning for training, monitor-
ing, and visualization 
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The technical implementation of the dashboard was built using the open-
source framework Dash by Plotly [154]. Dash supports the creation of web-
based applications with Python. The objective of implementing the dash-
board in the context of FastAOI is to provide a user-friendly process and a 
no-code platform for modeling and evaluation. The dashboard provides an 
intuitive interface for users to select architectures, models, and hyperpa-
rameters; start the training process, monitor the training progress, and vis-
ualize the training results, including the prediction masks and metrics. 
Consequently, users can operate the system effectively without requiring 
prior programming expertise. 

5.3.5 Deployment of image data processing 

The metrics used for the evaluation of semantic image segmentation in-
clude pixel accuracy, precision, recall, and Intersection-over-Union (IoU), 
also referred to as the Jaccard index. The metrics are defined in Equations 
(14), (15), and (16). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐼, 𝑀) =
1

𝑚 × 𝑛
∑ 1(𝐼𝑖=𝑀𝑖)

𝑚×𝑛

𝑖=0

 (14) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, 𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (15) 

𝐽 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (16) 

Pixel accuracy is determined by a pixel-wise comparison of the predicted 
image 𝐼𝑖 with the ground truth mask 𝑀𝑖. The maximum achievable value 
for accuracy, precision, recall, and IoU is 1.0000. Specifically, IoU is an im-
portant metric because it penalizes FP, which occur frequently in imbal-
anced datasets. A critical IoU threshold of 0.5 is defined for a TP classifica-
tion. The mean IoU (mIoU) represents the average IoU calculated across all 
classes in the dataset. Furthermore, confusion matrices were plotted to dis-
cuss the metrics on a class level. 

Experiments were conducted to evaluate the potential of synthetic data for 
training CNNs that can be transferred to the semantic segmentation of real 
images. The first experiments, which are depicted in Table 7, aim to evalu-
ate whether the models learn within both the real and synthetic domains. 
Data splitting describes the number of images for training, validation, and 
testing. 
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Table 7: Overview of experiments for the evaluation of the datasets real images 
and synthetic images based on U-Net, FPN, LinkNet, PSPNet 

Experiment 1.1 (E1.1) was designed for benchmarking purposes. Training 
and testing were conducted with 𝐼 𝑒𝑎𝑙, which encompasses images of the 
traditional wiring harness assembly board for manual assembly and the au-
tomated-friendly assembly board. The LinkNet architecture with the Effi-
cientNetB5 backbone, a learning rate of 0.001, and a batch size of 8 yielded 
the optimal results. These hyperparameters achieved an accuracy of 0.9923 
and an mIoU of 0.8306. The imbalance in the dataset resulting from the 
class background contributed to a notably high accuracy value, see Table 8. 
Accordingly, the subsequent analysis focused on the mIoU as the principal 
performance metric. 

Table 8: Overview of image segmentation results on a class level for the best-per-
forming model, 1-background, 2-connector, 3-clip type 1, 4-clip type 2, 5-
clip type 3, 6-grommet, 7-untaped wire bundle, 8-spiral taped wire bun-
dle, 9-fully taped wire bundle 

No. Exp. 
Data splitting 

(Train/Val/Test) 

U-Net  FPN  LinkNet  PSPNet 

Acc. mIoU  Acc. mIoU  Acc. mIoU  Acc. mIoU 

1.1 Baseline  𝐼 𝑒𝑎𝑙 176 44 25 0.9904 0.7821  0.9201 0.7745  0.9923 0.8306  0.9881 0.7527 

1.2 Synthetic  𝐼 𝑒𝑛𝑑 5120 1280 1600  0.9760 0.6937  0.9751 0.7045  0.9762 0.7712  0.9714 0.7485 

No. Test dataset 

 Class IoU 

mIoU 1 2 3 4 5 6 7 8 9 

1.1 𝐼 𝑒𝑎𝑙 
trad_ab 
auto_ab 

0.8376 
0.8309 

0.9943 
0.9900 

0.9140 
0.6535 

0.9101 
0.8346 

0.9541 
0.8864 

0.4639 
0.8919 

0.8851 
0.8608 

0.7066 
0.6596 

0.8634 
0.7619 

0.8472 
0.9397 

1.2 𝐼 𝑒𝑛𝑑  0.7714 0.9761 0.8279 0.7034 0.6957 0.8136 0.8730 0.6014 0.7260 0.7258 

1.3 𝐼 𝑒𝑎𝑙 
trad_ab 
auto_ab 

0.6450 
0.5828 

0.9835 
0.9804 

0.7443 
0.0646 

0.7952 
0.6582 

0.7711 
0.8608 

0.6747 
0.8987 

0.5597 
0.6709 

0.2787 
0.3405 

0.5031 
0.1069 

0.4944 
0.6641 

1.4 𝐼 𝑒𝑛𝑑  0.4109 0.9604 0.2350 0.2544 0.4656 0.4588 0.3970 0.2502 0.2798 0.3973 

1.5 𝐼 𝑒𝑎𝑙 

20 % 
40 % 
60 % 
80 % 

0.6233 
0.7205 
0.7222 
0.7727 

0.9825 
0.9903 
0.9908 
0.9918 

0.5542 
0.6053 
0.7254 
0.7695 

0.5001 
0.7339 
0.8221 
0.7714 

0.7360 
0.8950 
0.7981 
0.8937 

0.7440 
0.8518 
0.7219 

0.9069 

0.7568 
0.8396 
0.8165 
0.8451 

0.3414 
0.4115 

0.4246 
0.5477 

0.3898 
0.6212 

0.6798 
0.6952 

0.6049 
0.5359 
0.5204 
0.5328 

1.6 𝐼 𝑒𝑎𝑙 

20 % 
40 % 
60 % 
80 % 

0.7060 
0.7041 
0.7787 
0.8045 

0.9892 
0.9911 
0.9919 
0.9929 

0.7400 
0.7583 
0.7527 
0.8215 

0.6988 
0.7118 

0.7536 
0.4000 

0.7623 
0.3200 
0.8328 
0.8999 

0.7177 
0.6800 
0.7200 
0.8907 

0.8747 
0.8048 
0.8002 
0.9209 

0.3872 
0.6250 
0.5507 
0.6821 

0.5582 
0.6743 
0.7780 
0.8029 

0.6262 
0.7718 

0.8284 
0.8298 
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A comparison of the accuracy and mIoU across all architectures revealed 
that these metrics are slightly higher for the assembly board for manual 
assembly trad_ab than for the one for robotized assembly auto_ab, as illus-
trated in Table 8. The dataset auto_ab exhibited a lower mIoU for the clas-
ses clip type 3 and fully taped wire bundle. 

E1.2 was trained and tested with 𝐼 𝑒𝑛𝑑, whereby the dataset was significantly 
larger than E1.1 because FastAOI permits the generation of a substantial 
quantity of data. The LinkNet architecture achieved the best performance 
with an mIoU of 0.7712. The classes performed similarly well, with class 
IoUs ranging from 0.6014 for the class untaped wire bundle to 0.9761 for the 
class background. 

Subsequently, experiments were conducted to evaluate the domain gap be-
tween 𝐼 𝑒𝑎𝑙 and 𝐼 𝑒𝑛𝑑, see E1.3 and E1.4 in Table 9. The domain gap was 
quantified by comparing the performance metrics of a CNN trained on 𝐼 𝑒𝑎𝑙 
and tested on 𝐼 𝑒𝑛𝑑, and vice versa. The objective is to minimize the domain 
gap, enabling models trained on synthetic data to be transferred directly to 
𝐼 𝑒𝑎𝑙 for inference. This represents the ideal scenario for AOI. The training 
process for E1.3 employed 𝐼 𝑒𝑛𝑑, while testing was based on 𝐼 𝑒𝑎𝑙. The re-
sulting mIoU values spanned a range from 0.5763 to 0.6225. 

Table 9: Overview of experiments for the evaluation of the domain gap, mixing 
ratio and fine-tuning for the datasets real images and synthetic images 
based on U-Net, FPN, LinkNet, and PSPNet 

No. Exp. Data splitting 

U-Net  FPN  LinkNet  PSPNet 

Acc. mIoU  Acc. mIoU  Acc. mIoU  Acc. mIoU 

1.3 
Domain 
gap 1 

𝐼 𝑒𝑛𝑑 
𝐼 𝑒𝑎𝑙 

5120 
0 

1280 
0 

0 
25 

0.9809 0.6008  0.9773 0.5765  0.9580 0.6225  0.9772 0.5763 

1.4 
Domain 
gap 2  

𝐼 𝑒𝑛𝑑 
𝐼 𝑒𝑎𝑙 

0 
176 

0 
44 

1600 
0 

0.9671 0.4005  0.9543 0.3993  0.9932 0.4123  0.9559 0.4089 

1.5 
Mixing 
synthetic 
and real 

𝐼 𝑒𝑛𝑑 
𝐼 𝑒𝑎𝑙1 

𝐼 𝑒𝑎𝑙2 

𝐼 𝑒𝑎𝑙3 

𝐼 𝑒𝑎𝑙4 

960 
35 
70 

106 
141 

250 
9 

18 
26 
35 

300 
25 
25 
25 
25 

 
0.9863 
0.9857 
0.9899 
0.9913 

 
0.6230 
0.6723 
0.7258 
0.7666 

 

 
0.9839 
0.9255 
0.9896 
0.9904 

 
0.6191 

0.6999 
0.7089 
0.7548 

 

 
0.9848 
0.9843 
0.9895 
0.9883 

 
0.6305 
0.7307 
0.7115 

0.6974 

 

 
0.9813 

0.9895 
0.9849 
0.9847 

 
0.6349 
0.6685 
0.6959 
0.7039 

1.6 

Transfer 
learning 
and fine-
tuning  

𝐼 𝑒𝑛𝑑 
𝐼 𝑒𝑎𝑙1 

𝐼 𝑒𝑎𝑙2 

𝐼 𝑒𝑎𝑙3 

𝐼 𝑒𝑎𝑙4 

5120 
35 
70 

106 
141 

1280 
9 

18 
26 
35 

0 
25 
25 
25 
25 

 
0.9872 
0.9885 
0.9890 
0.9892  

 
0.7099 
0.7454 
0.7596 
0.7620 

 

 
0.9887 
0.9894 
0.9887 
0.9898 

 
0.7075 
0.7345 
0.7366 
0.7533 

 

 
0.9883 
0.9900 
0.9915 
0.9927 

 
0.7165 

0.6966 
0.7949 
0.7924 

 

 
0.9861 
0.9869 
0.9880 
0.9878 

 
0.6774 
0.7094 
0.7185 
0.7254 
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A more detailed analysis of the IoU for the best-performing model, which 
was the LinkNet architecture, at the class level and for the two different 
real datasets in Table 8 revealed that a few classes performed below the 
threshold of 0.5. The class untaped wire bundle demonstrated inferior per-
formance as the IoU was below 0.2787 for trad_ab and 0.3405 for auto_ab. 
Furthermore, the class fully taped wire bundle for trad_ab achieved an IoU 
of 0.4944. The class spiral taped wire bundle for auto_ab dataset yielded an 
IoU of 0.1069 and the class connector resulted in an IoU of 0.0646, which 
was significantly lower than the other classes. Therefore, transferring from 
the synthetic to the real domain is particularly challenging for DLOs. The 
domain gap in the opposite direction was evaluated in E1.4. The transfer of 
a model trained on 𝐼 𝑒𝑎𝑙 to 𝐼 𝑒𝑛𝑑 was found to be even more challenging as 
all IoUs are below 0.5000. With the exception of the background class, no 
class achieved an IoU above the critical threshold. 

The results of E1.3 and E1.4 demonstrate that 𝐼 𝑒𝑛𝑑 cannot fully substitute 
𝐼 𝑒𝑎𝑙 during training. Consequently, two training approaches were imple-
mented to reduce the domain gap. The objective of E1.5 and E1.6 was to 
integrate real data into the training process to achieve results comparable 
to those obtained in E1.1, while relying on less data. The first approach in-
volves mixing real images (E1.5) into the synthetic dataset, while the second 
approach is fine-tuning a model, that had been pretrained on synthetic 
data, with real data. 

The size of 𝐼 𝑒𝑛𝑑 was reduced in E1.5 to increase the proportion of 𝐼 𝑒𝑎𝑙 
within the total dataset. An increase in the number of real images mixed 
with synthetic data led to a gradual improvement in mIoU for the U-Net, 
FPN, and PSPNet architectures. LinkNet exhibited inconsistent results. 
While the IoUs of most classes increased with the addition of real data, 
classes clip type 1, fully taped wire bundle, and grommet did not show a 
steady increase, as seen in Table 8. Mixing both domains did not yield a 
higher mIoU than the benchmark experiment. The highest score was 
achieved by the U-Net architecture with an mIoU of 0.7666. Despite the 
model being trained with 80% real data, the mIoU difference was only 
0.0640. Thus, a reduction in real images still allowed for a high mIoU, 
which surpassed the threshold of 0.5. Thus, 80 % of real data was sufficient 
to reach an mIoU above 0.5000. 20 % of real data surpassed the threshold 
for all classes except the class of untaped wire bundle. 

E1.6 was based on the best-performing model from E1.3. The weights were 
employed for fine-tuning with real data drawn from the dataset 𝐼 𝑒𝑎𝑙 in 
20 % increments. A clear upward trend in performance was observed as the 
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volume of real data increased. The results obtained through fine-tuning 
were higher compared to mixing real and synthetic data. The peak perfor-
mance, with mIoUs ranging from 0.7254 to 0.7924, was reached at 80 % of 
real data for fine-tuning. The improvements in mIoU between 20 % and 
80 % were consistent. Furthermore, steady performance gains were also ob-
served at the class level for all classes except for untaped wire bundle, see 
Table 8. Furthermore, a collapse of IoU for the class clip type 1 at 80 % and 
clip type 2 at 40 % was observed. The gap between the best result of E1.5 
with an mIoU of 0.7924 provided by LinkNet and E1.1 for the baseline is 
0.0382. Comparing the approaches to integrate real data into the training 
process, the performance gains from 20 % to 80 % were more significant 
for fine-tuning. Nevertheless, fine-tuning was beneficial when using a com-
parable amount of real data for training, as evidenced by the mIoU scores 
at 35 images, which start at 0.6774, while E1.5 begins at 0.6191. 

Overall, the experiments demonstrate that CNNs successfully segment wir-
ing harness images. Specifically, the models LinkNet and UNet provide the 
best results for the wiring harness use case. The experiments E1.3 and E1.4 
show a domain gap between real and synthetic data. There is a mIoU dif-
ference of 0.4183 between a CNN trained on real data and tested on real 
data, as in E1.1, versus the same CNN tested on synthetic data, as in E1.4. 
The mIoU difference for the domain gap from synthetic to real, which is 
the comparison between E1.2 and E1.3, is 0.1487. The experiments also show 
that the training approaches of mixing the real and synthetic data domains 
and fine-tuning a CNN pre-trained with synthetic data mitigate the identi-
fied domain gap, see E1.5 and E1.6. The domain gap was reduced by a mIoU 
of 0.064 for mixing datasets and 0.0382 for fine-tuning while relying on 
20 % less real data. For the AOI of wiring harnesses, the results indicate 
that leveraging both real and synthetic data is important to achieve high 
AOI performance. The addition of synthetic data reduced the amount of 
real data required for training. However, the direct transfer of a CNN 
trained with synthetic data to the manufacturing shop floor is not recom-
mended. 

5.3.6 Evaluation of image data processing 

The results of the experiments conducted in section 5.3.5 show that the in-
formation from the real domain is crucial for achieving high mIoU scores. 
Thus, the evaluation aims to assess the performance progression depending 
on the number of real images integrated into training. E1.5 and E1.6 already 
consider varying sizes for the real dataset. Additional experiments were 
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added for benchmarking. Therefore, the baseline experiment E1.1 was re-
peated with varying sizes of real images 𝐼 𝑒𝑎𝑙 similar to E1.5 and E 1.6. The 
curve progression for the new baseline experiments, E1.5, and E1.6 is de-
picted in Figure 30.  

 

Figure 30: mIoU for E1.1 Baseline, E1.5 Mixing real and synthetic images, and 
E1.6 Fine-tuning with real images to a model pre-trained with synthetic 
data 

The progression of the three curves illustrates that the increasing number 
of real images positively influences model performance. The courses of the 
curve of E1.5 and E1.6 is characterized by a high degree of linearity starting 
at 0.6008 and 0.6225. The mIoU of the baseline experiment starts at 0.2724 
and increases steeply between 44 and 88 real images. The intersection of 
the baseline experiment with E1.5 and E1.6 occurs at 88 real images. This is 
the tipping point that determines the added value of synthetic data for 
training. When limited real data is available, training with synthetic data is 
especially advantageous because a higher mIoU is achieved with synthetic 
data only. Fine-tuning with 44 real images yielded an mIoU of 0.7165, in 
comparison to 0.3251 when using real data solely. Above the tipping point 
of 88 real images, integrating synthetic data into training process provides 
only a marginal benefit to the mIoU. In conclusion, synthetic images are 
especially advantageous when real data availability is limited. For the wir-
ing harness use case and image datasets created using FastAOI, the benefit 
of synthetic data is most significant for datasets consisting of fewer than 88 
real images. 

For an in-depth understanding of the domain gap between real and syn-
thetic images, the prediction images were analyzed. The focus is on E1.3, 
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which was trained solely on synthetic data and tested on real data. Visual-
izing the predictions highlights the impact of segmentation weaknesses on 
AOI performance. Examples of these weaknesses are depicted in Figure 31. 

 

Figure 31: Prediction of real images based on E1.3 with segmentation weaknesses 
for the classes (a) untaped wire bundle, (b) clips, (c) fully taped wire 
bundle, (d) background, and (e) fine wire bundles 

(a)

(b)

(c)

(d)

(e)

Image Ground truth mask Predicted mask
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Figure 31 (a), (b), and (c) show predictions for trad_ab. The predictions 
closely align with the ground truth. However, untaped wire bundles that 
have been highly deformed are difficult to predict, see Figure 31 (a) and (b). 
The erroneous prediction could be due to the differences in annotation be-
tween real and synthetic images. Whereas real image annotation includes 
background information, synthetic data results in precise labeling of indi-
vidual wires on a pixel level. This is especially evident in Figure 31 (b) as the 
prediction image segments untaped wire bundles with a differentiation be-
tween individual wires. 

The pixels belonging to the classes clip type 1, clip type 2, and clip type 3 are 
predicted as the background, see Figure 31 (b) and (c). Even clip type 3, 
which is a large component, remains undetected. Therefore, modeling was 
not sufficiently accurate or the class imbalance could negatively impact 
segmentation results. Lastly, the pixels belonging to the class fully taped 
wire bundle are misclassified as spiral taped wire bundle. This can be espe-
cially observed for underexposed images with low contrast and spiral taped 
wire bundles with small distances between the tape sections. Figure 31 (d) 
and (e) illustrate predictions for the assembly board for automated assem-
bly auto_ab. 

Overall, the connectors were not detected and the clips were incorrectly 
classified as background in several images. Thus, it can be concluded that 
the CNN is not capable of generalizing to unseen component perspectives 
and new components. This leads to the conclusion that the generation of 
synthetic data requires exact modeling and scene composition of the wiring 
harness. Moreover, it is notable that the background is occasionally mis-
classified as the class untaped wire bundle. E.g., in Figure 31 (d), the pixels 
in the horizontally aligned slot of the assembly board frame are segmented 
as untaped wire bundle. Additionally, thin wire outlets are not detected, see 
Figure 31 (e). It can be posited that the green background colour, which 
provides minimal contrast, is a contributing factor to the phenomenon, 
given that it was only observed in the case of auto_ab. 

Explainability methods were implemented to create insights into how the 
CNNs make predictions. CNNs do not provide direct insight into the train-
ing and prediction process. Explainability methods create transparency in 
the decision-making process of CNNs. For the images, Gradient-weighted 
Class Activation Mapping (Grad-CAM) was selected as the explainability 
method [155]. A gradient-based approach computes the gradients of the 
target class concerning the defined convolutional layers’ feature maps and 
calculates a weight for each feature map to show the pixels that contribute 
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the most to the activation of a specific class. The results are gradient maps, 
also referred to as heatmaps, that highlight the areas of an image that are 
important for the prediction of a particular class. The implementation is 
based on [156]. 

The heatmaps are generated for E1.1 and E1.3 to identify the differences in 
activations when the model is trained on synthetic and real data. The goal 
is to identify the features important to pixel classification according to the 
classes in each domain. The gradient maps facilitate an analysis of whether 
the important features remain or shift due to the domain gap. Figure 32 
illustrates the feature maps for two wiring harness assembly states. Gradi-
ent maps showing the correct activations were generated. However, the 
gradient maps with incorrect activations are purposefully selected to un-
derstand the root cause for pixel misclassification and to explain the results 
presented in section 5.3.5.  

The gradient maps for the classes connector and grommet display the cor-
rect activation patterns. The layers utilized to extract the activations are 
the first convolutional layers. Early layers are responsible for extracting 
low-level features. Therefore, the features for the classes connector and 
grommet are unambiguous for the CNN. The class untaped wire bundle is 
also reliably segmented for E.1.1. The features are complex as deep layers in 
the CNN provide the correct gradient maps. The activations retrieved from 
E1.3 are not as intense, indicating that meaningful features are not being 
identified. For E1.1, this observation can also be made for the class spiral 
taped wire bundle. Even though the class spiral taped wire bundle is not 
shown in the image of E1.3, activations occur at the locations of the con-
nectors. Therefore, the model trained with synthetic data cannot differen-
tiate between the classes spiral taped wire bundle and connector, which 
likely accounts for the low IoUs for these classes. 

The most challenging classes are clip type 1, clip type 2, and clip type 3. E1.1 
trained with real data demonstrated accurate activation patterns for clip 
type 2 and clip type 3. The gradient maps for clip type 1, however, also gen-
erated high activation intensity at the pixels for clip type 2. Consequently, 
the AOI would predict an FP even though clip type 1 has not been mounted. 
E1.3 exhibits significant difficulty with clip segmentation. Despite the clips 
accounting for a small section of the image, the activation map displays 
slight activation intensity for all pixels of the image. 
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Figure 32: Ground truth images and gradient maps for semantic segmentation 
based on (a) E1.1 Baseline and (b) E1.3 Domain gap 1 
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5.4 Automated optical inspection with point clouds 

In the second implementation, point clouds were selected as the data mo-
dality. The structured-light camera outputs 2.5D data because the wiring 
harness is captured from a single perspective. In contrast to images, the 
2.5D data provide an understanding of the spatial relationship between ob-
jects by adding depth information. Furthermore, DNNs for point clouds 
demonstrate fast training and inference times while effectively handling 
data sparsity and being invariant to input order and transformations. This 
is advantageous in the manufacturing environment for real-time AOI and 
adaptive manufacturing systems. However, the research on architectures 
and algorithms for point cloud processing is not as extensive as it is for 2D 
image processing at this stage of research. The computer vision task se-
lected for point cloud processing is semantic point cloud segmentation. 
The classes for segmentation 𝐶𝑝𝑐_ 𝑒𝑔 are defined over the set {untaped wire 

bundle, taped wire bundle, grommet, clip, connector}. Point clouds lack a 
detailed representation of downscaled point clouds. This is the reason dif-
ferent clip types were merged into the class clips. Also, the classes spiral 
taped wire bundle and fully taped wire bundle are consolidated into the class 
of taped wire bundle.  

Following the CRISP-DM methodology, sections 5.4.1 and 5.4.2 deal with 
the steps of data understanding and data preparation. Analogous to image 
processing in previous sections, synthetic and real point clouds are gener-
ated. For point cloud synthesis, two approaches were proposed, imple-
mented, and evaluated: 3D model discretization and point cloud rendering. 
Section 5.4.3 presents the algorithms for data preparation and section 5.4.4 
exhibits the models selected and implemented for point cloud processing. 
The deployment and evaluation of datasets and models are outlined in sec-
tions 5.4.5 and 5.4.6. Preliminary results were published in [P14] and the 
approach of 3D rendering for point cloud synthesis was developed in the 
thesis by Heinrich [S6]. 

5.4.1 Real point cloud generation 

The physical setup depicted in section 5.3.1 is the starting point of capturing 
the real dataset using the Zivid Two camera. Wiring harness configurations 
were scanned from the left- and right-hand side at five angles. The angles 
were {-30°, -15°, 0°, 15°, 30°}, corresponding to a direct view towards the wir-
ing harness, as well as views to the right and left, respectively. The points 
are described through x, y, and z coordinates, RGB, and surface normal 
(𝑛𝑥 , 𝑛𝑦, 𝑛𝑧). The latter is a vector that is perpendicular to the tangent plane 
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of the component object to describe the orientation of the surface. Surface 
normals provide additional valuable insights into the contour of the sur-
face. The resolution of the point clouds ranged from 1,501,814 to 
1,975,351 points for each scan. An example is displayed in Figure 33. To re-
duce the effort required for labeling, a filter was implemented to eliminate 
the background information. The resulting point clouds exhibited a con-
siderable degree of variability, with a range of 29,588 to 104,753 points, due 
to the object of interest and the perspective of image capturing. Point cloud 
annotation was conducted using the tool CloudCompare [157]. Labeling re-
quired mapping 𝐶𝑝𝑐_ 𝑒𝑔 to the set {0,1,2,3,4}. The annotation process in-

volved manually selecting points and assigning labels to the points. In the 
following, the dataset is referred to as real point clouds (𝑃𝐶 𝑒𝑎𝑙). 

 

Figure 33: Real point cloud for FastAOI visualized in CloudCompare 

5.4.2 Synthetic point cloud generation 

Two distinct methodologies are proposed, analyzed, and contrasted for 
point cloud synthesis. The two approaches vary in effort, time, and prereq-
uisites for point cloud synthesis. The approach of 3D model discretization 
directly extracts point clouds from the scene without simulation efforts. 
The second approach point cloud rendering entails the modeling of struc-
tured light cameras and simulating the process of point cloud acquisition. 
Both approaches are technically realized in Blender. The synthetic datasets 
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generated in this section are named according to the approach of 3D model 
discretization (𝑃𝐶𝑑𝑖 𝑐) and point cloud rendering (𝑃𝐶 𝑒𝑛𝑑). 

3D model discretization 

The wiring harness 𝑊𝐻 in the scene 𝑆 is initially transformed into a poly-
gon mesh, which represents an object through vertices 𝑉, edges 𝐸, and faces 
𝐹. The objective was a transformation while retaining the underlying geo-
metric information. The first step of the meshing process results in faces 𝑓𝑖 
of varying sizes, which subsequently leads to an uneven distribution of ver-
tices. During meshing, it is important that the information for class 𝑐𝑖 and 
AOI-relevant parameters  𝑝𝑖 are transferred from the components to indi-
vidual vertices. Meshing generates point clouds that are characterized by 
high data sparsity and localized over-concentration. The loss of geometric 
fidelity resulting from sparse regions is especially significant for small wir-
ing harness components such as clips. Also, the geometry of wires hampers 
uniform point sampling because the vertices form a circle that is equivalent 
to the cross-section of the wires. The point density of highly deformed wires 
is high, whereas it is low for straight wires. Therefore, further meshing is 
conducted for an equal distribution of vertices. An algorithm was devel-
oped to identify the face 𝑓𝑚𝑖𝑛 with the smallest surface area. Subsequently, 
a for loop was implemented to iterate over all 𝑓𝑖, subdividing them into the 
required number of faces as an approximation of the surface area of 𝑓𝑚𝑖𝑛. 

Subsequently, data points were sampled based on the face-vertex infor-
mation. Point sampling did not only rely on vertices but also faces due to 
the necessity of surface normal information. Faces with at least three verti-
ces were required for the generation of a point coordinate, RGB data, and 
surface normal. A point 𝑝𝑐𝑖 was randomly sampled on the face 𝑓𝑖 based on 
Equation (17). 𝑟 is the vector from the point of origin to 𝑃𝐶𝑖. A value ℎ was 
generated using the triangular distribution for values in the range  0.0, 1.0 . 
A new point was calculated by displacing an existing edge 𝑒𝑖 ∈ 𝑓𝑖 along the 
triangle plane and a randomly generated number 𝑟𝑖 in the range  0.0, 1.0 . 
𝑟𝑖 was determined using the random function provided by Python [158]. 

𝑟 = 𝑒1 + ∑(𝑒𝑖 − 𝑒1) ⋅

𝑛

2

ℎ ⋅ 𝑟𝑖  (17) 

To determine the x, y, and z-coordinates, it was necessary to define the 
origin of the coordinate system, which corresponds to the position of the 
camera. RGB values were retrieved based on 𝑝𝑐𝑖 and surface normals were 
obtained based on the surface information. The output was text files for 
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each half of a wiring harness configuration. The files contain Cartesian co-
ordinates, RGB information, surface normals, and labels. The length of the 
file was variable, reflecting the number of points. Algorithm 2 provides an 
overview of the meshing and the point cloud generation process. 
 

Point cloud rendering 

The second approach relies on modeling the sensor and simulating the pro-
cess of point cloud capturing. The simulation was realized using Blender 
mainly because of its ability to animate individual objects by placing 
keyframes at defined positions and the simulation framework. The simula-
tion functions were important in synthesizing a variety of point clouds, en-
suring high data diversity in the training dataset. To create realistic point 
clouds, data capturing relied on the simulation of sensors in virtual space. 
Several simulation frameworks were considered for this purpose. BlenSor 
[159] allows the simulation of LiDAR sensors but was excluded because of 
the inability to automatically generate point labels. HELIOS++ [160] allows 
automated label generation with libraries written in Java and C++. How-
ever, it requires an additional add-on to integrate custom objects. The im-
plementation was thus realized using the BLAINDER framework [161]. 
BLAINDER relies on the principle of Time-of-Flight for depth data acquisi-

Algorithm 2: Point cloud generation from CAD models 

Input: dataset 𝑫 with wiring harness CAD models 𝑾𝑯𝑴  

Output: point cloud 𝑷𝑪𝒅  𝒄 = (𝑝𝑐𝑥, 𝑝𝑐𝑦 , 𝑝𝑐𝑧 , 𝑅𝑖 , 𝐺𝑖 , 𝐵𝑖 , 𝑛𝑥, 𝑛𝑦 , 𝑛𝑧, 𝑙) ∈ ℝ10 

for all 𝑊𝐻𝑀𝑖 ∈ 𝐷 do 

     𝐹, 𝐸, 𝑉 ← 𝑚𝑒𝑠ℎ𝑂𝑝𝑒𝑟𝑎 𝑖𝑜𝑛(𝑊𝐻𝑀𝑖) 

      𝐸 ← 𝑎𝑑𝑑 𝑙 = {0,1, 2, 3, 4} 

      for all 𝑓𝑖 ∈ 𝐹 do 

            𝑓𝑚𝑖𝑛 ← 𝑓𝑖𝑛𝑑𝑆𝑚𝑎𝑙𝑙𝑒𝑠𝐴𝑟𝑒𝑎(𝐹) 

            while 𝑓𝑖 > 𝑓𝑚𝑖𝑛  do 

               𝑓𝑖 ← 𝑚𝑒𝑠ℎ𝑜𝑝𝑒𝑟𝑎 𝑖𝑜𝑛(𝑓𝑖)  

               (𝑝𝑐𝑥 , 𝑝𝑐𝑦 , 𝑝𝑐𝑧, 𝑅, 𝐺, 𝐵) ← 𝑠𝑒𝑙𝑒𝑐 𝑅𝑎𝑛𝑑𝑜𝑚𝑃𝑜𝑖𝑛 (𝑓𝑖) using Eq. 17 

               (𝑛𝑥 , 𝑛𝑦, 𝑛𝑧) ← 𝑐𝑎𝑙𝑐𝑢𝑙𝑎 𝑒(𝑓𝑖) 

               𝑙 ← 𝑎𝑝𝑝𝑒𝑛𝑑 

               𝑝𝑐𝑖 ← 𝑐𝑟𝑒𝑎 𝑒 

            end 

      end 

Return 𝑃𝐶𝑑𝑖 𝑐 
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tion and provides models of different depth-sensing technologies in the vir-
tual environment with presets, such as electromagnetic waves or laser 
beams, and the option to customize sensors according to requirements.  

The BLAINDER framework proposes features that build upon Blender func-
tionalities and can be divided into five submodules. First, the virtual envi-
ronment was created by importing 3D CAD models into Blender, which is 
identical to the approach of 3D model discretization. Afterward, anima-
tions based on keyframes were added. The movement consisted of rota-
tions in the horizontal and vertical directions within the range of [-40°, 40°] 
combined with a translation within [-800 mm, 800 mm] and [-500 mm, 
500 mm], respectively. Animations facilitated the collection of point clouds 
from different perspectives, thus the creation of a diverse training dataset. 
The camera’s technical specifications were defined according to the real 
camera implemented, which is outlined in section 3.4. 

Signal processing was conducted using the ray cast function. A precondi-
tion for ray casting was texture information as it influences the reflection, 
refraction, or transmission of the beam. Thus, the materials and colors were 
assigned to the components. For example, a shiny plastic material was as-
signed to the connectors, grey matte foam material to the grommets, see-
through beige plastic to the clips, and fuzzy fabric to the soft adhesive tape. 
To automatically generate labels during point cloud synthesis, classes were 
assigned to the wiring harness objects according to the framework by as-
signing an attribute to a custom category named categoryID. The point 
cloud was finally exported in the form of a file in the Comma-Separated-
Values format and saved as a text file. Each point was represented by its 
Cartesian coordinates, RGB values, and an object class. The number of 
points in the point clouds ranged from 3,624 to 15,100, reflecting the inher-
ent complexity and varying number of components of the wiring harness 
configurations.  

An algorithm was implemented to calculate the surface normal because the 
BLAINDER framework did not offer a viable approach to deduce the nor-
mal information. The surface normals were determined via a KDTree 
search algorithm [162] using the parameters radius and number of points. 
Since a few normals pointed in the inverse direction, a second function was 
implemented for the alignment correction of surface normals. The approx-
imate coordinate direction in which the normals should point, in this case 
towards the sensor, was specified. The calculated normal information was 
added to the synthesized point cloud. The final dataset generated through 
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the approach point cloud rendering will be referred to as 𝑃𝐶 𝑒𝑛𝑑 in the re-
mainder of the thesis. 

5.4.3 Point cloud preparation 

The first step is point cloud downsampling because the number of points 
in the dataset varies. The goal of downsampling was to sample points with 
a uniform point distribution while maintaining high point density for re-
gions with high geometric complexity. Downsampling reduces point clus-
tering and agglomeration and enables fast DNN training and inference. Re-
lying on pre-trained weights for CNNs, available benchmark datasets for 
point cloud processing typically contain 2048 points per scan. Thus, the 
real and synthetic point clouds of wiring harness scans were downsampled 
to 2048 points. Spatial sampling following the radius nearest neighbor al-
gorithm [163] was combined with a subsequent step of random sampling 
for downsampling. The spatial sampling method first calculated and 
cached the Euclidean distance between all points within a point cloud. 
Based on these distance calculations, the mean distance between points 
was determined and defined as a threshold for point removal. Points falling 
below this defined threshold were eliminated, leading to a reduced overall 
point count. The spatial sampling method resulted in an inconsistent num-
ber of points across point clouds close to 2048 and the need to further elim-
inate a few points. To address the variation, the random sampling method 
was implemented to achieve the desired number of points. The implemen-
tation was based on the random function provided by Python [158] to ran-
domly draw 2048 points within 𝑃𝐶𝑖. 

Data preprocessing is conducted to ensure consistent and comparable data 
for point cloud processing. Scale, translation, and orientation invariance 
were observed due to the different approaches to data capturing and data 
synthesis. The translation variance was addressed by translating the point 
cloud to the origin of (0,0,0) based on the center of mass of each point 
cloud. Normalization was applied to scale each dimension of the point 
cloud to the range  −1,1 . The Euclidean distance of each point cloud from 
the origin was computed to scale the translated point cloud. The last step 
for data preprocessing was applying point cloud augmentation. Gaussian 
noise with a normal distribution and standard deviations of {0.001, 0.003, 
0.005} was applied to the synthesized point clouds. The objective of Gauss-
ian noise was to simulate real-world sensor noise. A summary of point 
cloud preprocessing is provided in Algorithm 3. 
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The final datasets, their size, and their class distribution for data processing 
are depicted in Table 10. Depending on the domain of the dataset, the dis-
tribution across classes varies. The dataset 𝑃𝐶 𝑒𝑎𝑙 is imbalanced because 
the classes connector and clip contribute 8.5 % and 6.5 % to the entire da-
taset. The synthetic datasets are also imbalanced with the classes clip and 
grommet being underrepresented. The representation of classes in 𝑃𝐶 𝑒𝑎𝑙 
reflects the size and number of components within the wiring harness. In 
contrast, the number of points in the dataset 𝑃𝐶𝑑𝑖 𝑐 correlates with the de-
tails of components and, therefore, the number of faces resulting from 
meshing. For the dataset 𝑃𝐶 𝑒𝑛𝑑, the simulation of point cloud capturing 
determines the class distribution. 

Table 10: Class distribution of the datasets 𝑃𝐶 𝑒𝑎𝑙, 𝑃𝐶𝑑𝑖 𝑐, and 𝑃𝐶 𝑒𝑛𝑑 

Algorithm 3: Point cloud processing 

Input: dataset 𝑫 with point clouds 𝑷𝑪𝒓𝒆 𝒍, 𝑷𝑪𝒅  𝒄, 𝑷𝑪𝒓𝒆𝒏𝒅 

Output: Pointcloud 𝑷𝑪 = (𝑝𝑐𝑥 , 𝑝𝑐𝑦 , 𝑝𝑐𝑧, 𝑅𝑖 , 𝐺𝑖 , 𝐵𝑖 , 𝑛𝑥 , 𝑛𝑦, 𝑛𝑧, 𝑙) ∈ ℝ2048×10 

for all 𝑃𝐶𝑖 ∈ 𝐷 do 

     while 𝑁 > 2048 do 

            𝐸𝐷 ← 𝑐𝑎𝑙𝑐𝑢𝑙𝑎 𝑒𝐸𝑢𝑐𝑙𝑖𝑑𝑖𝑎𝑛𝐷𝑖𝑠 𝑎𝑛𝑐𝑒(𝑃𝐶𝑖) 

            𝑑̅ ← 𝑐𝑎𝑙𝑐𝑢𝑙𝑎 𝑒𝑀𝑒𝑎𝑛(𝐸𝐷) 

            𝑃𝐶𝑖 ← RNN((𝑝𝑐𝑥 , 𝑝𝑐𝑦 , 𝑝𝑐𝑧),𝑃𝐶𝑖,𝑑̅) 

            𝑃𝐶𝑖 ← 𝑟𝑎𝑛𝑑𝑜𝑚𝑆𝑎𝑚𝑝𝑙𝑒(𝑃𝐶𝑖 , 2048) 

            𝑃𝐶𝑖 ←  𝑟𝑎𝑛𝑠𝑙𝑎 𝑒(𝑃𝐶𝑖 , (0,0,0)) 

            𝑃𝐶𝑖 ← 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑃𝐶𝑖 , −1,1)  

            𝑃𝐶𝑖 ← 𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛𝑁𝑜𝑖𝑠𝑒(𝜇, 𝜎) 

      end 

end 

Return 𝑷𝑪  

Dataset 𝑷𝑪𝒓𝒆 𝒍 (N=150)  𝑷𝑪𝒅  𝒄(N=1,350)  𝑷𝑪𝒓𝒆𝒏𝒅(N=1,350) 

 Points Share  Points Share  Points Share 

Connector 26,084 8.5 %  1,018,988 36.9 %  554,364 20.1 % 

Clip 20,012 6.5 %  527,645 7.4 %  99,381 3.6 % 

Grommet 92,324 30.1 %  184,442 6.7 %  179,316 6.5 % 

Taped wire bundle 113,090 36.8 %  527.645 19.1 %  1,099,768 39.8 % 

Untaped wire bundle 55,690 18,1 %  829,767 30.0 %  831,971 30.1 % 
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5.4.4 Modeling for point cloud processing  

The DNN architectures PointNet++ [164] and Dynamic Graph CNN 
(DGCNN) [165] were implemented for point cloud processing. PointNet++ 
supports hierarchical learning for local and global features at multiple 
scales. It relies on the Euclidean distance to capture fine details in point 
clouds and aggregates those local features into a complex scene. DGCNN 
leverages a graph-based approach to learn the spatial relations within point 
clouds. The DNN introduces the K-NN algorithm and the edge convolution 
operation in each layer to generate a dynamic graph and capture the rela-
tionship between a point and its neighbors. The two architectures are 
shown in Figure 34. The main difference between the models in data pro-
cessing is the edge convolutional operations in DGCNN, which operate 
within the feature space to establish connections between points with sim-
ilar semantic characteristics, and PointNet++, which relies on the Euclid-
ean distance. 

 

Figure 34: DNN architectures for point cloud processing (a) PointNet++ and 
(b) DGCNN [164, 165] 

Training of DNNs was based on transfer learning to the datasets of real 
point clouds, discretization, and point cloud rendering. Therefore, Point-
Net++ and DGCNN were pretrained using the ShapeNet dataset [166]. The 
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training process for PointNet++ and DGCNN was based on the hold-out 
method with a data splitting ratio of 80 % for training and validation and 
20 % for testing. This ratio was employed for large synthetic datasets. A 
ratio of 90 % to 10 % was employed for smaller datasets, specifically the real 
dataset. The exact splitting of data is presented in section 5.4.5.  

Grid search was applied to search for the optimal hyperparameter space. 
The hyperparameters defined for PointNet++ were batch size {2, 4, 8, 16, 
20}, learning rate {0.1, 0.01}, momentum {0.5, 0.7, 0.9}, decay step {10000, 
100000, 200000}, and decay rate {0.3, 0.5, 0.9}. The training of the Point-
Net++ was conducted for 100 epochs. Hyperparameters for DGCNN were 
batch size {2, 4, 8, 16, 32, 64}, learning rate {0.01, 0.005, 0.001}, momentum 
{0.7, 0.8, 0.85}, and dropout {0.5, 0.6, 0.7}. The training was conducted for 
150 epochs. The implementation of PointNet++ was based on the GitHub 
repository provided by [167] based on Tensorflow [168] and DGCNN refers 
to [169] based on PyTorch [170]. The hardware utilized for the training of 
PointNet++ is identical to section 5.3.4. DGCNN was trained using the 
NVIDIA GPU RTX A1000 and AMD EPYC 7713. 

5.4.5 Deployment of point cloud processing 

This section evaluates the feasibility of DL to detect wiring harness compo-
nents represented as point clouds. A series of experiments were conducted. 
The evaluation metric to evaluate the models is accuracy, see Equation (18). 
The accuracy is determined through the number of correctly classified 
points out of the total number of points 𝑛 by matching the ground truth 
point cloud 𝑃𝐶𝐺𝑇 and predicted point cloud 𝑃𝐶𝑃. The maximum accuracy 
is 1.0000. Further metrics were introduced due to the imbalanced dataset. 
The IoU, see Equation (16), and the mIoU across the five classes were cal-
culated. An mIoU greater than 0.5 was considered a TP for the calculation 
of precision and recall according to Equation (15). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑃𝐶𝐺𝑇 , 𝑃𝐶𝑃) =
1

𝑛
∑1(𝑃𝐶𝐺𝑇𝑖=𝑃𝐶𝑃𝑖)

𝑛

𝑖=0

 (18) 

In the first step, training was carried out with the datasets 𝑃𝐶 𝑒𝑎𝑙, 𝑃𝐶𝑑𝑖 𝑐, 
and 𝑃𝐶 𝑒𝑛𝑑. The experiments shown in Table 11 aim to demonstrate that 
PointNet++ and DGCNN learn within the domain of synthetic and real 
data. All results pertain to the test dataset. Robust learning curves and high 
metric values validate the quality of the created point clouds, the diversity 
of labels, the adequacy of feature representation, the thoroughness of data 
preparation, and the appropriateness of the selected DNNs. 
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Table 11: Overview of experiments for the evaluation of the datasets real point 
clouds, 3D model discretization, and point cloud rendering based on 
PointNet++ and DGCNN 

E1.1 is presented in detail because the following experiments are compared 
to E1.1. Training and testing were conducted with 𝑃𝐶 𝑒𝑎𝑙 for the baseline 
experiment. The best result for E1.1 was achieved with the following hy-
perparameters for PointNet++: a batch size of 20, a learning rate of 0.01, a 
momentum of 0.9, a decay step of 200,000, and a decay rate of 0.3. The 
results were an mIoU of 0.9564 and an accuracy of 0.9814. The mean preci-
sion is 0.9816 and the mean recall is 0.9734. DGCNN had the parameters 
batch size of 16, a learning rate of 0.001, a momentum of 0.85, and a dropout 
of 0.6. Benchmarking for DGCNN achieved an mIoU of 0.6937, accuracy of 
0.8657, mean precision of 0.7657, mean recall of 0.8558.  

The class metrics for E1.1 are provided in Figure 35. PointNet++ achieved an 
IoU of 0.8862 for the class clip and an IoU greater than 0.9000 for the re-
mainder of the classes. DGCNN reached an IoU of 0.9262 for the class un-
taped wire bundle. The remainder of the classes yielded an IoU between 
0.2923 and 0.8359, with the class clip displaying the lowest IoU. 

 

Figure 35: Confusion matrix for E1.1 Baseline for (a) PointNet++ and (b) DGCNN 
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No. Experiment 
Data splitting 

(Train./Val./Test) 

PointNet++  DGCNN 

Acc. mIoU  Acc. mIoU 

1.1 Baseline  𝑃𝐶 𝑒𝑎𝑙 120 15 15 0.9814 0.9564  0.8657 0.6937 

1.2 Synthetic 1  𝑃𝐶𝑑𝑖 𝑐 1080 135 135 0.9863 0.9644  0.8704 0.7900 

1.3 Synthetic 2  𝑃𝐶 𝑒𝑛𝑑 1080 135 135 0.9859 0.9546  0.8863 0.8089 

1.4 
Mixed  
synthetic 1 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 

540 
540 

67 
68 

67 
68 

0.9809 0.9458  0.8756 0.7306 
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Learning with synthetic data demonstrated the successful segmentation of 
synthetic point clouds, as shown by the accuracy and mIoU of E1.2 and E1.3. 
These experiments resulted in an mIoU comparable to the baseline exper-
iment for PointNet++ or even higher metrics in the case of DGCNN. E1.4 
mixed the two synthetic datasets, 𝑃𝐶𝑑𝑖 𝑐 and 𝑃𝐶 𝑒𝑛𝑑, in a ratio of 1:1 for 
training. Overall, the experimental results show that PointNet++ and 
DGCNN are capable of learning the feature space of the datasets presented. 
DGCNN yielded lower accuracies and mIoUs compared to PointNet++. The 
mIoU is, on average, 0.2058 lower. PointNet++ demonstrated nearly per-
fectly classified points across all classes.  

The experiments displayed in Table 12 were conducted to evaluate the do-
main gap between the synthetic data and real data. In E2.1 to E2.4, Point-
Net++ and DGCNN were trained exclusively using synthetic data and tested 
on real data. The domain gap in the opposite direction was evaluated in 
E2.5 and E2.6 by training the DNNs with real data and testing on synthetic 
data. 

Table 12: Overview of experiments for the evaluation of the domain gap between 
real and synthetic point clouds based on PointNet++ and DGCNN 

It was found that both E2.1 and E2.2 were unable to overcome the domain 
gap. The mIoUs for PointNet++ and DGCNN are below 0.2200, which is 
considerably below the mIoU benchmark of 0.9564 for PointNet++ or 

No. Experiment 
Data splitting 

(Train./Val./Test) 

PointNet++  DGCNN 

Acc. mIoU  Acc. mIoU 

2.1 
Domain  
gap 1 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑎𝑙 

1080 
0 

135 
0 

0 
150 

0.4405 0.2139  0.3249 0.1672 

2.2 
Domain  
gap 2 

𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙 

1080 
0 

135 
0 

0 
150 

0.4302 0.1899  0.2656 0.1406 

2.3 
Domain  
gap 3  

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙 

540 
540 

0 

67 
68 

0 

0 
0 

150 
0.3879 0.2278  0.4096 0.2333 

2.4 
Domain  
gap 4  

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙 

1080 
1080 

0 

135 
135 

0 

0 
0 

150 
0.4646 0.2420  0.4014 0.2234 

2.5 
Domain  
gap 5 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑎𝑙 

0 
135 

0 
15 

35 
0 

0.5505 0.2757  0.3915 0.1992 

2.6 
Domain  
gap 5 

𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙 

0 
135 

0 
15 

35 
0 

0.4673 0.2038  0.2172 0.1071 
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0.6937 for DGCNN. Furthermore, the results are below the critical thresh-
old of 0.5000, which is defined for the classification as TP. However, it is 
worth mentioning that the testing dataset comprises 150 files, in compari-
son to the 15 files in the baseline experiment. 𝑃𝐶𝑑𝑖 𝑐 resulted in higher ac-
curacy and mIoU in comparison to 𝑃𝐶 𝑒𝑛𝑑 for both models. The results in-
dicate that the approach of 3D model discretization results in a synthetic 
database with higher similarity to real data compared to the approach of 
point cloud rendering. A closer look at the mIoU on a class level reveals that 
the class clip, which is an underrepresented class, significantly contributed 
to the low mIoU. Figure 36 visualizes that the IoU of the class clip does not 
surpass 0.0112 for E2.1 and E2.2. The class untaped wire bundle reached the 
highest IoU of 0.4232 with PointNet++, see Figure 36 (a). In general, Point-
Net++ is superior to DGCNN for the classes connector and taped wire bun-
dle. DGCNN demonstrates superior performance in segmenting the classes 
clip and grommet. 

 

 

Figure 36: Confusion matrix for E2.1 Domain gap 1 (a) PointNet++ and (b) DGCNN 
and E2.2 Domain gap 2 (c) PointNet++ and (d) DGCNN 
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The objective of E2.3 and E2.4 is to assess the potential of mixing both syn-
thetic datasets for training. The findings demonstrate that mixing datasets 
slightly reduces the domain gap from the synthetic domain to the real do-
main. There was a slight increase in mIoU in comparison to training with 
each synthetic dataset alone. The mIoU of E2.3 for PointNet++ exhibited an 
increase of 0.0139 compared to E2.1 and 0.0379 compared to E2.2. Similarly, 
the mIoU of DGCNN demonstrated an mIoU gain of 0.0456 over E2.1 and 
0.0699 over E2.2. However, doubling the amount of synthetic data for train-
ing did not necessarily boost the performance because contradictory results 
were observed for PointNet++ and DGCNN. While PointNet++ benefited 
from a larger volume of synthetic data, the mIoU of DGCNN decreased by 
0.1675.  

There is also a domain gap from real data to synthetic data, as shown by 
E2.5 and E2.6. The domain gap for 3D model discretization was not as sig-
nificant compared to the domain gap in the opposite direction. However, 
in the case of the dataset point cloud rendering, the models provided con-
tradictory results. Whereas PointNet++ provided an mIoU higher than E2.2 
and E2.3, DGCNN trained with real data resulted in an mIoU of only 0.1992 
and 0.1071. Overall, it can be concluded that PointNet++ and DGCNN, when 
trained on real data, are more effective at being transferred to the synthetic 
dataset 3D model discretization than the dataset point cloud rendering.  

The final experiments depicted in Table 13 aim to address different ap-
proaches to mixing datasets of the domains real and synthetic for training. 
The experiments gradually incorporated real data into the synthetic da-
tasets. The training approaches included mixing the datasets of different 
domains for training and validation, and transfer learning with synthetic 
data with subsequent fine-tuning with real data. The gradual increase in 
E3.1 and E3.2 was one-third of 135 real point clouds. For E3.2, the size of the 
mixed synthetic dataset was increased by 100 % compared to E3.1. The final 
proportion of real data in the training dataset ranged from 4.3 % over 8.3 % 
to 12.5 % for E3.1 and from 2.1 % over 4.2 % to 6.25 % for E3.2 for training 
and validation. Adding 45 real point clouds to training and validation in 
E3.1 promoted an mIoU increase of 0.6785 for PointNet++ and 0.3079 for 
DGCNN in contrast to training with 𝑃𝐶𝑑𝑖 𝑐 and 𝑃𝐶 𝑒𝑛𝑑 only in E2.3. A fur-
ther 45 and 90 real point clouds in E3.1 increased the mIoU by 0.0367 and 
0.0100 for PointNet++ and 0.0086 and 0.0717 for DGCNN. When all real 
data were incorporated, PointNet++ reached metrics comparable to the 
baseline experiment. DGCNN resulted in an mIoU slightly higher than the 
baseline experiment. The expansion of the synthetic dataset in E3.2 had no 
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significant effect on PointNet++ and a positive effect on DGCNN as the 
mIoU increased by 0.0251 when 135 real point clouds were added.  

Table 13: Overview of experiments for the evaluation of the mixing ratio and fine-
tuning for real and synthetic point clouds based on PointNet++ and 
DGCNN 

E3.3 gradually incorporated the number of real point clouds into a mixed 
synthetic dataset, whereby the proportion of real data in the total dataset 
increased by 10 % for each experiment. In comparison to previous experi-
ments, the size of the synthetic dataset was decreased to achieve a ratio of 
1:1 when all real point clouds were added. The mIoU in E 3.3 with a 10 % 
ratio of real data improved by 0.4898 for PointNet++ and 0.3306 for 
DGCNN by only adding 13 real point clouds for training and 2 real point 

No. Experiment 
Data splitting 

(Train./Val./Test) 

PointNet++  DGCNN 

Acc. mIoU  Acc. mIoU 

3.1 
Mixed  
synthetic  
and real 1 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙1 
𝑃𝐶 𝑒𝑎𝑙2 
𝑃𝐶 𝑒𝑎𝑙3 

540 
540 
40 
81 

121 

67 
68 

5 
9 

14 

0 
0 

15 
15 
15 

 
 

0.9633 
0.9762 
0.9809 

 
 

0.9063 
0.9430 
0.9530 

 

 
 

0.7431 
0.8036 
0.8368 

 
 

0.5412 
0.6272 
0.6989 

3.2 
Mixed  
synthetic  
and real 2 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙1 
𝑃𝐶 𝑒𝑎𝑙2 
𝑃𝐶 𝑒𝑎𝑙3 

1080 
1080 

40 
81 

121 

135 
135 

5 
9 

14 

0 
0 

15 
15 
15 

 
 

0.9675 
0.9757 
0.9813 

 
 

0.9213 
0.9408 
0.9517 

 

 
 

0.6938 
0.7895 
0.8682 

 
 

0.4647 
0.5934 
0.7240 

3.3 
Mixed  
synthetic  
and real 3 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙1 
𝑃𝐶 𝑒𝑎𝑙2 
𝑃𝐶 𝑒𝑎𝑙3 
𝑃𝐶 𝑒𝑎𝑙4 
𝑃𝐶 𝑒𝑎𝑙5 
𝑃𝐶 𝑒𝑎𝑙6 

60 
60 

0 
13 
31 
54 
81 

120 

7 
8 
0 
2 
4 
6 
9 
15 

0 
0 

15 
15 
15 
15 
15 
15 

 
 

0.5000 
0.8796 
0.9423 
0.9670 
0.9767 

0.98210 

 
 

0.2408 
0.7306 
0.8572 
0.9153 

0.9402 
0.9519 

 

 
 

0.4011 
0.7670 
0.7527 
0.8018 
0.8069 
0.8560 

 
 

0.1979 
0.5285 
0.5246 
0.6371 

0.6504 
0.7041 

3.4 

Transfer 
learning 
and  
fine-tuning 

𝑃𝐶𝑑𝑖 𝑐 
𝑃𝐶 𝑒𝑛𝑑 
𝑃𝐶 𝑒𝑎𝑙1 
𝑃𝐶 𝑒𝑎𝑙2 
𝑃𝐶 𝑒𝑎𝑙3 
𝑃𝐶 𝑒𝑎𝑙4 
𝑃𝐶 𝑒𝑎𝑙5 
𝑃𝐶 𝑒𝑎𝑙6 

60 
60 

0 
13 
31 
54 
82 

120 

7 
8 
0 
2 
4 
6 
9 
15 

0 
0 

15 
15 
15 
15 
15 
15 

 
 

0.5000 
0.8796 
0.9471 
0.9726 
0.9766 
0.9805 

 
 

0.2408 
0.6594 
0.8701 
0.9297 
0.9421 
0.9575 

 

 
 

0.4011 
0.5409 
0.5695 
0.8274 
0.8549 
0.8406 

 
 

0.1979 
0.3004 
0.2927 
0.6704 
0.7182 
0.6759 
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clouds for validation. For PointNet++, the further addition of real data re-
sulted in a gradual growth of mIoU. The mIoU for DGCNN did not neces-
sarily increase in relation to the number of real point clouds. Therefore, no 
rise in mIoU was observed between 10 % and 20 %. For both models, an 
mIoU comparable to the baseline experiment was achieved when the total 
amount of real data was incorporated. The experimental results show that 
adding a modest amount of real data is sufficient to achieve high DL per-
formance.  

For E3.3, 20 % real data in the dataset for PointNet++ resulted in an mIoU 
of 0.8572. Even though the mIoU was not as high as the baseline experi-
ment, the mean precision was 0.9304 and mean recall was 0.9135, which 
indicates the high quality and completeness of the predictions. DGCNN re-
quired 60 point clouds, which is a reduction of 50 % of the real dataset, to 
achieve a mean precision of 0.7572 and a mean recall of 0.8005, which is 
comparable to the baseline experiment. Even though the mIoU was lower 
compared to the baseline experiment E1.1, the class IoU showed significant 
improvements. The class clips, which performed poorly in E1.1, had an IoU 
of 0.5000. Therefore, adding synthetic data seems to boost the performance 
of underrepresented classes. 

The approach of transfer learning with subsequent fine-tuning is the exper-
iment E3.4. The performance of PointNet++ increased gradually with the 
addition of real data. The best CNN achieved an mIoU of 0.9575 for fine-
tuning with 50 % real data. DGCNN’s performance, however, did not de-
pend on the number of point clouds. Therefore, the highest gain in mIoU 
was achieved from 20 % to 30 % with an mIoU gain of 0.3777. The highest 
mIoU, which outperformed the baseline experiment, was achieved at 40 % 
with an mIoU of 0.7182. E3.4 yielded higher mIoU compared to E3.3 when 
more than 60 point clouds were used for training. 

The different approaches of mixing synthetic and real data as well as trans-
fer learning with fine-tuning are analyzed based on the mIoU on a class 
level, see Table 14. PointNet++ was chosen due to its superior results. The 
classes clip and grommet have the lowest IoU when no real data is incorpo-
rated into the training. Nevertheless, all class IoUs are below the critical 
threshold of 0.5. The metrics of the classes clip and grommet are signifi-
cantly boosted with the gradual increase of real data. By adding 10 % real 
data only, the class clips reach an mIoU of 0.4827 for E3.3 and 0.4129 for 
E3.4. The remainder of the classes reach an mIoU > 0.5. The critical thresh-
old of 0.5 for all classes is surpassed with a ratio of 30 % of real data for E3.3 
and 20 % for E3.4. 
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Table 14: Overview of class mIoU for E3.3 Mixed synthetic and real and E3.4 
Transfer learning and fine-tuning with PointNet++, * 1-connector, 2-clip, 
3-grommet, 4-taped wire bundle, 5-untaped wire bundle 

Overall, the experiments show that PointNet++ provides higher perfor-
mance for the segmentation of wiring harness point clouds than DGCNN. 
The best result was an mIoU of 0.9644 in E1.2 for the synthetic dataset 
𝑃𝐶𝑑𝑖 𝑐. Similar to image processing in section 5.3.5, the experiments indi-
cate a domain gap between real and synthetic point clouds, see E2.1 to E2.6. 
The domain gap varies depending on the model and dataset ranging be-
tween mIoUs of 0.1071 and 0.2757. The approach 3D model discretization 
provides a database that is closer to the data distribution of real data be-
cause the mIoU for PointNet++ is 0.0240 and DGCNN is 0.0266 higher 
compared to the dataset generated through point cloud rendering. The ex-
periments E3.1 to E3.4 demonstrate that both training methods, mixing da-
tasets and fine-tuning, successfully reduce the domain gap between real 
and synthetic data while simultaneously relying on less real data in com-
parison to training with real data only. Mixing 2,430 synthetic point clouds 
with 12 real point clouds results in an mIoU of 0.9213. Fine-tuning a model 
trained with 2,430 synthetic point clouds with 60 real point clouds resulted 
in an mIoU of 0.9297. Therefore, mixing data resulted in higher mIoU while 
relying on less real data than fine-tuning. Even though the performance is 
not as high as the mIoU of 0.9564 in E1.1, the experiments show that a sub-
stantial number of real point clouds can be reduced. 

5.4.6 Evaluation of point cloud processing 

The evaluation provided an in-depth insight into the mIoU progression de-
pending on the number of real point clouds. The mIoU development is de-
picted in Figure 37 (a) for PointNet++ and (b) for DGCNN. Experiments 
were added to compare benchmarking to the gradual integration of real 

Class*  E3.3 Mixed synthetic and real 3  E3.4 Transfer learning+fine-tuning 

0 % 10 % 20 % 30 % 40 % 50 %  10 % 20 % 30 % 40 % 50 % 

1 0.3905 0.6602 0.8066 0.9316 0.9562 0.9537  0.5986 0.8228 0.9395 0.9568 0.9660 

2 0.0162 0.4827 0.7533 0.7732 0.8269 0.8674  0.4129 0.6633 0.8087 0.8356 0.8782 

3 0.1178 0.8262 0.9126 0.9718 0.9746 0.9828  0.7282 0.9221 0.9678 0.9726 0.9769 

4 0.4269 0.8156 0.9174 0.9352 0.9533 0.9590  0.7627 0.9285 0.9489 0.9534 0.9609 

5 0.2528 0.8682 0.8963 0.9646 0.9901 0.9765  0.7344 0.9629 0.9834 0.9921 0.9925 
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data with synthetic data. Thus, E1.1 was repeated with varying sizes of 
𝑃𝐶 𝑒𝑎𝑙 and the result is shown by the green curve in Figure 37 (a) and (b). 

 

Figure 37: mIoU for E1.1 Baseline, E3.1 – E3.3 Mixing synthetic and real data, and 
E3.4 Transfer learning and fine-tuning for (a) PointNet++ and 
(b) DGCNN 

The curves show that the increasing number of real point clouds influences 
the models’ performance positively. A comparison between the green curve 
for E1.1 and the curves resulting from training with synthetic data (E3.1, 
E3.2, E3.3, and E3.4) suggests that synthetic data enhances the performance 
of DNNs for point cloud segmentation under certain conditions. Synthetic 
data is particularly valuable when real data for training is scarce or entirely 
absent. However, there is a critical threshold for the quantity of real data 
at which the performance boost through synthetic data begins to diminish. 
Beyond this threshold, the ratio of real data and synthetic data in the train-
ing dataset no longer has a significant impact because adding 90 real point 
clouds to 2,730 or 135 synthetic point clouds results in comparable mIoU, 
see E3.2. For PointNet++, the threshold is 60 real point clouds, which is 
50 % of the entire real dataset. DGCNN shows a similar threshold. Below a 
threshold of 55 real point clouds, synthetic data provides a positive contri-
bution. From this threshold onwards, an increasing quantity of real data is 
associated with a reduced benefit of adding synthetic data because the 
model performance is comparable to training with real data alone. 

A closer examination of the experiments reveals that the mIoU is less than 
0.25 when no real data is incorporated into the training. Gradually increas-
ing the proportion of real data helps to reduce the domain gap, even with 
a small addition of real data, resulting in a significant improvement in 
mIoU. The mIoU rises sharply across all experiments by adding up to 20 
point clouds. A moderate increase can be found between 20 and 50 point 
clouds. DGCNN suffers from a plateau at a range between 20 and 40 point 

(a) (b)
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clouds, at which the IoU stagnates. Beyond the threshold of 50 point 
clouds, however, further increases in the amount of real data lead to dimin-
ishing returns, and the curve flattens out. Therefore, a saturation point is 
reached, where the addition of real data does not result in performance 
gains. Beyond 80 point clouds, the mIoU remains nearly constant.  

PointNet++ and DGCNN show different curve progressions for mixing syn-
thetic data and real data (E3.3) and transfer learning with synthetic data, 
with fine-tuning with real data (E3.4). The initial increase of mIoU by add-
ing a few real point clouds is higher for mixing synthetic data. Con-
trastingly, fine-tuning results in higher mIoU in the phase of moderate per-
formance increase, with above 40 point clouds. The results indicate that 
the approach of integrating synthetic data can be determined by the avail-
able database real point clouds. Thus, mixing datasets is a viable approach 
for low real data availability and fine-tuning requires a dataset with a criti-
cal number of point clouds.  

Explainable artificial intelligence methods were implemented to compre-
hend how the models segment the point clouds. Gradient-based ap-
proaches were selected as the explainability method for the point clouds. 
The objective is to see the difference in activation for real and synthetic 
point clouds. The implementation is based on point cloud Grad-Seg-CAM 
by [171] and the provided GitHub repository [172].  

The gradient maps for different experiments and the classes are displayed 
in Figure 38. Maps were generated at different layers of the DGCNN, spe-
cifically the convolutional layers. Whereas layer 1 represents the convolu-
tional layers directly after the first edge convolutional MLP, layer 4 displays 
the convolutional layers before the output layer. The gradient maps with 
high activation intensities regarding the ground-truth classes were se-
lected. It is evident that the experiment baseline results in weights that 
learn the relevant features for semantic segmentation, see Figure 38 (b). All 
classes show activations in high intensity at the proper locations. Except for 
the class grommet, which is class 2 and shows some activation at the class 
connector. The experiments domain gap 1, which is training with the da-
taset 3D model discretization and tested with real point clouds, shows a shift 
of the activations, see Figure 38 (c). While the activations for the class con-
nector remain in the correct regions, the gradient maps for the remainder 
of the classes portray light activation at the correct regions but also at re-
gions not assigned to the classes. The same phenomenon can be observed 
for the experiment domain gap 2, which is training based on the dataset 
point cloud rendering and tested on real point clouds, see Figure 38 (d). 
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Furthermore, there is a shift in the layer indices that extract the relevant 
features. The gradient maps displaying the correctly activated areas can be 
extracted from layer 4. Thus, the layers retrieve important features from 
the fully connected layer with a softmax activation function for point clas-
sification. Late layers extract complex features that are essential for accu-
rate classification. The experiments for domain gap, however, extract im-
portant features in early layers. Thus, the basic features are captured but 
are not sufficiently meaningful for the final classification task. Adding a 
small amount of real data causes the gradient maps to exhibit a much closer 
resemblance to the baseline experiment. This phenomenon is specifically 
visible for the classes representing DLOs as depicted in Figure 38 (d). 

A closer look at the data generated aims to create an in-depth understand-
ing of the domain gap between real and synthetic data. Two distinct meth-
ods were selected for point cloud evaluation, the method of distributed Sto-
chastic Neighbor Embedding (t-SNE) [173] and the Hausdorff distance 
[174]. The methods are implemented to evaluate the similarity between 
𝑃𝐶 𝑒𝑎𝑙, 𝑃𝐶𝑑𝑖 𝑐, and 𝑃𝐶 𝑒𝑛𝑑. t-SNE is a dimensionality reduction algorithm 
that accounts for the non-linearity of data while preserving the local struc-
ture of the data. The algorithm is based on similarity calculations between 
data points in high-dimensional space, probabilistic computations, and the 
iterative minimization of the Kullback-Leibler divergence between proba-
bility distributions. The synthesized point clouds are reduced from a 3D 
representation to a 2D representation for visualization and comparison. 
The Hausdorff distance is a measure to compare the similarity between two 
sets of data, in this case specifically point clouds, see Equations (19) and 
(20). The metric is calculated through the maximum distance from any 
point of a point cloud to the nearest point of the point cloud being com-
pared. 

𝐻(𝑃𝐶1, 𝑃𝐶2) = max (ℎ( 𝑃𝐶1, 𝑃𝐶2), ℎ(𝑃𝐶2, 𝑃𝐶1) (19) 

ℎ(𝑃𝐶1, 𝑃𝐶2) =
 

𝑚𝑎𝑥 𝑚𝑖𝑛 ∥ 𝑎 − 𝑏 ∥
𝑎 ∈ 𝐴 𝑏 ∈ 𝐵  

 (20) 

The implementation of t-SNE is based on the scikit-learn library [175]. Hy-
perparameters, specifically learning rate within the range of [200, 500, 
1000] and perplexity within the range of [20, 30, 45, 50], were searched for 
15000 iterations to reduce the data from three dimensions to two dimen-
sions. The t-SNE graphs for three wiring harness assembly states are visu-
alized in Figure 39. 
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Figure 39: t-SNE for the datasets real data, discretization, and simulation applied 
to wiring harness assembly states (a), (b), and (c) 

Supporting the hypothesis that synthetic data are too ideal compared to 
real data is the degree of connectedness of points in Figure 39. Synthesized 
data allow easy reconstruction from 3D to 2D. The t-SNE graphs of 𝑃𝐶 𝑒𝑛𝑑 
show connected points similarly to the physical wiring harness tree-like 
structure. Especially Figure 39 (c) shows that connectors are at the end of 
a wire bundle branch and clips are attached to the bundle. Furthermore, 
the classes are densely clustered and distinguishable from each other. Even 
though Gaussian noise was added to 𝑃𝐶 𝑒𝑛𝑑, no sparse spots or mixing be-
tween classes can be observed. In contrast, the graphs of 𝑃𝐶𝑑𝑖 𝑐 are charac-
terized by sparse spots and partially no clear structure. The sparsity is de-
picted for the class connector in Figure 39 (b) and the scattered point clus-
ters are depicted in Figure 39 (c). 𝑃𝐶 𝑒𝑎𝑙 is the most difficult for 
dimensionality reduction using t-SNE. The points are partially connected, 

t-SNE 𝑃𝐶 𝑒𝑎𝑙 t-SNE 𝑃𝐶𝑑𝑖 𝑐 t-SNE 𝑃𝐶 𝑒𝑛𝑑
(a)

(c)

(b)

Untapped wire bundle (0) Taped wire bundle (1) Grommet (2) Clip (3) Connector (4)



5   Technical implementation 
 

 

104 

however, there are also standalone clusters of points. The distinction be-
tween the classes is less apparent, see the classes untaped wire bundle and 
taped wire bundle in Figure 39 (b).  

Similar to the class distribution in Table 10, the t-SNE graphs also display 
varying point distributions. This can be especially observed for the class 
connector, which is more dispersed for 𝑃𝐶𝑑𝑖 𝑐 in comparison to 𝑃𝐶 𝑒𝑎𝑙 and 
𝑃𝐶 𝑒𝑛𝑑. The class clips poses significant challenges for dimensionality re-
duction, as the number of point clusters does not correspond to the actual 
number of clips in the physical wiring harness. Aiming to create an under-
standing of the domain gap between 𝑃𝐶 𝑒𝑎𝑙 and the synthetic datasets 
𝑃𝐶𝑑𝑖 𝑐 and 𝑃𝐶 𝑒𝑛𝑑, the data distribution of 𝑃𝐶𝑑𝑖 𝑐 is closer to 𝑃𝐶 𝑒𝑎𝑙. Despite 
the different class distributions, the point clouds are similar in terms of 
higher point variance. The findings are consistent with the results of E2.1 
and E2.2, which demonstrate that the domain gap between 𝑃𝐶𝑑𝑖 𝑐 and 
𝑃𝐶 𝑒𝑎𝑙 is smaller compared to 𝑃𝐶 𝑒𝑛𝑑. Therefore, 𝑃𝐶 𝑒𝑛𝑑 seems to be too 
ideal regarding point distribution. However, the point distribution of 
𝑃𝐶 𝑒𝑛𝑑 is valuable for training because mixing both synthetic datasets re-
sults in a performance increase and reduces the domain gap to 𝑃𝐶 𝑒𝑎𝑙 as 
proven in E2.3 and E2.4. Diversifying synthetic data generation adds neces-
sary complexity to the dataset, resulting in a representation that more 
closely approximates real-world data. 

Table 15: Comparison of synthesized point clouds 𝑃𝐶𝑑𝑖 𝑐 and 𝑃𝐶 𝑒𝑛𝑑 with real 
point clouds 𝑃𝐶 𝑒𝑎𝑙 based on the Hausdorff distance 

A comparison of the Hausdorff distances between the two synthetic da-
tasets 3D model discretization and point cloud rendering indicates that the 
former is closer to the real point clouds, see Table 15. The average of 
𝐻(𝑃𝐶𝑑𝑖 𝑐 , 𝑃𝐶 𝑒𝑎𝑙) is 1.1933, which is lower than 𝐻(𝑃𝐶 𝑒𝑛𝑑, 𝑃𝐶 𝑒𝑎𝑙) with 

Real point cloud 3D model discretization Point cloud rendering 

WH_1 0.9694 2.2356 

WH_2 1.1756 1.6661 

WH_3 1.1030 2.2376 

WH_4 1.0723 1.7087 

WH_5 1.4000 2.6547 

WH_6 1.4405 1.8426 

Average distance 1.1933 2.0576 
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2.0576. While 𝐻(𝑃𝐶𝑑𝑖 𝑐 , 𝑃𝐶 𝑒𝑎𝑙) varies between 0.9694 and 1.4405, 
𝐻(𝑃𝐶 𝑒𝑛𝑑 , 𝑃𝐶 𝑒𝑎𝑙) results in distances ranging between 1.6661 and 2.6547. 
Overall, the Hausdorff distance supports the findings based on the dimen-
sionality reduction using t-SNE that the point clouds resulting from dis-
cretization are significantly geometrically closer to the real point clouds. 
Whereas point clouds generated through simulation have a higher degree 
of dissimilarity to real point clouds. 
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6 Evaluation of the automated optical 
inspection system 

The evaluation of FastAOI is conducted based on the results of the tech-
nical implementation. The relevance and value-add of synthetic data ac-
cording to the research hypothesis H2 are scrutinized from a resource per-
spective and benchmarked against real data collection and annotation in 
section 6.1. Section 6.2 addresses the theoretical contribution of this disser-
tation, while section 6.3 focuses on its practical implications. Section 6.4 
points out the limitations of this thesis.  

6.1 Performance and technology assessment 

The performance assessment aims to quantify the time for real and syn-
thetic data generation. A time study was conducted to monitor the time 
required for labeling real images and point clouds. To ensure a standard-
ized approach, the labeling start and end points of the labeling process were 
defined. Labeling started when an image or point cloud was loaded into the 
labeling tool. The process ended with drawing the last polygon or with as-
signing a label to the last point. The annotation time depends on the anno-
tator, the data annotation tool, the wiring harness configuration, and the 
assembly state. The annotation time decreased with the learning curve of 
the annotator and increased with the number of components. Image anno-
tation for segmentation also relied on the fidelity defined by the number of 
points set for the polygons. Especially the DLOs required high annotation 
fidelity to create precise masks. Point cloud annotation also includes man-
ual data cleaning and labeling.  

The time study for synthetic data takes the time required for data synthesis 
into consideration. The study is conducted for the datasets presented in 
section 5. For the wiring harness dataset, three annotators labeled the im-
ages, and two annotators labeled the point clouds. Image and point cloud 
synthesis depend on the parameters set for rendering, the rendering en-
gine, and computational capacity. The result of the time study is depicted 
in Figure 40. The time study strongly focuses on contrasting the time in-
vested in data annotation. Therefore, it is important to note that the time 
required for real data generation, the physical setup of sensors as well as 
wiring harness configurations, and image capturing were not considered in 
this time study. Simultaneously, the time for 3D product model creation 
and scene composition for synthetic data generation was excluded. 
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Figure 40: Boxplots for time study for (a) real image and point cloud annotation, 
(b) synthesized images, (c) 3D model discretization, and (d) point cloud 
rendering 

The time study provides evidence of the time of real data annotation to 
evaluate the time efficiency according to H2 for synthetic and real data an-
notation. The quantitative results of the time study are depicted in Table 
16. The median for real image annotation is 2,637.00 s, which is 
43.95 minutes, and for real point cloud annotation is 2,700 s, which is 
45.00 minutes. The interquartile range of 997.50 s for 𝐼 𝑒𝑎𝑙 and 1,155.00 s for 
𝑃𝐶 𝑒𝑎𝑙 demonstrate that real data annotation highly varies depending on 
the data and the annotator, see Figure 40 (a). The time for image synthesis, 
see Figure 40 (b), was mainly determined by the light intensity for render-
ing. E.g., generating an image with 5 W of light intensity required 27 s, 
25 W required 96 s, and 50 W required 179 s. Nevertheless, having an equal 
distribution of light intensity in the dataset resulted in a median of 96.98 s 
for image and mask synthesis. Image synthesis leads to a significant time 
reduction, with an average saving of 2,540 s, or 42 minutes per sample. 

Table 16: Time study for the manual annotation of real data and synthetic data 
generation 

(b) (d)(c)(a)

Time [s] Image  Point cloud 

 𝐼 𝑒𝑎𝑙 𝐼 𝑒𝑛𝑑  𝑃𝐶 𝑒𝑎𝑙 𝑃𝐶𝑑𝑖 𝑐 𝑃𝐶 𝑒𝑛𝑑  

Minimum 1,470.00 20.47  1,704.0 0.28 1.25 

Lower quantile Q1 2,127.00 28.32  2,359.5 0.34 3.86 

Median 2,637.00 96.98  2,700.0 0.35 4.49 

Upper quantile Q3 3,124.50 176.28  3,514.5 0.36 5.17 

Maximum 4,290.00 191.39  4,878.0 0.44 7.55 
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Point cloud synthesis reduces the time significantly to 0.35 s for 𝑃𝐶𝑑𝑖 𝑐 and 
4.49 s for 𝑃𝐶 𝑒𝑛𝑑, which is 0.01 % and 0.17 % of the time for 𝑃𝐶 𝑒𝑎𝑙, see Fig-
ure 40 (c) and (d). Specifically, 𝑃𝐶𝑑𝑖 𝑐 minimizes data generation time sig-
nificantly. The interquartile range for 𝐼 𝑒𝑛𝑑 with 147.96 s, 𝑃𝐶𝑑𝑖 𝑐 with 0.02 s, 
and 𝑃𝐶 𝑒𝑛𝑑 with 1.13 s suggest a low variability. Thus, the time estimation 
for synthetic data generation is more accurate compared to real data for 
AOI development. 

The maximum and absolute time saving is determined for experiments that 
demonstrated the highest benefit of synthetic data. Therefore, the integra-
tion of synthetic data is recommended up to a defined threshold of real 
data, as outlined in sections 5.3.6 and 5.4.6. For image processing with 
LinkNet, mixing 1210 synthetic images with 44 real images, see E1.5., re-
sulted in an mIoU of 0.7307. An equivalent mIoU was achieved with ap-
proximately 108 real images, which is deduced from E1.1 in Figure 30. A 
comparison based on the median time presented in Table 16 results in an 
absolute time-saving of 51,422.2 s, which is 14.28 hours, for synthetic image 
generation. Mixing 135 synthetic point clouds with 15 real point clouds in 
E3.3 yields an mIoU of 0.7306. This mIoU is comparable to training with 
approximately 28 real images, which is based on E1.1 in Figure 37 (a). There-
fore, the absolute time-saving for point cloud processing is 38,416.5 s, which 
is 10.67 hours. 

The evaluation in section 5 demonstrates that high CNN performance can 
be achieved with a large synthetic dataset in conjunction with a small real 
dataset. Thus, synthetic data is not equally valuable to real data. Even 
though the generation of synthetic data is much faster, answering research 
hypothesis H2 necessitates putting the data generation effort into perspec-
tive with its benefit to training. An attempt is made to define the value by 
putting the absolute time savings identified in the time study in relation to 
the contribution of each dataset to the performance. An approach to calcu-
late the value of synthetic data 𝑉  or real data 𝑉  is proposed in Equation 
(21). The value depends on the performance of the model trained on a spe-
cific dataset 𝑃𝑀 in relation to the total size of the synthetic dataset 𝑁  or 
real dataset 𝑁 . It is not possible to infer the performance from the calcu-
lated value because more data does not mean a linear growth in perfor-
mance. Furthermore, a larger dataset decreases the value of individual 
point clouds and images, however, in total contributes to a higher overall 
performance of the CNN. Training also highly influences the outcome. 
Therefore, the metric value gives guidance to evaluate the value of data but 
with limitations due to the conditions. 
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𝑉 = 
𝑃𝑀1

𝑁 
, 𝑉 = 

𝑃𝑀2 − 𝑃1𝑀1

𝑁 
; 0 ≤ 𝑃 ≤ 1;𝑁 ∈ ℕ (21) 

The value of synthetic and real images is evaluated for the LinkNet archi-
tecture. The value of a real image is evaluated relative to a synthetic image. 
When mixing real and synthetic data (E1.5), the value of real to synthetic 
data is 3:4 for small real datasets and 9:10 for large real datasets. E1.6 results 
in a ratio of 1:22 for fine-tuning with 44 real images and 1:4 for fine-tuning 
with 176 real images. The value relation demonstrates the higher contribu-
tion of synthetic data to the training approach of mixing real and synthetic 
images. Furthermore, a large real dataset results in diminishing value of 
individual images, which, however, does not imply that real images can be 
substituted with synthetic images. To evaluate the time-saving relative to 
the value, the worst-case ratio of 1:22 is assumed. While the generation time 
of 22 synthetic images requires 2,133.56 s, real image generation takes 
2,637.00 s. Despite the higher value of real data, synthetic data generation 
is recommended for efficiency in terms of time savings.  

Value evaluation of real and synthetic point clouds is conducted for Point-
Net++. The value of a real point cloud to a synthetic point cloud in E3.3 and 
E3.4 is a relation of 1:18 for small real datasets and up to 1:3 for large real 
datasets. This means that 18 synthetic point clouds, respectively 3 point 
clouds, are equal to the value of one real point cloud. The worst case is a 
relation of 1:152 for E3.2, for which 2430 synthetic images were employed 
for training. Even though the evaluation in section 5.4.6 showed that the 
benefit of synthetic data is especially evident for databases with fewer than 
60 real point clouds, the value of individual synthetic point clouds is low 
compared to real point clouds. Taking the worst-case into consideration, 
the time study still demonstrates that the generation of synthetic point 
clouds is faster compared to manual real data annotation. Taking the worst-
case relation of E3.2 into consideration, synthetic data generation is 7 times 
faster. The time efficiency for synthetic data generation underlines the rel-
evance of synthetic data for industrial implementation. 

The evaluation of value for synthetic images and point clouds demonstrates 
that the training effectiveness can be optimized by determining the syn-
thetic dataset size in consideration of the quantity of real data available. 
Thereby, the ratio needs to be evaluated in conjunction with the mIoU be-
cause the value does not allow the conclusion that a large database leads to 
a linear mIoU increase. Thus, real datasets of limited size, up to a defined 
threshold, benefit from synthetic data generation. Even with ratios as high 
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as 1:22 for images and 1:152 for point clouds, synthetic data generation 
proves to be more time-efficient than collecting and labeling real data. 

Lastly, the AOI systems are to be deployed in the manufacturing environ-
ment for in-line quality control between stations of the final assembly. 
Thus, the performance assessment includes the evaluation of inference 
time to prove the applicability of FastAOI in the manufacturing environ-
ment, see Table 17. For inference time evaluation, the best-performing 
models were selected. The inference time is defined as the time of the 
trained model to evaluate a real image or point cloud. The average infer-
ence time is calculated based on the evaluation of the testing dataset. Not 
only the time for inference but also the time for data preparation is in-
cluded to evaluate all process steps for segmentation from data capturing. 
For model inference time, it is important to note that different hardware 
was employed, which results in faster processing times for powerful hard-
ware configurations. 

Table 17:  Time study for data preparation and model inference, *LinkNet with Ef-
ficientNetB5 for images and PointNet++ for point clouds, **U-Net with 
ResNet154 for images and DGCNN for point clouds 

The time required for data preparation and model inference is less than 1 s. 
Image data processing through deep learning is thus a feasible approach for 
in-line AOI of wiring harnesses in the manufacturing environment. A com-
parison of the process steps reveals that data preprocessing requires 
4.5 times longer than data downsampling. The time required for model in-
ference varies and is dependent upon the architecture and backbone, which 
ranges between 0.1968 s and 0.0598 s. For point clouds, the time for data 
downsampling is relatively high compared to data preprocessing and model 
inference time. Downsampling the real point clouds to 2048 points is a 
time-consuming process because the camera captures point clouds in a 
high resolution. The model inference time for point clouds compensates 
for the time for data preparation, as it is within the millisecond range for 
PointNet++ and DGCNN. It is noteworthy that DGCNN was run on techni-
cally more advanced hardware compared to PointNet++. Given the typical 
industrial takt time of three to five minutes, the time identified for AOI is 

Time Data preparation  Model inference 

 Downsampling Preprocessing  Model 1* Model 2** 

Image 0.0558 s 0.2492 s  0.1968 s 0.0375 s 

Point cloud 20.1398 s 0.0332 s  0.2587 s 0.0598 s 
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only a fraction of the takt time. Therefore, the proposed technical imple-
mentation fulfills the time requirement stated in H1 and H2 regarding im-
age and point cloud data processing for AOI. 

6.2 Theoretical contribution to the state-of-the-art 
research and implications 

This thesis contributes to the research field of industrial and manufactur-
ing engineering and applied research in computer vision and artificial in-
telligence. The theoretical contribution to industrial and manufacturing 
engineering is the development of a methodology to develop AOI systems 
using learning-based approaches and synthetic data and its implementa-
tion for the wiring harness industry. In a broader context, the research find-
ings address the research gap for digital technologies and solutions to sys-
tematically deal with the high volume of heterogeneous data that manufac-
turing companies generate at high speed and need to analyze to create 
value in terms of cause-effect causalities, automation, and decision-mak-
ing. The research findings align with [176, 177] by supporting their thesis 
that machine learning is important for smart manufacturing and address-
ing the main challenge identified for the introduction of machine learning 
in manufacturing, which is the acquisition of representative and high-qual-
ity data. Therefore, the proposed methodology FastAOI integrates learn-
ing-based approaches for image and point cloud segmentation and pro-
poses the generation of synthetic data to overcome the lack of domain-spe-
cific data. 

A theoretical contribution is further provided in the research field of com-
puter vision for handling DLOs. The thesis contributes to overcoming the 
research gaps for robust vision systems and algorithms for DLO detection 
complying with manufacturing requirements as identified in systematic re-
views by [19, 178]. Whereas existing research solely focuses on individual 
wires, this research expands the research landscape with machine vision for 
wire assemblies. Research findings are generated for the semantic segmen-
tation of images and point clouds to detect wiring harness components. 
DLOs occurring in the wiring harness are routed wires and wire bundles, 
which have a path across images and point clouds due to their high length-
to-cross-section ratio, yet do not occupy a large proportion of the image or 
point cloud due to their small dimension of depth and width. This thesis 
contributes by showing that known architectures and models accomplish 
wiring harness component detection with high accuracy while complying 
with manufacturing time requirements. AOI systems for two different data 
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modalities were implemented to demonstrate the potential of computer vi-
sion for handling DLOs without relying on additionally attached identifiers 
and the suitability of learning-based approaches. Researchers can use the 
synthetic and real datasets generated within the course of this thesis for 
benchmarking. Therefore, the dataset complements available datasets for 
cable segmentation, specifically the Electrical Cable Dataset [106, 122], with 
a dataset for wiring harness component detection through segmentation.  

An important advancement in knowledge was achieved through the meth-
odology for synthetic data generation. From an engineering research per-
spective, the contribution lies in the proposed pipeline for synthetic data 
generation from CAD data for industrial applications. Data generation 
pipelines were proposed, implemented, and evaluated for images and point 
clouds. Within the research field of computer vision, a valuable contribu-
tion was made by creating an in-depth understanding of the value and im-
pact of synthetic data on the CNN training process. Experiments provided 
empirical findings on multiple approaches to integrate synthetic data into 
the training process, explainability methods were implemented, and met-
rics were introduced to understand the domain gap between synthetic and 
real data. Therefore, synthetic data can substitute real data, but do not 
eliminate the need for real data. The research findings show that there is a 
thresholding effect. A high-performance increase is expected with the ad-
dition of only a few real point clouds. Diminishing returns can be expected 
as this specific threshold is exceeded. Thus, synthetic data facilitates the 
fast development of AOI systems and algorithms. Transferring them to the 
manufacturing environment still requires fine-tuning with real data. It is 
important to emphasize that 10 % of real data can be sufficient when the 
CNN has been pretrained on synthetic data. 

6.3 Practical and managerial contribution 

This research provides a practical contribution to wiring harness manufac-
turing by automating the optical inspection process using FastAOI. First, 
this thesis offers a solution for in-line optical inspection of wiring harnesses 
in work-in-progress and final assembly states. The thesis proposed the 
FastAOI methodology encompassing AOI planning, synthetic data genera-
tion, data processing using learning-based approaches, and technical im-
plementations. The proposed methodology and implementations aim to 
guide practitioners to develop AOI systems for the inspection of wiring har-
nesses to complement or substitute the state-of-the-art manual end-of-line 
inspection. Managers can rely on FastAOI to shift the philosophy of quality 
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assessment from end-of-line to in-line. The benefits are faster failure trou-
bleshooting, reaction time to changes, and higher sustainability due to less 
rework and scrap. The detection of faulty tasks directly within the assembly 
line reduces material waste as a consequence of tasks further adding value 
to a faulty product or even the propagation of failures through entire 
batches of wiring harnesses. DIN 72036:2024 [42], a norm designed by in-
dustrial stakeholders of the wiring harness value chain, states that in-line 
quality inspection is an important field of action to fulfill key requirements 
for holistic quality control. This gap, as outlined by practitioners, is ad-
dressed by FastAOI. Overall, the research findings contribute to the indus-
try’s prevailing struggle to develop scalable and cost-effective automation 
solutions to overcome the highly manual value chain. 

Second, a practical contribution was made by demonstrating the benefit of 
data-driven approaches in manufacturing. The difficulty of extracting fea-
tures for high product variety, component variety, and DLO was addressed 
by implementing CNNs for data processing. Therefore, practitioners devel-
oping AOI systems for wiring systems are recommended to select learning-
based approaches. Also, a continuous data flow from product development 
over AOI planning to synthetic data generation was designed. Early inte-
gration of manufacturing-relevant data enables fast engineering and de-
ployment of automation solutions. Examples provided in this thesis are 
quality parameters for AOI, rendering information for data synthesis, and 
class information for data synthesis as well as the development of learning-
based algorithms. Therefore, the research findings advocate interdiscipli-
nary collaboration to develop data models and intertwined data flows that 
serve numerous departments within a company.  

Third, this research addresses the hesitation of companies to develop, im-
plement, and deploy learning-based approaches due to the lack of a repre-
sentative, domain-specific, and high-quality database. Companies have dif-
ficulties in transferring models resulting from data science research to 
manufacturing applications on the shop floor. FastAOI aims to motivate 
practitioners to leverage synthetic data because product development arti-
facts exist and can be exploited for manufacturing. Further industrial de-
velopments towards a digital twin in product development and manufac-
turing encourage the methodology proposed in this thesis for synthetic 
data generation. Managers can take the methodology, research findings, 
and the time study conducted in this thesis to promote synthetic data gen-
eration for learning-based approaches. The research findings contrast var-
ious approaches to integrate synthetic and real data that practitioners can 
rely on as guidance. It is important to emphasize that synthetic data does 
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not substitute the need for real data. Therefore, synthetic data is especially 
valuable for the installation and ramp-up phase in manufacturing. During 
the operations phase, the implemented AOI system allows easy data collec-
tion. However, annotation effort still prevails, thereby necessitating the 
generation of synthetic data. Within the course of this thesis, synthetic and 
real datasets were generated. The findings demonstrate a time saving of 
more than 14 hours or a performance increase of up to 0.3914 mIoU for wir-
ing harness AOI. Companies are encouraged to use the generated and an-
notated datasets for the segmentation of images and point clouds of wiring 
harnesses. The datasets can be enriched for further computer vision tasks. 
Also, the results generated in this thesis with the models and datasets can 
serve as a benchmark for industrial development activities. 

6.4 Limitations of this work 

FastAOI is a generalized approach that applies to the development of AOI 
solutions in manufacturing companies with customized products com-
posed of DLOs with high variance on a product level and component level. 
FastAOI has limitations regarding the application to products not com-
posed of DLOs and a more compact structure. This thesis was highly moti-
vated by the assembly of complex wiring systems encompassing DLOs. A 
technical implementation was provided for the semantic segmentation of 
wiring harness images and point clouds. The computer vision task of seg-
mentation was chosen as wires and wire bundles have complex routing 
paths while taking up little space in proportion to the background. There-
fore, one limitation of this thesis is the focus on the computer vision task 
of segmentation.  

Dealing with DLOs, segmentation, and the high annotation effort moti-
vated synthetic data generation through rendering and 3D CAD model 
meshing. Products without CAD models, products with compact compo-
nents for object detection, or the use case of failure detection through clas-
sification are advised to consider other methods of data synthesis in addi-
tion to FastAOI. Examples are generative adversarial networks, variational 
autoencoders, or oversampling techniques. As a result, FastAOI is primarily 
suitable for the AOI of complex wiring assemblies and a proof of concept is 
provided for the automotive industry. An implementation for the optical 
inspection of further wiring systems, such as ones built into switch cabinets 
or airplanes, would be beneficial to prove the generalization of FastAOI to 
other complex wiring systems. 
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The natural limitations of data science projects are the database, algo-
rithms, and models chosen for data processing. The evaluation was con-
ducted with real data, which were captured with a specific sensor, manually 
cleaned, and labeled. The synthesized image data relied on the methods 
developed within the course of this thesis. A higher variety in data genera-
tion methods could result in a more diverse dataset that has higher capa-
bilities to generalize. Furthermore, several parameters have a big impact on 
the CRISP-DM step of modeling. First, the chosen hyperparameters and 
method for hyperparameter optimization affect the evaluation results. A 
bigger parameter space or smarter approaches to hyperparameter optimi-
zation could boost the performance. Second, the hardware employed for 
data processing proved to be effective for the implementation and valida-
tion of a scientific feasibility study. However, higher computational capa-
bilities would most likely result in better results. Lastly, selected architec-
tures and models were implemented. Further architectures and models 
could lead to results limiting the research findings of this thesis.  



 

117 

7 Summary and outlook 

Deep learning and synthetic data are key enablers for the realization of ob-
ject detection for complex products in high-variance manufacturing. 
Learning-based approaches facilitate the automation of computer vision 
tasks, fast failure detection and troubleshooting, and flexibility due to the 
capability of DNNs to generalize. This thesis leverages the potential of 
DNNs for in-line quality control using AOI in the wiring harness assembly. 
Wiring harness manufacturing is selected as the use case due to the com-
plexity induced by the high degree of product customization and the prev-
alence of manual work in the assembly.  

The theoretical contribution is the FastAOI methodology for the develop-
ment of learning-based AOI systems. To fully exploit the potential of learn-
ing-based approaches, FastAOI incorporates a process for synthetic data 
generation based on existing development and manufacturing artifacts. 
Synthetic data generation minimizes the resource-intensive and tedious 
tasks of data collection, preparation, and annotation. In the broader con-
text of manufacturing, digitization is an ever-present phenomenon, neces-
sitating the creation of digital models that serve a multitude of applications 
within the manufacturing sector. FastAOI encompasses the process steps 
AOI planning, 3D product model creation, scene creation, and data pro-
cessing based on DNNs. The proposed FastAOI methodology is presented 
in detail and technically implemented. AOI systems for two different data 
modalities, specifically images and point clouds, were developed and real-
ized. Respective data flows, algorithms, and DNNs are employed to in-
crease the degree of methodological detail and to enable validation.  

The research hypotheses, that deep learning and synthetic data enable AOI 
of wiring harness assembly states, were addressed by experimental findings 
and an evaluation of the technical implementation. The implementation of 
FastAOI provides evidence that deep-learning-based image and point 
cloud processing is feasible from a performance perspective for wiring har-
ness AOI. Thus, DNNs successfully extract crucial features for the com-
puter vision task of semantic segmentation, as proven by the gradient 
maps. The wiring harness components for AOI were reliably detected. mI-
oUs of up to 0.7924 for image segmentation and 0.9575 for point cloud seg-
mentation were achieved after training with synthetic data and hyperpa-
rameter optimization. The conclusion is that real data remains essential to 
achieve high accuracies that adhere to the requirements of quality control. 
Reducing the amount of real data and incorporating synthetic data leads to 
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marginally higher mIoU for point cloud or comparable mIoU for image seg-
mentation. Thus, the analysis demonstrated that synthetic data positively 
impact the training process and do not degrade the performance. The da-
tasets were reduced to up to 50% of point clouds and images without a sig-
nificant negative impact on the overall performance. The benefit of syn-
thetic data is leveraged when AOI systems are developed and no physical 
setups for image capturing are available. However, it is important to note 
that a complete substitution of real data is not feasible with the proposed 
technical implementation. To understand the existing domain gap between 
synthetic and real data, this thesis employs multiple methods to visualize 
and quantify the domain gap between synthetic and real data. Evidence, 
such as annotation differences between synthetic and real data, is given for 
the root causes of the domain gap and measures, such as training ap-
proaches, to mitigate the domain gap are proposed.  

Further investigations are needed to continue the development of the 
FastAOI methodology. The methodology successfully proved feasible ap-
proaches to integrate synthetic data into the training process. Furthermore, 
the ultimate goal should be the complete substitution of real data with syn-
thetic data so that models can be solely trained with synthetic data and 
directly applied to real data on the shop floor. It remains an open research 
question whether synthetic data can perfectly replicate the data distribu-
tion of real data, as high-fidelity results in high resource investment in 
modeling and rendering. Therefore, the impact of virtual models and mod-
eling parameters on synthetic data generation is highly relevant to focus on 
value-adding activities for synthetic generation. Furthermore, the ap-
proach of synthetic data generation is a data-driven approach to machine 
learning, as it relies on insights gained from the real world and a large da-
tabase for a good representation of data. A conjunction with the research 
activities in the fast-evolving field of model-driven approaches is also ad-
vised. Therefore, new algorithms, architectures, and models significantly 
contribute to better data processing for AOI in manufacturing. Lastly, the 
topic of automating, streamlining, and managing the end-to-end lifecycle 
of machine learning models in production is important for the adoption of 
FastAOI in a manufacturing environment. Solutions help manufacturing 
companies scale applications, such as FastAOI, efficiently. 
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8 Zusammenfassung und Ausblick 

Deep Learning (DL) und synthetische Daten sind wesentliche Enabler zur 
Umsetzung automatischer optischer Inspektionssysteme (AOI) für kom-
plexe Produkte in einer variantenreichen Fertigung. Lernbasierte Ansätze 
ermöglichen in der Produktion eine Automatisierung, schnelle Fehlerer-
kennung und Fehlerbehebung sowie hohe Flexibilität aufgrund der Gene-
ralisierungsfähigkeit tiefer neuronaler Netze (DNN). Die vorliegende Ar-
beit nutzt das Potenzial von DL für die In-line-Qualitätskontrolle mittels 
AOI. Die Kabelbaumfertigung wurde aufgrund der hohen Komplexität 
durch kundenindividuelle Produktkonfigurationen und des hohen Anteils 
an manuellen Montagetätigkeiten als Anwendungsfall gewählt. 

Der theoretische Beitrag dieser Dissertation ist die FastAOI-Methodik zur 
Entwicklung lernbasierter AOI-Systeme. Um das Potenzial lernbasierter 
Ansätze voll auszuschöpfen, integriert FastAOI einen Prozess zur Erzeu-
gung synthetischer Daten auf Basis bestehender Entwicklungs- und Ferti-
gungsartefakte. Dies minimiert ressourcenintensive Aufgaben der Daten-
erhebung, -aufbereitung und -annotation. FastAOI umfasst die Prozess-
schritte AOI-Planung, 3D-Produktmodellerstellung, Szenenerstellung und 
DNN-basierte Datenverarbeitung. Die vorgeschlagene FastAOI-Methodik 
wird detailliert hergeleitet, technisch implementiert und für zwei verschie-
dene Datenmodalitäten, Bilder und Punktwolken, validiert. Dafür werden 
Datenflüsse, Algorithmen und DNNs zur semantischen Segmentierung von 
Kabelbaumkomponenten aufgebaut. 

Die Forschungshypothesen, dass DL und synthetische Daten eine AOI von 
Kabelbaum-Verbauzuständen ermöglichen, wurden durch experimentelle 
Ergebnisse und eine Evaluierung der technischen Implementierung adres-
siert. Die Implementierung von FastAOI zeigt, dass eine auf DNN basie-
rende Bild- und Punktwolkenverarbeitung hinsichtlich der Genauigkeit für 
die AOI von Kabelbäumen geeignet ist. Wie durch Gradient-Maps nachge-
wiesen wurde, extrahieren DNNs erfolgreich kritische Merkmale für die se-
mantische Segmentierung. Die Kabelbaumkomponenten konnten zuver-
lässig erkannt werden. Mithilfe von synthetischen Daten wurden mIoU-
Werte von bis zu 0,7924 für die Bildsegmentierung und 0,9575 für die 
Punktwolken-Segmentierung erreicht. 

Die technische Implementierung zeigt zum einen auf, dass eine Kombina-
tion aus synthetischen Daten und Realdaten essenziell ist, um hohe Mo-
dellgenauigkeiten zu erzielen. Der Einsatz synthetischer und realer Daten 
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resultierte im Vergleich zum rein realdatenbasierten Training in höheren 
mIoU-Werten bei Punktwolken beziehungsweise vergleichbaren Werten 
bei der Bildsegmentierung. Synthetische Daten beeinflussen somit den 
Trainingsprozess positiv, ohne die Ergebnisse zu verschlechtern. Zum an-
deren reduziert der Einsatz synthetischer Daten signifikant den Bedarf an 
Realdaten. Die benötigte Menge an realen Bildern und Punktwolken 
konnte um bis zu 50 % gesenkt werden, ohne die Modellgenauigkeit zu 
beeinträchtigen. Dies zeigt das Potenzial synthetischer Daten insbesondere 
in Phasen der Produktionsprozessplanung. Es ist jedoch anzumerken, dass 
eine vollständige Substitution von Realdaten mit der vorgeschlagenen Im-
plementierung nicht realisierbar ist. Zur Analyse des bestehenden Domain 
Gaps zwischen synthetischen und realen Daten setzt diese Dissertation ver-
schiedene Visualisierungs- und Quantifizierungsmethoden ein. Für die Ur-
sachen des Domain Gaps, wie etwa Annotationsunterschiede, werden mög-
liche Ursachen diskutiert und Maßnahmen zu dessen Verringerung, wie 
spezifische Trainingsansätze, vorgeschlagen. 

Weitere Forschungsarbeiten sind erforderlich, um die Entwicklung der 
FastAOI-Methodik fortzuführen. Die Methodik hat erfolgreich praktikable 
Ansätze zur Integration synthetischer Daten in den Trainingsprozess auf-
gezeigt. Darüber hinaus sollte das Ziel die vollständige Substitution von 
Realdaten durch synthetische Daten sein, sodass Modelle ausschließlich 
mit synthetischen Daten trainiert und direkt auf reale Daten auf dem 
Shopfloor angewendet werden können. Es bleibt eine zentrale Forschungs-
frage, inwieweit synthetische Daten die Datenverteilung von Realdaten 
perfekt replizieren können, da eine hohe Detailtreue hohe Investitionen in 
Modellierung und Rendering erfordert. Daher ist der Einfluss von virtuel-
len Modellen und Modellierungsparametern auf die Erzeugung syntheti-
scher Daten relevant, um den Fokus auf wertschöpfende Aktivitäten der 
Datensynthese zu legen. Zudem stellt der Ansatz der synthetischen Daten-
generierung einen datenzentrierten Ansatz dar, da er auf Erkenntnissen 
aus der realen Welt und einer großen Datenbasis für eine gute Repräsenta-
tion der Daten beruht. Eine Verknüpfung mit Forschungsaktivitäten im 
sich schnell entwickelnden Bereich modellgetriebener Ansätze wird des-
halb empfohlen. Neue Algorithmen, Architekturen und Modelle tragen zu 
einer besseren Datenverarbeitung für die AOI bei. Schließlich ist das 
Thema der Automatisierung und Verwaltung des End-to-End-Lebenszyk-
lus von Modellen des maschinellen Lernens in der Produktion für die Ein-
führung von FastAOI in einer Fertigungsumgebung wichtig. Solche Lösun-
gen helfen produzierenden Unternehmen, Anwendungen wie FastAOI ef-
fizient zu skalieren.
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Fundamentals on the miniaturiza-
tion of sheet metal working pro-
cesses 
LFT, 128 Seiten, 58 Bilder, 11 Tab. 
1999. ISBN 3-87525-115-6. 

Band 88: Gerhard Luhn 
Implizites Wissen und technisches 
Handeln am Beispiel der Elektro-
nikproduktion 
FAPS, 252 Seiten, 61 Bilder, 1 Tab. 
1999. ISBN 3-87525-116-4. 

Band 89: Axel Sprenger 
Adaptives Streckbiegen von Alu-
minium-Strangpreßprofilen 
LFT, 114 Seiten, 63 Bilder, 4 Tab. 
1999. ISBN 3-87525-117-2. 

Band 90: Hans-Jörg Pucher 
Untersuchungen zur Prozeßfolge 
Umformen, Bestücken und Laser-
strahllöten von Mikrokontakten 
LFT, 158 Seiten, 69 Bilder, 9 Tab. 
1999. ISBN 3-87525-119-9. 

Band 91: Horst Arnet 
Profilbiegen mit kinematischer Ge-
stalterzeugung 
LFT, 128 Seiten, 67 Bilder, 7 Tab. 
1999. ISBN 3-87525-120-2. 

Band 92: Doris Schubart 
Prozeßmodellierung und Techno-
logieentwicklung beim Abtragen 
mit CO2-Laserstrahlung 
LFT, 133 Seiten, 57 Bilder, 13 Tab. 
1999. ISBN 3-87525-122-9. 

Band 93: Adrianus L. P. 
Coremans 
Laserstrahlsintern von Metallpul-
ver - Prozeßmodellierung, System-
technik, Eigenschaften laserstrahl-
gesinterter Metallkörper  
LFT, 184 Seiten, 108 Bilder, 12 Tab. 
1999. ISBN 3-87525-124-5. 

Band 94: Hans-Martin Biehler 
Optimierungskonzepte für Quali-
tätsdatenverarbeitung und Infor-
mationsbereitstellung in der Elekt-
ronikfertigung  
FAPS, 194 Seiten, 105 Bilder. 1999. 
ISBN 3-87525-126-1. 

Band 95: Wolfgang Becker 
Oberflächenausbildung und tribo-
logische Eigenschaften excimerla-
serstrahlbearbeiteter Hochleis-
tungskeramiken  
LFT, 175 Seiten, 71 Bilder, 3 Tab. 
1999. ISBN 3-87525-127-X. 

Band 96: Philipp Hein 
Innenhochdruck-Umformen von 
Blechpaaren: Modellierung, Pro-
zeßauslegung und Prozeßführung  
LFT, 129 Seiten, 57 Bilder, 7 Tab. 
1999. ISBN 3-87525-128-8. 

Band 97: Gunter Beitinger 
Herstellungs- und Prüfverfahren 
für thermoplastische Schaltungs-
träger 
FAPS, 169 Seiten, 92 Bilder, 20 Tab. 
1999. ISBN 3-87525-129-6. 

Band 98: Jürgen Knoblach 
Beitrag zur rechnerunterstützten 
verursachungsgerechten Ange-
botskalkulation von Blechteilen 
mit Hilfe wissensbasierter Metho-
den 
LFT, 155 Seiten, 53 Bilder, 26 Tab. 
1999. ISBN 3-87525-130-X. 

Band 99: Frank Breitenbach 
Bildverarbeitungssystem zur Erfas-
sung der Anschlußgeometrie 
elektronischer SMT-Bauelemente 
LFT, 147 Seiten, 92 Bilder, 12 Tab. 
2000. ISBN 3-87525-131-8. 

Band 100: Bernd Falk 
Simulationsbasierte Lebensdauer-
vorhersage für Werkzeuge der 
Kaltmassivumformung  
LFT, 134 Seiten, 44 Bilder, 15 Tab. 
2000. ISBN 3-87525-136-9. 

Band 101: Wolfgang Schlögl 
Integriertes Simulationsdaten-Ma-
nagement für Maschinenentwick-
lung und Anlagenplanung 
FAPS, 169 Seiten, 101 Bilder, 20 
Tab. 2000. ISBN 3-87525-137-7. 

Band 102: Christian Hinsel  
Ermüdungsbruchversagen hart-
stoffbeschichteter Werkzeugstähle 
in der Kaltmassivumformung  
LFT, 130 Seiten, 80 Bilder, 14 Tab. 
2000. ISBN 3-87525-138-5. 

Band 103: Stefan Bobbert 
Simulationsgestützte Prozessausle-
gung für das Innenhochdruck-Um-
formen von Blechpaaren 
LFT, 123 Seiten, 77 Bilder. 2000. 
ISBN 3-87525-145-8. 



Band 104: Harald Rottbauer 
Modulares Planungswerkzeug zum 
Produktionsmanagement in der 
Elektronikproduktion 
FAPS, 166 Seiten, 106 Bilder. 2001. 
ISBN 3-87525-139-3. 

Band 105: Thomas Hennige 
Flexible Formgebung von Blechen 
durch Laserstrahlumformen  
LFT, 119 Seiten, 50 Bilder. 2001. 
ISBN 3-87525-140-7. 

Band 106: Thomas Menzel 
Wissensbasierte Methoden für die 
rechnergestützte Charakterisie-
rung und Bewertung innovativer 
Fertigungsprozesse 
LFT, 152 Seiten, 71 Bilder. 2001. 
ISBN 3-87525-142-3. 

Band 107: Thomas Stöckel 
Kommunikationstechnische In-
tegration der Prozeßebene in Pro-
duktionssysteme durch Middle-
ware-Frameworks  
FAPS, 147 Seiten, 65 Bilder, 5 Tab. 
2001. ISBN 3-87525-143-1. 

Band 108: Frank Pitter 
Verfügbarkeitssteigerung von 
Werkzeugmaschinen durch Ein-
satz mechatronischer Sensorlösun-
gen  
FAPS, 158 Seiten, 131 Bilder, 8 Tab. 
2001. ISBN 3-87525-144-X. 

Band 109: Markus Korneli 
Integration lokaler CAP-Systeme 
in einen globalen Fertigungsdaten-
verbund 
FAPS, 121 Seiten, 53 Bilder, 11 Tab. 
2001. ISBN 3-87525-146-6. 

Band 110: Burkhard Müller 
Laserstrahljustieren mit Excimer-
Lasern - Prozeßparameter und 
Modelle zur Aktorkonstruktion 
LFT, 128 Seiten, 36 Bilder, 9 Tab. 
2001. ISBN 3-87525-159-8. 

Band 111: Jürgen Göhringer 
Integrierte Telediagnose via Inter-
net zum effizienten Service von 
Produktionssystemen 
FAPS, 178 Seiten, 98 Bilder, 5 Tab. 
2001. ISBN 3-87525-147-4. 

Band 112: Robert Feuerstein 
Qualitäts- und kosteneffiziente In-
tegration neuer Bauelementetech-
nologien in die Flachbaugruppen-
fertigung 
FAPS, 161 Seiten, 99 Bilder, 10 Tab. 
2001. ISBN 3-87525-151-2. 

Band 113: Marcus Reichenberger  
Eigenschaften und Einsatzmög-
lichkeiten alternativer Elektronik-
lote in der Oberflächenmontage 
(SMT) 
FAPS, 165 Seiten, 97 Bilder, 18 Tab. 
2001. ISBN 3-87525-152-0. 

Band 114: Alexander Huber 
Justieren vormontierter Systeme 
mit dem Nd:YAG-Laser unter Ein-
satz von Aktoren 
LFT, 122 Seiten, 58 Bilder, 5 Tab. 
2001. ISBN 3-87525-153-9. 

Band 115: Sami Krimi 
Analyse und Optimierung von 
Montagesystemen in der Elektro-
nikproduktion 
FAPS, 155 Seiten, 88 Bilder, 3 Tab. 
2001. ISBN 3-87525-157-1. 

Band 116: Marion Merklein 
Laserstrahlumformen von Alumi-
niumwerkstoffen - Beeinflussung 
der Mikrostruktur und der mecha-
nischen Eigenschaften 
LFT, 122 Seiten, 65 Bilder, 15 Tab. 
2001. ISBN 3-87525-156-3. 

Band 117: Thomas Collisi 
Ein informationslogistisches Ar-
chitekturkonzept zur Akquisition 
simulationsrelevanter Daten  
FAPS, 181 Seiten, 105 Bilder, 7 Tab. 
2002. ISBN 3-87525-164-4. 

Band 118: Markus Koch 
Rationalisierung und ergonomi-
sche Optimierung im Innenausbau 
durch den Einsatz moderner Auto-
matisierungstechnik 
FAPS, 176 Seiten, 98 Bilder, 9 Tab. 
2002. ISBN 3-87525-165-2. 

Band 119: Michael Schmidt 
Prozeßregelung für das Laser-
strahl-Punktschweißen in der 
Elektronikproduktion 
LFT, 152 Seiten, 71 Bilder, 3 Tab. 
2002. ISBN 3-87525-166-0. 

Band 120: Nicolas Tiesler 
Grundlegende Untersuchungen 
zum Fließpressen metallischer 
Kleinstteile 
LFT, 126 Seiten, 78 Bilder, 12 Tab. 
2002. ISBN 3-87525-175-X. 

Band 121: Lars Pursche 
Methoden zur technologieorien-
tierten Programmierung für die 
3D-Lasermikrobearbeitung 
LFT, 111 Seiten, 39 Bilder, 0 Tab. 
2002. ISBN 3-87525-183-0. 

Band 122: Jan-Oliver Brassel 
Prozeßkontrolle beim Laserstrahl-
Mikroschweißen 
LFT, 148 Seiten, 72 Bilder, 12 Tab. 
2002. ISBN 3-87525-181-4. 

Band 123: Mark Geisel 
Prozeßkontrolle und -steuerung 
beim Laserstrahlschweißen mit 
den Methoden der nichtlinearen 
Dynamik 
LFT, 135 Seiten, 46 Bilder, 2 Tab. 
2002. ISBN 3-87525-180-6. 

Band 124: Gerd Eßer 
Laserstrahlunterstützte Erzeugung 
metallischer Leiterstrukturen auf 
Thermoplastsubstraten für die 
MID-Technik 
LFT, 148 Seiten, 60 Bilder, 6 Tab. 
2002. ISBN 3-87525-171-7. 

Band 125: Marc Fleckenstein 
Qualität laserstrahl-gefügter 
Mikroverbindungen elektronischer 
Kontakte 
LFT, 159 Seiten, 77 Bilder, 7 Tab. 
2002. ISBN 3-87525-170-9. 

Band 126: Stefan Kaufmann 
Grundlegende Untersuchungen 
zum Nd:YAG- Laserstrahlfügen 
von Silizium für Komponenten der 
Optoelektronik 
LFT, 159 Seiten, 100 Bilder, 6 Tab. 
2002. ISBN 3-87525-172-5. 

Band 127: Thomas Fröhlich 
Simultanes Löten von Anschluß-
kontakten elektronischer Bauele-
mente mit Diodenlaserstrahlung 
LFT, 143 Seiten, 75 Bilder, 6 Tab. 
2002. ISBN 3-87525-186-5. 



Band 128: Achim Hofmann 
Erweiterung der Formgebungs-
grenzen beim Umformen von Alu-
miniumwerkstoffen durch den 
Einsatz prozessangepasster Plati-
nen  
LFT, 113 Seiten, 58 Bilder, 4 Tab. 
2002. ISBN 3-87525-182-2. 

Band 129: Ingo Kriebitzsch 
3 - D MID Technologie in der Au-
tomobilelektronik 
FAPS, 129 Seiten, 102 Bilder, 10 
Tab. 2002. ISBN 3-87525-169-5. 

Band 130: Thomas Pohl 
Fertigungsqualität und Umform-
barkeit laserstrahlgeschweißter 
Formplatinen aus Aluminiumle-
gierungen 
LFT, 133 Seiten, 93 Bilder, 12 Tab. 
2002. ISBN 3-87525-173-3. 

Band 131: Matthias Wenk 
Entwicklung eines konfigurierba-
ren Steuerungssystems für die fle-
xible Sensorführung von Industrie-
robotern 
FAPS, 167 Seiten, 85 Bilder, 1 Tab. 
2002. ISBN 3-87525-174-1. 

Band 132: Matthias Negendanck 
Neue Sensorik und Aktorik für Be-
arbeitungsköpfe zum Laserstrahl-
schweißen 
LFT, 116 Seiten, 60 Bilder, 14 Tab. 
2002. ISBN 3-87525-184-9. 

Band 133: Oliver Kreis 
Integrierte Fertigung - Verfahrens-
integration durch Innenhoch-
druck-Umformen, Trennen und 
Laserstrahlschweißen in einem 
Werkzeug sowie ihre tele- und 
multimediale Präsentation  
LFT, 167 Seiten, 90 Bilder, 43 Tab. 
2002. ISBN 3-87525-176-8. 

Band 134: Stefan Trautner 
Technische Umsetzung produkt-
bezogener Instrumente der Um-
weltpolitik bei Elektro- und Elekt-
ronikgeräten 
FAPS, 179 Seiten, 92 Bilder, 11 Tab. 
2002. ISBN 3-87525-177-6. 

Band 135: Roland Meier 
Strategien für einen produktorien-
tierten Einsatz räumlicher spritz-
gegossener Schaltungsträger (3-D 
MID) 
FAPS, 155 Seiten, 88 Bilder, 14 Tab. 
2002. ISBN 3-87525-178-4. 

Band 136: Jürgen Wunderlich 
Kostensimulation - Simulationsba-
sierte Wirtschaftlichkeitsregelung 
komplexer Produktionssysteme 
FAPS, 202 Seiten, 119 Bilder, 17 Tab. 
2002. ISBN 3-87525-179-2. 

Band 137: Stefan Novotny 
Innenhochdruck-Umformen von 
Blechen aus Aluminium- und Mag-
nesiumlegierungen bei erhöhter 
Temperatur 
LFT, 132 Seiten, 82 Bilder, 6 Tab. 
2002. ISBN 3-87525-185-7. 

Band 138: Andreas Licha 
Flexible Montageautomatisierung 
zur Komplettmontage flächenhaf-
ter Produktstrukturen durch ko-
operierende Industrieroboter 
FAPS, 158 Seiten, 87 Bilder, 8 Tab. 
2003. ISBN 3-87525-189-X. 

Band 139: Michael Eisenbarth 
Beitrag zur Optimierung der Auf-
bau- und Verbindungstechnik für 
mechatronische Baugruppen 
FAPS, 207 Seiten, 141 Bilder, 9 Tab. 
2003. ISBN 3-87525-190-3. 

Band 140: Frank Christoph 
Durchgängige simulationsge-
stützte Planung von Fertigungs-
einrichtungen der Elektronikpro-
duktion  
FAPS, 187 Seiten, 107 Bilder, 9 Tab. 
2003. ISBN 3-87525-191-1. 

Band 141: Hinnerk Hagenah 
Simulationsbasierte Bestimmung 
der zu erwartenden Maßhaltigkeit 
für das Blechbiegen 
LFT, 131 Seiten, 36 Bilder, 26 Tab. 
2003. ISBN 3-87525-192-X. 

Band 142: Ralf Eckstein 
Scherschneiden und Biegen metal-
lischer Kleinstteile - Materialein-
fluss und Materialverhalten 
LFT, 148 Seiten, 71 Bilder, 19 Tab. 
2003. ISBN 3-87525-193-8. 

Band 143: Frank H. Meyer-
Pittroff  
Excimerlaserstrahlbiegen dünner 
metallischer Folien mit homoge-
ner Lichtlinie 
LFT, 138 Seiten, 60 Bilder, 16 Tab. 
2003. ISBN 3-87525-196-2. 

Band 144: Andreas Kach 
Rechnergestützte Anpassung von 
Laserstrahlschneidbahnen an Bau-
teilabweichungen 
LFT, 139 Seiten, 69 Bilder, 11 Tab. 
2004. ISBN 3-87525-197-0. 

Band 145: Stefan Hierl 
System- und Prozeßtechnik für das 
simultane Löten mit Diodenlaser-
strahlung von elektronischen Bau-
elementen  
LFT, 124 Seiten, 66 Bilder, 4 Tab. 
2004. ISBN 3-87525-198-9. 

Band 146: Thomas Neudecker 
Tribologische Eigenschaften kera-
mischer Blechumformwerkzeuge- 
Einfluss einer Oberflächenendbe-
arbeitung mittels Excimerlaser-
strahlung  
LFT, 166 Seiten, 75 Bilder, 26 Tab. 
2004. ISBN 3-87525-200-4. 

Band 147: Ulrich Wenger 
Prozessoptimierung in der Wickel-
technik durch innovative maschi-
nenbauliche und regelungstechni-
sche Ansätze  
FAPS, 132 Seiten, 88 Bilder, 0 Tab. 
2004. ISBN 3-87525-203-9. 

Band 148: Stefan Slama 
Effizienzsteigerung in der Montage 
durch marktorientierte Monta-
gestrukturen und erweiterte Mitar-
beiterkompetenz  
FAPS, 188 Seiten, 125 Bilder, 0 Tab. 
2004. ISBN 3-87525-204-7. 

Band 149: Thomas Wurm 
Laserstrahljustieren mittels Akto-
ren-Entwicklung von Konzepten 
und Methoden für die rechnerun-
terstützte Modellierung und Opti-
mierung von komplexen Aktorsys-
temen in der Mikrotechnik 
LFT, 122 Seiten, 51 Bilder, 9 Tab. 
2004. ISBN 3-87525-206-3. 



Band 150: Martino Celeghini 
Wirkmedienbasierte Blechumfor-
mung: Grundlagenuntersuchun-
gen zum Einfluss von Werkstoff 
und Bauteilgeometrie 
LFT, 146 Seiten, 77 Bilder, 6 Tab. 
2004. ISBN 3-87525-207-1. 

Band 151: Ralph Hohenstein 
Entwurf hochdynamischer Sensor- 
und Regelsysteme für die adapti-
veLaserbearbeitung 
LFT, 282 Seiten, 63 Bilder, 16 Tab. 
2004. ISBN 3-87525-210-1. 

Band 152: Angelika Hutterer 
Entwicklung prozessüberwachen-
der Regelkreise für flexible Form-
gebungsprozesse 
LFT, 149 Seiten, 57 Bilder, 2 Tab. 
2005. ISBN 3-87525-212-8. 

Band 153: Emil Egerer 
Massivumformen metallischer 
Kleinstteile bei erhöhter Prozess-
temperatur 
LFT, 158 Seiten, 87 Bilder, 10 Tab. 
2005. ISBN 3-87525-213-6. 

Band 154: Rüdiger Holzmann 
Strategien zur nachhaltigen Opti-
mierung von Qualität und Zuver-
lässigkeit in der Fertigung hochin-
tegrierter Flachbaugruppen 
FAPS, 186 Seiten, 99 Bilder, 19 Tab. 
2005. ISBN 3-87525-217-9. 

Band 155: Marco Nock 
Biegeumformen mit Elastomer-
werkzeugen Modellierung, Pro-
zessauslegung und Abgrenzung 
des Verfahrens am Beispiel des 
Rohrbiegens 
LFT, 164 Seiten, 85 Bilder, 13 Tab. 
2005. ISBN 3-87525-218-7. 

Band 156: Frank Niebling 
Qualifizierung einer Prozesskette 
zum Laserstrahlsintern metalli-
scher Bauteile  
LFT, 148 Seiten, 89 Bilder, 3 Tab. 
2005. ISBN 3-87525-219-5. 

Band 157: Markus Meiler  
Großserientauglichkeit trocken-
schmierstoffbeschichteter Alumi-
niumbleche im Presswerk Grund-
legende Untersuchungen zur Tri-
bologie, zum Umformverhalten 
und Bauteilversuche  
LFT, 104 Seiten, 57 Bilder, 21 Tab. 
2005. ISBN 3-87525-221-7. 

Band 158: Agus Sutanto 
Solution Approaches for Planning 
of Assembly Systems in Three-Di-
mensional Virtual Environments 
FAPS, 169 Seiten, 98 Bilder, 3 Tab. 
2005. ISBN 3-87525-220-9. 

Band 159: Matthias Boiger 
Hochleistungssysteme für die Fer-
tigung elektronischer Baugruppen 
auf der Basis flexibler Schaltungs-
träger 
FAPS, 175 Seiten, 111 Bilder, 8 Tab. 
2005. ISBN 3-87525-222-5. 

Band 160: Matthias Pitz 
Laserunterstütztes Biegen höchst-
fester Mehrphasenstähle 
LFT, 120 Seiten, 73 Bilder, 11 Tab. 
2005. ISBN 3-87525-223-3. 

Band 161: Meik Vahl 
Beitrag zur gezielten Beeinflussung 
des Werkstoffflusses beim Innen-
hochdruck-Umformen von Ble-
chen 
LFT, 165 Seiten, 94 Bilder, 15 Tab. 
2005. ISBN 3-87525-224-1. 

Band 162: Peter K. Kraus 
Plattformstrategien - Realisierung 
einer varianz- und kostenoptimier-
ten Wertschöpfung 
FAPS, 181 Seiten, 95 Bilder, 0 Tab. 
2005. ISBN 3-87525-226-8. 

Band 163: Adrienn Cser 
Laserstrahlschmelzabtrag - Pro-
zessanalyse und -modellierung 
LFT, 146 Seiten, 79 Bilder, 3 Tab. 
2005. ISBN 3-87525-227-6. 

Band 164: Markus C. Hahn 
Grundlegende Untersuchungen 
zur Herstellung von Leichtbauver-
bundstrukturen mit Aluminium-
schaumkern  
LFT, 143 Seiten, 60 Bilder, 16 Tab. 
2005. ISBN 3-87525-228-4. 

Band 165: Gordana Michos 
Mechatronische Ansätze zur Opti-
mierung von Vorschubachsen 
FAPS, 146 Seiten, 87 Bilder, 17 Tab. 
2005. ISBN 3-87525-230-6. 

Band 166: Markus Stark 
Auslegung und Fertigung hochprä-
ziser Faser-Kollimator-Arrays 
LFT, 158 Seiten, 115 Bilder, 11 Tab. 
2005. ISBN 3-87525-231-4. 

Band 167: Yurong Zhou 
Kollaboratives Engineering Ma-
nagement in der integrierten virtu-
ellen Entwicklung der Anlagen für 
die Elektronikproduktion 
FAPS, 156 Seiten, 84 Bilder, 6 Tab. 
2005. ISBN 3-87525-232-2. 

Band 168: Werner Enser 
Neue Formen permanenter und 
lösbarer elektrischer Kontaktie-
rungen für mechatronische Bau-
gruppen  
FAPS, 190 Seiten, 112 Bilder, 5 Tab. 
2005. ISBN 3-87525-233-0. 

Band 169: Katrin Melzer 
Integrierte Produktpolitik bei 
elektrischen und elektronischen 
Geräten zur Optimierung des Pro-
duct-Life-Cycle 
FAPS, 155 Seiten, 91 Bilder, 17 Tab. 
2005. ISBN 3-87525-234-9. 

Band 170: Alexander Putz 
Grundlegende Untersuchungen 
zur Erfassung der realen Vorspan-
nung von armierten Kaltfließpress-
werkzeugen mittels Ultraschall 
LFT, 137 Seiten, 71 Bilder, 15 Tab. 
2006. ISBN 3-87525-237-3. 

Band 171: Martin Prechtl 
Automatisiertes Schichtverfahren 
für metallische Folien - System- 
und Prozesstechnik 
LFT, 154 Seiten, 45 Bilder, 7 Tab. 
2006. ISBN 3-87525-238-1. 

Band 172: Markus Meidert 
Beitrag zur deterministischen Le-
bensdauerabschätzung von Werk-
zeugen der Kaltmassivumformung 
LFT, 131 Seiten, 78 Bilder, 9 Tab. 
2006. ISBN 3-87525-239-X. 

Band 173: Bernd Müller 
Robuste, automatisierte Montage-
systeme durch adaptive Prozess-
führung und montageübergrei-
fende Fehlerprävention am Bei-
spiel flächiger Leichtbauteile 
FAPS, 147 Seiten, 77 Bilder, 0 Tab. 
2006. ISBN 3-87525-240-3. 

Band 174: Alexander Hofmann 
Hybrides Laserdurchstrahlschwei-
ßen von Kunststoffen 
LFT, 136 Seiten, 72 Bilder, 4 Tab. 
2006. ISBN 978-3-87525-243-9. 



Band 175: Peter Wölflick 
Innovative Substrate und Prozesse 
mit feinsten Strukturen für blei-
freie Mechatronik-Anwendungen 
FAPS, 177 Seiten, 148 Bilder, 24 
Tab. 2006. 
ISBN 978-3-87525-246-0. 

Band 176: Attila Komlodi 
Detection and Prevention of Hot 
Cracks during Laser Welding of 
Aluminium Alloys Using Advanced 
Simulation Methods  
LFT, 155 Seiten, 89 Bilder, 14 Tab. 
2006. ISBN 978-3-87525-248-4. 

Band 177: Uwe Popp 
Grundlegende Untersuchungen 
zum Laserstrahlstrukturieren von 
Kaltmassivumformwerkzeugen 
LFT, 140 Seiten, 67 Bilder, 16 Tab. 
2006. ISBN 978-3-87525-249-1. 

Band 178: Veit Rückel 
Rechnergestützte Ablaufplanung 
und Bahngenerierung Für koope-
rierende Industrieroboter 
FAPS, 148 Seiten, 75 Bilder, 7 Tab. 
2006. ISBN 978-3-87525-250-7. 

Band 179: Manfred Dirscherl 
Nicht-thermische Mikrojustier-
technik mittels ultrakurzer Laser-
pulse 
LFT, 154 Seiten, 69 Bilder, 10 Tab. 
2007. ISBN 978-3-87525-251-4. 

Band 180: Yong Zhuo 
Entwurf eines rechnergestützten 
integrierten Systems für Konstruk-
tion und Fertigungsplanung räum-
licher spritzgegossener Schal-
tungsträger (3D-MID)  
FAPS, 181 Seiten, 95 Bilder, 5 Tab. 
2007. ISBN 978-3-87525-253-8. 

Band 181: Stefan Lang 
Durchgängige Mitarbeiterinforma-
tion zur Steigerung von Effizienz 
und Prozesssicherheit in der Pro-
duktion 
FAPS, 172 Seiten, 93 Bilder. 2007. 
ISBN 978-3-87525-257-6. 

Band 182: Hans-Joachim Krauß 
Laserstrahlinduzierte Pyrolyse prä-
keramischer Polymere 
LFT, 171 Seiten, 100 Bilder. 2007. 
ISBN 978-3-87525-258-3. 

Band 183: Stefan Junker 
Technologien und Systemlösungen 
für die flexibel automatisierte Be-
stückung permanent erregter Läu-
fer mit oberflächenmontierten 
Dauermagneten 
FAPS, 173 Seiten, 75 Bilder. 2007. 
ISBN 978-3-87525-259-0. 

Band 184: Rainer Kohlbauer 
Wissensbasierte Methoden für die 
simulationsgestützte Auslegung 
wirkmedienbasierter Blechum-
formprozesse 
LFT, 135 Seiten, 50 Bilder. 2007. 
ISBN 978-3-87525-260-6. 

Band 185: Klaus Lamprecht 
Wirkmedienbasierte Umformung 
tiefgezogener Vorformen unter be-
sonderer Berücksichtigung maßge-
schneiderter Halbzeuge 
LFT, 137 Seiten, 81 Bilder. 2007. 
ISBN 978-3-87525-265-1. 

Band 186: Bernd Zolleiß 
Optimierte Prozesse und Systeme 
für die Bestückung mechatroni-
scherBaugruppen 
FAPS, 180 Seiten, 117 Bilder. 2007. 
ISBN 978-3-87525-266-8. 

Band 187: Michael Kerausch 
Simulationsgestützte Prozessausle-
gung für das Umformen lokal wär-
mebehandelter Aluminiumplati-
nen 
LFT, 146 Seiten, 76 Bilder, 7 Tab. 
2007. ISBN 978-3-87525-267-5. 

Band 188: Matthias Weber 
Unterstützung der Wandlungsfä-
higkeit von Produktionsanlagen 
durch innovative Softwaresysteme 
FAPS, 183 Seiten, 122 Bilder, 3 Tab. 
2007. ISBN 978-3-87525-269-9. 

Band 189: Thomas Frick 
Untersuchung der prozessbestim-
menden Strahl-Stoff-Wechselwir-
kungen beim Laserstrahlschwei-
ßen von Kunststoffen 
LFT, 104 Seiten, 62 Bilder, 8 Tab. 
2007. ISBN 978-3-87525-268-2. 

Band 190: Joachim Hecht 
Werkstoffcharakterisierung und 
Prozessauslegung für die wirk-
medienbasierte Doppelblech-Um-
formung von Magnesiumlegierun-
gen 
LFT, 107 Seiten, 91 Bilder, 2 Tab. 
2007. ISBN 978-3-87525-270-5. 

Band 191: Ralf Völkl 
Stochastische Simulation zur 
Werkzeuglebensdaueroptimierung 
und Präzisionsfertigung in der 
Kaltmassivumformung 
LFT, 178 Seiten, 75 Bilder, 12 Tab. 
2008. ISBN 978-3-87525-272-9. 

Band 192: Massimo Tolazzi 
Innenhochdruck-Umformen ver-
stärkter Blech-Rahmenstrukturen 
LFT, 164 Seiten, 85 Bilder, 7 Tab. 
2008. ISBN 978-3-87525-273-6. 

Band 193: Cornelia Hoff 
Untersuchung der Prozesseinfluss-
größen beim Presshärten des 
höchstfesten Vergütungsstahls 
22MnB5  
LFT, 133 Seiten, 92 Bilder, 5 Tab. 
2008. ISBN 978-3-87525-275-0. 

Band 194: Christian Alvarez 
Simulationsgestützte Methoden 
zur effizienten Gestaltung von Löt-
prozessen in der Elektronikpro-
duktion 
FAPS, 149 Seiten, 86 Bilder, 8 Tab. 
2008. ISBN 978-3-87525-277-4. 

Band 195: Andreas Kunze 
Automatisierte Montage von mak-
romechatronischen Modulen zur 
flexiblen Integration in hybride 
Pkw-Bordnetzsysteme 
FAPS, 160 Seiten, 90 Bilder, 14 Tab. 
2008. ISBN 978-3-87525-278-1. 

Band 196: Wolfgang Hußnätter 
Grundlegende Untersuchungen 
zur experimentellen Ermittlung 
und zur Modellierung von Fließ-
ortkurven bei erhöhten Tempera-
turen  
LFT, 152 Seiten, 73 Bilder, 21 Tab. 
2008. ISBN 978-3-87525-279-8. 



Band 197: Thomas Bigl 
Entwicklung, angepasste Herstel-
lungsverfahren und erweiterte 
Qualitätssicherung von einsatzge-
rechten elektronischen Baugrup-
pen 
FAPS, 175 Seiten, 107 Bilder, 14 Tab. 
2008. ISBN 978-3-87525-280-4. 

Band 198: Stephan Roth 
Grundlegende Untersuchungen 
zum Excimerlaserstrahl-Abtragen 
unter Flüssigkeitsfilmen 
LFT, 113 Seiten, 47 Bilder, 14 Tab. 
2008. ISBN 978-3-87525-281-1. 

Band 199: Artur Giera 
Prozesstechnische Untersuchun-
gen zum Rührreibschweißen me-
tallischer Werkstoffe 
LFT, 179 Seiten, 104 Bilder, 36 Tab. 
2008. ISBN 978-3-87525-282-8. 

Band 200: Jürgen Lechler 
Beschreibung und Modellierung 
des Werkstoffverhaltens von press-
härtbaren Bor-Manganstählen 
LFT, 154 Seiten, 75 Bilder, 12 Tab. 
2009. ISBN 978-3-87525-286-6. 

Band 201: Andreas Blankl 
Untersuchungen zur Erhöhung der 
Prozessrobustheit bei der Innen-
hochdruck-Umformung von flä-
chigen Halbzeugen mit vor- bzw. 
nachgeschalteten Laserstrahlfüge-
operationen 
LFT, 120 Seiten, 68 Bilder, 9 Tab. 
2009. ISBN 978-3-87525-287-3. 

Band 202: Andreas Schaller 
Modellierung eines nachfrageori-
entierten Produktionskonzeptes 
für mobile Telekommunikations-
geräte 
FAPS, 120 Seiten, 79 Bilder, 0 Tab. 
2009. ISBN 978-3-87525-289-7. 

Band 203: Claudius Schimpf 
Optimierung von Zuverlässigkeits-
untersuchungen, Prüfabläufen und 
Nacharbeitsprozessen in der Elekt-
ronikproduktion 
FAPS, 162 Seiten, 90 Bilder, 14 Tab. 
2009. ISBN 978-3-87525-290-3. 

Band 204: Simon Dietrich 
Sensoriken zur Schwerpunktslage-
bestimmung der optischen Prozes-
semissionen beim Laserstrahltief-
schweißen 
LFT, 138 Seiten, 70 Bilder, 5 Tab. 
2009. ISBN 978-3-87525-292-7. 

Band 205: Wolfgang Wolf 
Entwicklung eines agentenbasier-
ten Steuerungssystems zur Materi-
alflussorganisation im wandelba-
ren Produktionsumfeld 
FAPS, 167 Seiten, 98 Bilder. 2009. 
ISBN 978-3-87525-293-4. 

Band 206: Steffen Polster  
Laserdurchstrahlschweißen trans-
parenter Polymerbauteile 
LFT, 160 Seiten, 92 Bilder, 13 Tab. 
2009. ISBN 978-3-87525-294-1. 

Band 207: Stephan Manuel 
Dörfler 
Rührreibschweißen von walzplat-
tiertem Halbzeug und Aluminium-
blech zur Herstellung flächiger 
Aluminiumschaum-Sandwich-Ver-
bundstrukturen  
LFT, 190 Seiten, 98 Bilder, 5 Tab. 
2009. ISBN 978-3-87525-295-8. 

Band 208: Uwe Vogt 
Seriennahe Auslegung von Alumi-
nium Tailored Heat Treated 
Blanks 
LFT, 151 Seiten, 68 Bilder, 26 Tab. 
2009. ISBN 978-3-87525-296-5. 

Band 209: Till Laumann 
Qualitative und quantitative Be-
wertung der Crashtauglichkeit von 
höchstfesten Stählen 
LFT, 117 Seiten, 69 Bilder, 7 Tab. 
2009. ISBN 978-3-87525-299-6. 

Band 210: Alexander Diehl 
Größeneffekte bei Biegeprozessen- 
Entwicklung einer Methodik zur 
Identifikation und Quantifizierung  
LFT, 180 Seiten, 92 Bilder, 12 Tab. 
2010. ISBN 978-3-87525-302-3. 

Band 211: Detlev Staud 
Effiziente Prozesskettenauslegung 
für das Umformen lokal wärmebe-
handelter und geschweißter Alu-
miniumbleche 
LFT, 164 Seiten, 72 Bilder, 12 Tab. 
2010. ISBN 978-3-87525-303-0. 

Band 212: Jens Ackermann 
Prozesssicherung beim Laser-
durchstrahlschweißen thermoplas-
tischer Kunststoffe 
LPT, 129 Seiten, 74 Bilder, 13 Tab. 
2010. ISBN 978-3-87525-305-4. 

Band 213: Stephan Weidel 
Grundlegende Untersuchungen 
zum Kontaktzustand zwischen 
Werkstück und Werkzeug bei um-
formtechnischen Prozessen unter 
tribologischen Gesichtspunkten  
LFT, 144 Seiten, 67 Bilder, 11 Tab. 
2010. ISBN 978-3-87525-307-8. 

Band 214: Stefan Geißdörfer 
Entwicklung eines mesoskopi-
schen Modells zur Abbildung von 
Größeneffekten in der Kaltmassiv-
umformung mit Methoden der FE-
Simulation 
LFT, 133 Seiten, 83 Bilder, 11 Tab. 
2010. ISBN 978-3-87525-308-5. 

Band 215: Christian Matzner 
Konzeption produktspezifischer 
Lösungen zur Robustheitssteige-
rung elektronischer Systeme gegen 
die Einwirkung von Betauung im 
Automobil 
FAPS, 165 Seiten, 93 Bilder, 14 Tab. 
2010. ISBN 978-3-87525-309-2. 

Band 216: Florian Schüßler 
Verbindungs- und Systemtechnik 
für thermisch hochbeanspruchte 
und miniaturisierte elektronische 
Baugruppen 
FAPS, 184 Seiten, 93 Bilder, 18 Tab. 
2010. ISBN 978-3-87525-310-8. 

Band 217: Massimo Cojutti 
Strategien zur Erweiterung der 
Prozessgrenzen bei der Innhoch-
druck-Umformung von Rohren 
und Blechpaaren 
LFT, 125 Seiten, 56 Bilder, 9 Tab. 
2010. ISBN 978-3-87525-312-2. 

Band 218: Raoul Plettke 
Mehrkriterielle Optimierung kom-
plexer Aktorsysteme für das Laser-
strahljustieren 
LFT, 152 Seiten, 25 Bilder, 3 Tab. 
2010. ISBN 978-3-87525-315-3. 



Band 219: Andreas Dobroschke 
Flexible Automatisierungslösun-
gen für die Fertigung wickeltechni-
scher Produkte 
FAPS, 184 Seiten, 109 Bilder, 18 
Tab. 2011. ISBN 978-3-87525-317-7. 

Band 220: Azhar Zam 
Optical Tissue Differentiation for 
Sensor-Controlled Tissue-Specific 
Laser Surgery 
LPT, 99 Seiten, 45 Bilder, 8 Tab. 
2011. ISBN 978-3-87525-318-4. 

Band 221: Michael Rösch 
Potenziale und Strategien zur Op-
timierung des Schablonendruck-
prozesses in der Elektronikpro-
duktion  
FAPS, 192 Seiten, 127 Bilder, 19 Tab. 
2011. ISBN 978-3-87525-319-1. 

Band 222: Thomas Rechtenwald 
Quasi-isothermes Laserstrahlsin-
tern von Hochtemperatur-Ther-
moplasten - Eine Betrachtung 
werkstoff-prozessspezifischer As-
pekte am Beispiel PEEK  
LPT, 150 Seiten, 62 Bilder, 8 Tab. 
2011. ISBN 978-3-87525-320-7. 

Band 223: Daniel Craiovan 
Prozesse und Systemlösungen für 
die SMT-Montage optischer Bau-
elemente auf Substrate mit inte-
grierten Lichtwellenleitern 
FAPS, 165 Seiten, 85 Bilder, 8 Tab. 
2011. ISBN 978-3-87525-324-5. 

Band 224: Kay Wagner 
Beanspruchungsangepasste Kalt-
massivumformwerkzeuge durch 
lokal optimierte Werkzeugoberflä-
chen 
LFT, 147 Seiten, 103 Bilder, 17 Tab. 
2011. ISBN 978-3-87525-325-2. 

Band 225: Martin Brandhuber 
Verbesserung der Prognosegüte 
des Versagens von Punktschweiß-
verbindungen bei höchstfesten 
Stahlgüten 
LFT, 155 Seiten, 91 Bilder, 19 Tab. 
2011. ISBN 978-3-87525-327-6. 

Band 226: Peter Sebastian 
Feuser 
Ein Ansatz zur Herstellung von 
pressgehärteten Karosseriekompo-
nenten mit maßgeschneiderten 
mechanischen Eigenschaften: 
Temperierte Umformwerkzeuge. 
Prozessfenster, Prozesssimuation 
und funktionale Untersuchung 
LFT, 195 Seiten, 97 Bilder, 60 Tab. 
2012. ISBN 978-3-87525-328-3. 

Band 227: Murat Arbak 
Material Adapted Design of Cold 
Forging Tools Exemplified by Pow-
der Metallurgical Tool Steels and 
Ceramics 
LFT, 109 Seiten, 56 Bilder, 8 Tab. 
2012. ISBN 978-3-87525-330-6. 

Band 228: Indra Pitz 
Beschleunigte Simulation des La-
serstrahlumformens von Alumini-
umblechen 
LPT, 137 Seiten, 45 Bilder, 27 Tab. 
2012. ISBN 978-3-87525-333-7. 

Band 229: Alexander Grimm 
Prozessanalyse und -überwachung 
des Laserstrahlhartlötens mittels 
optischer Sensorik 
LPT, 125 Seiten, 61 Bilder, 5 Tab. 
2012. ISBN 978-3-87525-334-4. 

Band 230: Markus Kaupper 
Biegen von höhenfesten Stahl-
blechwerkstoffen - Umformverhal-
ten und Grenzen der Biegbarkeit 
LFT, 160 Seiten, 57 Bilder, 10 Tab. 
2012. ISBN 978-3-87525-339-9. 

Band 231: Thomas Kroiß 
Modellbasierte Prozessauslegung 
für die Kaltmassivumformung un-
ter Brücksichtigung der Werk-
zeug- und Pressenauffederung 
LFT, 169 Seiten, 50 Bilder, 19 Tab. 
2012. ISBN 978-3-87525-341-2. 

Band 232: Christian Goth 
Analyse und Optimierung der Ent-
wicklung und Zuverlässigkeit 
räumlicher Schaltungsträger (3D-
MID) 
FAPS, 176 Seiten, 102 Bilder, 22 
Tab. 2012. ISBN 978-3-87525-340-5. 

Band 233: Christian Ziegler 
Ganzheitliche Automatisierung 
mechatronischer Systeme in der 
Medizin am Beispiel Strahlenthe-
rapie 
FAPS, 170 Seiten, 71 Bilder, 19 Tab. 
2012. ISBN 978-3-87525-342-9. 

Band 234: Florian Albert 
Automatisiertes Laserstrahllöten 
und -reparaturlöten elektronischer 
Baugruppen 
LPT, 127 Seiten, 78 Bilder, 11 Tab. 
2012. ISBN 978-3-87525-344-3. 

Band 235: Thomas Stöhr 
Analyse und Beschreibung des me-
chanischen Werkstoffverhaltens 
von presshärtbaren Bor-Mangan-
stählen 
LFT, 118 Seiten, 74 Bilder, 18 Tab. 
2013. ISBN 978-3-87525-346-7. 

Band 236: Christian Kägeler 
Prozessdynamik beim Laserstrahl-
schweißen verzinkter Stahlbleche 
im Überlappstoß 
LPT, 145 Seiten, 80 Bilder, 3 Tab. 
2013. ISBN 978-3-87525-347-4. 

Band 237: Andreas Sulzberger 
Seriennahe Auslegung der Prozess-
kette zur wärmeunterstützten Um-
formung von Aluminiumblech-
werkstoffen 
LFT, 153 Seiten, 87 Bilder, 17 Tab. 
2013. ISBN 978-3-87525-349-8. 

Band 238: Simon Opel 
Herstellung prozessangepasster 
Halbzeuge mit variabler Blechdi-
cke durch die Anwendung von 
Verfahren der Blechmassivumfor-
mung 
LFT, 165 Seiten, 108 Bilder, 27 Tab. 
2013. ISBN 978-3-87525-350-4. 

Band 239: Rajesh Kanawade 
In-vivo Monitoring of Epithelium 
Vessel and Capillary Density for 
the Application of Detection of 
Clinical Shock and Early Signs of 
Cancer Development 
LPT, 124 Seiten, 58 Bilder, 15 Tab. 
2013. ISBN 978-3-87525-351-1. 

Band 240: Stephan Busse 
Entwicklung und Qualifizierung 
eines Schneidclinchverfahrens 
LFT, 119 Seiten, 86 Bilder, 20 Tab. 
2013. ISBN 978-3-87525-352-8. 



Band 241: Karl-Heinz Leitz 
Mikro- und Nanostrukturierung 
mit kurz und ultrakurz gepulster 
Laserstrahlung 
LPT, 154 Seiten, 71 Bilder, 9 Tab. 
2013. ISBN 978-3-87525-355-9. 

Band 242: Markus Michl 
Webbasierte Ansätze zur ganzheit-
lichen technischen Diagnose 
FAPS, 182 Seiten, 62 Bilder, 20 Tab. 
2013. ISBN 978-3-87525-356-6. 

Band 243: Vera Sturm 
Einfluss von Chargenschwankun-
gen auf die Verarbeitungsgrenzen 
von Stahlwerkstoffen 
LFT, 113 Seiten, 58 Bilder, 9 Tab. 
2013. ISBN 978-3-87525-357-3. 

Band 244: Christian Neudel 
Mikrostrukturelle und mecha-
nisch-technologische Eigenschaf-
ten widerstandspunktgeschweiß-
ter Aluminium-Stahl-Verbindun-
gen für den Fahrzeugbau 
LFT, 178 Seiten, 171 Bilder, 31 Tab. 
2014. ISBN 978-3-87525-358-0. 

Band 245: Anja Neumann 
Konzept zur Beherrschung der 
Prozessschwankungen im Press-
werk 
LFT, 162 Seiten, 68 Bilder, 15 Tab. 
2014. ISBN 978-3-87525-360-3. 

Band 246: Ulf-Hermann 
Quentin 
Laserbasierte Nanostrukturierung 
mit optisch positionierten Mikro-
linsen 
LPT, 137 Seiten, 89 Bilder, 6 Tab. 
2014. ISBN 978-3-87525-361-0. 

Band 247: Erik Lamprecht 
Der Einfluss der Fertigungsverfah-
ren auf die Wirbelstromverluste 
von Stator-Einzelzahnblechpake-
ten für den Einsatz in Hybrid- und 
Elektrofahrzeugen 
FAPS, 148 Seiten, 138 Bilder, 4 Tab. 
2014. ISBN 978-3-87525-362-7. 

Band 248: Sebastian Rösel 
Wirkmedienbasierte Umformung 
von Blechhalbzeugen unter An-
wendung magnetorheologischer 
Flüssigkeiten als kombiniertes 
Wirk- und Dichtmedium 
LFT, 148 Seiten, 61 Bilder, 12 Tab. 
2014. ISBN 978-3-87525-363-4. 

Band 249: Paul Hippchen 
Simulative Prognose der Geomet-
rie indirekt pressgehärteter Karos-
seriebauteile für die industrielle 
Anwendung 
LFT, 163 Seiten, 89 Bilder, 12 Tab. 
2014. ISBN 978-3-87525-364-1. 

Band 250: Martin Zubeil 
Versagensprognose bei der Pro-
zesssimulation von Biegeumform- 
und Falzverfahren 
LFT, 171 Seiten, 90 Bilder, 5 Tab. 
2014. ISBN 978-3-87525-365-8. 

Band 251: Alexander Kühl 
Flexible Automatisierung der Sta-
torenmontage mit Hilfe einer uni-
versellen ambidexteren Kinematik 
FAPS, 142 Seiten, 60 Bilder, 26 Tab. 
2014. ISBN 978-3-87525-367-2. 

Band 252: Thomas Albrecht 
Optimierte Fertigungstechnolo-
gien für Rotoren getriebeintegrier-
ter PM-Synchronmotoren von 
Hybridfahrzeugen 
FAPS, 198 Seiten, 130 Bilder, 38 
Tab. 2014. ISBN 978-3-87525-368-9. 

Band 253: Florian Risch 
Planning and Production Concepts 
for Contactless Power Transfer 
Systems for Electric Vehicles 
FAPS, 185 Seiten, 125 Bilder, 13 Tab. 
2014. ISBN 978-3-87525-369-6. 

Band 254: Markus Weigl 
Laserstrahlschweißen von Misch-
verbindungen aus austenitischen 
und ferritischen korrosionsbestän-
digen Stahlwerkstoffen 
LPT, 184 Seiten, 110 Bilder, 6 Tab. 
2014. ISBN 978-3-87525-370-2. 

Band 255: Johannes Noneder 
Beanspruchungserfassung für die 
Validierung von FE-Modellen zur 
Auslegung von Massivumform-
werkzeugen 
LFT, 161 Seiten, 65 Bilder, 14 Tab. 
2014. ISBN 978-3-87525-371-9. 

Band 256: Andreas Reinhardt 
Ressourceneffiziente Prozess- und 
Produktionstechnologie für fle-
xible Schaltungsträger 
FAPS, 123 Seiten, 69 Bilder, 19 Tab. 
2014. ISBN 978-3-87525-373-3. 

Band 257: Tobias Schmuck 
Ein Beitrag zur effizienten Gestal-
tung globaler Produktions- und 
Logistiknetzwerke mittels Simula-
tion 
FAPS, 151 Seiten, 74 Bilder. 2014. 
ISBN 978-3-87525-374-0. 

Band 258: Bernd Eichenhüller 
Untersuchungen der Effekte und 
Wechselwirkungen charakteristi-
scher Einflussgrößen auf das Um-
formverhalten bei Mikroumform-
prozessen 
LFT, 127 Seiten, 29 Bilder, 9 Tab. 
2014. ISBN 978-3-87525-375-7. 

Band 259: Felix Lütteke 
Vielseitiges autonomes Transport-
system basierend auf Weltmo-
dellerstellung mittels Datenfusion 
von Deckenkameras und Fahr-
zeugsensoren 
FAPS, 152 Seiten, 54 Bilder, 20 Tab. 
2014. ISBN 978-3-87525-376-4. 

Band 260: Martin Grüner 
Hochdruck-Blechumformung mit 
formlos festen Stoffen als Wirkme-
dium 
LFT, 144 Seiten, 66 Bilder, 29 Tab. 
2014. ISBN 978-3-87525-379-5. 

Band 261: Christian Brock 
Analyse und Regelung des Laser-
strahltiefschweißprozesses durch 
Detektion der Metalldampffackel-
position 
LPT, 126 Seiten, 65 Bilder, 3 Tab. 
2015. ISBN 978-3-87525-380-1. 

Band 262: Peter Vatter 
Sensitivitätsanalyse des 3-Rollen-
Schubbiegens auf Basis der Finite 
Elemente Methode 
LFT, 145 Seiten, 57 Bilder, 26 Tab. 
2015. ISBN 978-3-87525-381-8. 

Band 263: Florian Klämpfl 
Planung von Laserbestrahlungen 
durch simulationsbasierte Opti-
mierung 
LPT, 169 Seiten, 78 Bilder, 32 Tab. 
2015. ISBN 978-3-87525-384-9. 

Band 264: Matthias Domke 
Transiente physikalische Mecha-
nismen bei der Laserablation von 
dünnen Metallschichten 
LPT, 133 Seiten, 43 Bilder, 3 Tab. 
2015. ISBN 978-3-87525-385-6. 



Band 265: Johannes Götz 
Community-basierte Optimierung 
des Anlagenengineerings 
FAPS, 177 Seiten, 80 Bilder, 30 Tab. 
2015. ISBN 978-3-87525-386-3. 

Band 266: Hung Nguyen 
Qualifizierung des Potentials von 
Verfestigungseffekten zur Erweite-
rung des Umformvermögens aus-
härtbarer Aluminiumlegierungen 
LFT, 137 Seiten, 57 Bilder, 16 Tab. 
2015. ISBN 978-3-87525-387-0. 

Band 267: Andreas Kuppert 
Erweiterung und Verbesserung 
von Versuchs- und Auswertetech-
niken für die Bestimmung von 
Grenzformänderungskurven 
LFT, 138 Seiten, 82 Bilder, 2 Tab. 
2015. ISBN 978-3-87525-388-7. 

Band 268: Kathleen Klaus 
Erstellung eines Werkstofforien-
tierten Fertigungsprozessfensters 
zur Steigerung des Formgebungs-
vermögens von Alumi-niumlegie-
rungen unter Anwendung einer 
zwischengeschalteten Wärmebe-
handlung 
LFT, 154 Seiten, 70 Bilder, 8 Tab. 
2015. ISBN 978-3-87525-391-7. 

Band 269: Thomas Svec 
Untersuchungen zur Herstellung 
von funktionsoptimierten Bautei-
len im partiellen Presshärtprozess 
mittels lokal unterschiedlich tem-
perierter Werkzeuge 
LFT, 166 Seiten, 87 Bilder, 15 Tab. 
2015. ISBN 978-3-87525-392-4. 

Band 270: Tobias Schrader 
Grundlegende Untersuchungen 
zur Verschleißcharakterisierung 
beschichteter Kaltmassivumform-
werkzeuge 
LFT, 164 Seiten, 55 Bilder, 11 Tab. 
2015. ISBN 978-3-87525-393-1. 

Band 271: Matthäus Brela 
Untersuchung von Magnetfeld-
Messmethoden zur ganzheitlichen 
Wertschöpfungsoptimierung und 
Fehlerdetektion an magnetischen 
Aktoren 
FAPS, 170 Seiten, 97 Bilder, 4 Tab. 
2015. ISBN 978-3-87525-394-8. 

Band 272: Michael Wieland 
Entwicklung einer Methode zur 
Prognose adhäsiven Verschleißes 
an Werkzeugen für das direkte 
Presshärten 
LFT, 156 Seiten, 84 Bilder, 9 Tab. 
2015. ISBN 978-3-87525-395-5. 

Band 273: René Schramm 
Strukturierte additive Metallisie-
rung durch kaltaktives Atmosphä-
rendruckplasma 
FAPS, 136 Seiten, 62 Bilder, 15 Tab. 
2015. ISBN 978-3-87525-396-2. 

Band 274: Michael Lechner 
Herstellung beanspruchungsange-
passter Aluminiumblechhalbzeuge 
durch eine maßgeschneiderte Va-
riation der Abkühlgeschwindigkeit 
nach Lösungsglühen 
LFT, 136 Seiten, 62 Bilder, 15 Tab. 
2015. ISBN 978-3-87525-397-9. 

Band 275: Kolja Andreas 
Einfluss der Oberflächenbeschaf-
fenheit auf das Werkzeugeinsatz-
verhalten beim Kaltfließpressen 
LFT, 169 Seiten, 76 Bilder, 4 Tab. 
2015. ISBN 978-3-87525-398-6. 

Band 276: Marcus Baum 
Laser Consolidation of ITO Nano-
particles for the Generation of 
Thin Conductive Layers on Trans-
parent Substrates 
LPT, 158 Seiten, 75 Bilder, 3 Tab. 
2015. ISBN 978-3-87525-399-3. 

Band 277: Thomas Schneider 
Umformtechnische Herstellung 
dünnwandiger Funktionsbauteile 
aus Feinblech durch Verfahren der 
Blechmassivumformung 
LFT, 188 Seiten, 95 Bilder, 7 Tab. 
2015. ISBN 978-3-87525-401-3. 

Band 278: Jochen Merhof 
Sematische Modellierung automa-
tisierter Produktionssysteme zur 
Verbesserung der IT-Integration 
zwischen Anlagen-Engineering 
und Steuerungsebene 
FAPS, 157 Seiten, 88 Bilder, 8 Tab. 
2015. ISBN 978-3-87525-402-0. 

Band 279: Fabian Zöller 
Erarbeitung von Grundlagen zur 
Abbildung des tribologischen Sys-
tems in der Umformsimulation 
LFT, 126 Seiten, 51 Bilder, 3 Tab. 
2016. ISBN 978-3-87525-403-7. 

Band 280: Christian Hezler 
Einsatz technologischer Versuche 
zur Erweiterung der Versagensvor-
hersage bei Karosseriebauteilen 
aus höchstfesten Stählen 
LFT, 147 Seiten, 63 Bilder, 44 Tab. 
2016. ISBN 978-3-87525-404-4. 

Band 281: Jochen Bönig 
Integration des Systemverhaltens 
von Automobil-Hochvoltleitungen 
in die virtuelle Absicherung durch 
strukturmechanische Simulation 
FAPS, 177 Seiten, 107 Bilder, 17 Tab. 
2016. ISBN 978-3-87525-405-1. 

Band 282: Johannes Kohl 
Automatisierte Datenerfassung für 
diskret ereignisorientierte Simula-
tionen in der energieflexibelen 
Fabrik 
FAPS, 160 Seiten, 80 Bilder, 27 Tab. 
2016. ISBN 978-3-87525-406-8. 

Band 283: Peter Bechtold 
Mikroschockwellenumformung 
mittels ultrakurzer Laserpulse 
LPT, 155 Seiten, 59 Bilder, 10 Tab. 
2016. ISBN 978-3-87525-407-5. 

Band 284: Stefan Berger 
Laserstrahlschweißen thermoplas-
tischer Kohlenstofffaserverbund-
werkstoffe mit spezifischem Zu-
satzdraht 
LPT, 118 Seiten, 68 Bilder, 9 Tab. 
2016. ISBN 978-3-87525-408-2. 

Band 285: Martin Bornschlegl 
Methods-Energy Measurement - 
Eine Methode zur Energieplanung 
für Fügeverfahren im Karosserie-
bau 
FAPS, 136 Seiten, 72 Bilder, 46 Tab. 
2016. ISBN 978-3-87525-409-9. 

Band 286: Tobias Rackow 
Erweiterung des Unterneh-
menscontrollings um die Dimen-
sion Energie 
FAPS, 164 Seiten, 82 Bilder, 29 Tab. 
2016. ISBN 978-3-87525-410-5. 

Band 287: Johannes Koch 
Grundlegende Untersuchungen 
zur Herstellung zyklisch-symmet-
rischer Bauteile mit Nebenform-
elementen durch Blechmassivum-
formung 
LFT, 125 Seiten, 49 Bilder, 17 Tab. 
2016. ISBN 978-3-87525-411-2. 



Band 288: Hans Ulrich 
Vierzigmann 
Beitrag zur Untersuchung der tri-
bologischen Bedingungen in der 
Blechmassivumformung - Bereit-
stellung von tribologischen Mo-
dellversuchen und Realisierung 
von Tailored Surfaces  
LFT, 174 Seiten, 102 Bilder, 34 Tab. 
2016. ISBN 978-3-87525-412-9. 

Band 289: Thomas Senner 
Methodik zur virtuellen Absiche-
rung der formgebenden Operation 
des Nasspressprozesses von Ge-
lege-Mehrschichtverbunden 
LFT, 156 Seiten, 96 Bilder, 21 Tab. 
2016. ISBN 978-3-87525-414-3. 

Band 290: Sven Kreitlein 
Der grundoperationsspezifische 
Mindestenergiebedarf als Refe-
renzwert zur Bewertung der Ener-
gieeffizienz in der Produktion 
FAPS, 185 Seiten, 64 Bilder, 30 Tab. 
2016. ISBN 978-3-87525-415-0. 

Band 291: Christian Roos 
Remote-Laserstrahlschweißen ver-
zinkter Stahlbleche in Kehlnahtge-
ometrie 
LPT, 123 Seiten, 52 Bilder, 0 Tab. 
2016. ISBN 978-3-87525-416-7. 

Band 292: Alexander 
Kahrimanidis 
Thermisch unterstützte Umfor-
mung von Aluminiumblechen 
LFT, 165 Seiten, 103 Bilder, 18 Tab. 
2016. ISBN 978-3-87525-417-4. 

Band 293: Jan Tremel 
Flexible Systems for Permanent 
Magnet Assembly and Magnetic 
Rotor Measurement / Flexible Sys-
teme zur Montage von Permanent-
magneten und zur Messung mag-
netischer Rotoren 
FAPS, 152 Seiten, 91 Bilder, 12 Tab. 
2016. ISBN 978-3-87525-419-8. 

Band 294: Ioannis Tsoupis 
Schädigungs- und Versagensver-
halten hochfester Leichtbauwerk-
stoffe unter Biegebeanspruchung 
LFT, 176 Seiten, 51 Bilder, 6 Tab. 
2017. ISBN 978-3-87525-420-4. 

Band 295: Sven Hildering 
Grundlegende Untersuchungen 
zum Prozessverhalten von Silizium 
als Werkzeugwerkstoff für das 
Mikroscherschneiden metallischer 
Folien 
LFT, 177 Seiten, 74 Bilder, 17 Tab. 
2017. ISBN 978-3-87525-422-8. 

Band 296: Sasia Mareike 
Hertweck 
Zeitliche Pulsformung in der La-
sermikromaterialbearbeitung – 
Grundlegende Untersuchungen 
und Anwendungen 
LPT, 146 Seiten, 67 Bilder, 5 Tab. 
2017. ISBN 978-3-87525-423-5. 

Band 297: Paryanto 
Mechatronic Simulation Approach 
for the Process Planning of En-
ergy-Efficient Handling Systems 
FAPS, 162 Seiten, 86 Bilder, 13 Tab. 
2017. ISBN 978-3-87525-424-2. 

Band 298: Peer Stenzel 
Großserientaugliche Nadelwickel-
technik für verteilte Wicklungen 
im Anwendungsfall der E-Trakti-
onsantriebe 
FAPS, 239 Seiten, 147 Bilder, 20 
Tab. 2017. ISBN 978-3-87525-425-9. 

Band 299: Mario Lušić 
Ein Vorgehensmodell zur Erstel-
lung montageführender Werkerin-
formationssysteme simultan zum 
Produktentstehungsprozess 
FAPS, 174 Seiten, 79 Bilder, 22 Tab. 
2017. ISBN 978-3-87525-426-6. 

Band 300: Arnd Buschhaus 
Hochpräzise adaptive Steuerung 
und Regelung robotergeführter 
Prozesse 
FAPS, 202 Seiten, 96 Bilder, 4 Tab. 
2017. ISBN 978-3-87525-427-3. 

Band 301: Tobias Laumer 
Erzeugung von thermoplastischen 
Werkstoffverbunden mittels si-
multanem, intensitätsselektivem 
Laserstrahlschmelzen 
LPT, 140 Seiten, 82 Bilder, 0 Tab. 
2017. ISBN 978-3-87525-428-0. 

Band 302: Nora Unger 
Untersuchung einer thermisch un-
terstützten Fertigungskette zur 
Herstellung umgeformter Bauteile 
aus der höherfesten Aluminiumle-
gierung EN AW-7020 
LFT, 142 Seiten, 53 Bilder, 8 Tab. 
2017. ISBN 978-3-87525-429-7. 

Band 303: Tommaso Stellin 
Design of Manufacturing Processes 
for the Cold Bulk Forming of Small 
Metal Components from Metal 
Strip 
LFT, 146 Seiten, 67 Bilder, 7 Tab. 
2017. ISBN 978-3-87525-430-3. 

Band 304: Bassim Bachy 
Experimental Investigation, Mode-
ling, Simulation and Optimization 
of Molded Interconnect Devices 
(MID) Based on Laser Direct 
Structuring (LDS) / Experimentelle 
Untersuchung, Modellierung, Si-
mulation und Optimierung von 
Molded Interconnect Devices 
(MID) basierend auf Laser Direkt-
strukturierung (LDS) 
FAPS, 168 Seiten, 120 Bilder, 26 
Tab. 2017. ISBN 978-3-87525-431-0. 

Band 305: Michael Spahr 
Automatisierte Kontaktierungsver-
fahren für flachleiterbasierte Pkw-
Bordnetzsysteme 
FAPS, 197 Seiten, 98 Bilder, 17 Tab. 
2017. ISBN 978-3-87525-432-7. 

Band 306: Sebastian Suttner 
Charakterisierung und Modellie-
rung des spannungszustandsab-
hängigen Werkstoffverhaltens der 
Magnesiumlegierung AZ31B für die 
numerische Prozessauslegung 
LFT, 150 Seiten, 84 Bilder, 19 Tab. 
2017. ISBN 978-3-87525-433-4. 

Band 307: Bhargav Potdar 
A reliable methodology to deduce 
thermo-mechanical flow behaviour 
of hot stamping steels 
LFT, 203 Seiten, 98 Bilder, 27 Tab. 
2017. ISBN 978-3-87525-436-5. 

Band 308: Maria Löffler 
Steuerung von Blechmassivum-
formprozessen durch maßge-
schneiderte tribologische Systeme 
LFT, viii u. 166 Seiten, 90 Bilder, 5 
Tab. 2018. ISBN 978-3-96147-133-1. 



Band 309: Martin Müller 
Untersuchung des kombinierten 
Trenn- und Umformprozesses 
beim Fügen artungleicher Werk-
stoffe mittels Schneidclinchverfah-
ren 
LFT, xi u. 149 Seiten, 89 Bilder, 6 
Tab. 2018. ISBN: 978-3-96147-135-5. 

Band 310: Christopher Kästle 
Qualifizierung der Kupfer-Draht-
bondtechnologie für integrierte 
Leistungsmodule in harschen Um-
gebungsbedingungen 
FAPS, xii u. 167 Seiten, 70 Bilder, 18 
Tab. 2018. ISBN 978-3-96147-145-4. 

Band 311: Daniel Vipavc 
Eine Simulationsmethode für das 
3-Rollen-Schubbiegen 
LFT, xiii u. 121 Seiten, 56 Bilder, 17 
Tab. 2018. ISBN 978-3-96147-147-8. 

Band 312: Christina Ramer 
Arbeitsraumüberwachung und au-
tonome Bahnplanung für ein si-
cheres und flexibles Roboter-Assis-
tenzsystem in der Fertigung 
FAPS, xiv u. 188 Seiten, 57 Bilder, 9 
Tab. 2018. ISBN 978-3-96147-153-9. 

Band 313: Miriam Rauer 
Der Einfluss von Poren auf die Zu-
verlässigkeit der Lötverbindungen 
von Hochleistungs-Leuchtdioden 
FAPS, xii u. 209 Seiten, 108 Bilder, 
21 Tab. 2018. 
ISBN 978-3-96147-157-7. 

Band 314: Felix Tenner 
Kamerabasierte Untersuchungen 
der Schmelze und Gasströmungen 
beim Laserstrahlschweißen ver-
zinkter Stahlbleche 
LPT, xxiii u. 184 Seiten, 94 Bilder, 7 
Tab. 2018. ISBN 978-3-96147-160-7. 

Band 315: Aarief Syed-Khaja 
Diffusion Soldering for High-tem-
perature Packaging of Power Elec-
tronics 
FAPS, x u. 202 Seiten, 144 Bilder, 32 
Tab. 2018. ISBN 978-3-87525-162-1.  

Band 316: Adam Schaub 
Grundlagenwissenschaftliche Un-
tersuchung der kombinierten Pro-
zesskette aus Umformen und Ad-
ditive Fertigung 
LFT, xi u. 192 Seiten, 72 Bilder, 27 
Tab. 2019. ISBN 978-3-96147-166-9.  

Band 317: Daniel Gröbel 
Herstellung von Nebenformele-
menten unterschiedlicher Geomet-
rie an Blechen mittels Fließpress-
verfahren der Blechmassivumfor-
mung 
LFT, x u. 165 Seiten, 96 Bilder, 13 
Tab. 2019. ISBN 978-3-96147-168-3.  

Band 318: Philipp Hildenbrand 
Entwicklung einer Methodik zur 
Herstellung von Tailored Blanks 
mit definierten Halbzeugeigen-
schaften durch einen Taumelpro-
zess 
LFT, ix u. 153 Seiten, 77 Bilder, 4 
Tab. 2019. ISBN 978-3-96147-174-4.  

Band 319: Tobias Konrad 
Simulative Auslegung der Spann- 
und Fixierkonzepte im Karosserie-
rohbau: Bewertung der Baugrup-
penmaßhaltigkeit unter Berück-
sichtigung schwankender Einfluss-
größen 
LFT, x u. 203 Seiten, 134 Bilder, 32 
Tab. 2019. ISBN 978-3-96147-176-8.  

Band 320: David Meinel 
Architektur applikationsspezifi-
scher Multi-Physics-Simulations-
konfiguratoren am Beispiel modu-
larer Triebzüge 
FAPS, xii u. 166 Seiten, 82 Bilder, 
25 Tab. 2019. 
ISBN 978-3-96147-184-3.  

Band 321: Andrea Zimmermann 
Grundlegende Untersuchungen 
zum Einfluss fertigungsbedingter 
Eigenschaften auf die Ermüdungs-
festigkeit kaltmassivumgeformter 
Bauteile 
LFT, ix u. 160 Seiten, 66 Bilder, 5 
Tab. 2019. ISBN 978-3-96147-190-4. 

Band 322: Christoph Amann 
Simulative Prognose der Geomet-
rie nassgepresster Karosseriebau-
teile aus Gelege-Mehrschichtver-
bunden 
LFT, xvi u. 169 Seiten, 80 Bilder, 13 
Tab. 2019. ISBN 978-3-96147-194-2.  

Band 323: Jennifer Tenner 
Realisierung schmierstofffreier 
Tiefziehprozesse durch maßge-
schneiderte Werkzeugoberflächen 
LFT, x u. 187 Seiten, 68 Bilder, 13 
Tab. 2019. ISBN 978-3-96147-196-6. 

Band 324: Susan Zöller 
Mapping Individual Subjective 
Values to Product Design 
KTmfk, xi u. 223 Seiten, 81 Bilder, 
25 Tab. 2019. 
ISBN 978-3-96147-202-4. 

Band 325: Stefan Lutz 
Erarbeitung einer Methodik zur 
semiempirischen Ermittlung der 
Umwandlungskinetik durchhär-
tender Wälzlagerstähle für die 
Wärmebehandlungssimulation 
LFT, xiv u. 189 Seiten, 75 Bilder, 32 
Tab. 2019. ISBN 978-3-96147-209-3. 

Band 326: Tobias Gnibl 
Modellbasierte Prozesskettenab-
bildung rührreibgeschweißter Alu-
miniumhalbzeuge zur umform-
technischen Herstellung höchst-
fester Leichtbau-strukturteile 
LFT, xii u. 167 Seiten, 68 Bilder, 17 
Tab. 2019. ISBN 978-3-96147-217-8. 

Band 327: Johannes Bürner 
Technisch-wirtschaftliche Optio-
nen zur Lastflexibilisierung durch 
intelligente elektrische Wärme-
speicher 
FAPS, xiv u. 233 Seiten, 89 Bilder, 
27 Tab. 2019. 
ISBN 978-3-96147-219-2. 

Band 328: Wolfgang Böhm 
Verbesserung des Umformverhal-
tens von mehrlagigen Alumini-
umblechwerkstoffen mit ultrafein-
körnigem Gefüge 
LFT, ix u. 160 Seiten, 88 Bilder, 14 
Tab. 2019. ISBN 978-3-96147-227-7. 

Band 329: Stefan Landkammer 
Grundsatzuntersuchungen, mathe-
matische Modellierung und Ablei-
tung einer Auslegungsmethodik 
für Gelenkantriebe nach dem Spin-
nenbeinprinzip 
LFT, xii u. 200 Seiten, 83 Bilder, 13 
Tab. 2019. ISBN 978-3-96147-229-1. 

Band 330: Stephan Rapp 
Pump-Probe-Ellipsometrie zur 
Messung transienter optischer Ma-
terialeigen-schaften bei der Ultra-
kurzpuls-Lasermaterialbearbei-
tung 
LPT, xi u. 143 Seiten, 49 Bilder, 2 
Tab. 2019. ISBN 978-3-96147-235-2. 



Band 331: Michael Scholz 
Intralogistics Execution System 
mit integrierten autonomen, ser-
vicebasierten Transportentitäten 
FAPS, xi u. 195 Seiten, 55 Bilder, 11 
Tab. 2019. ISBN 978-3-96147-237-6. 

Band 332: Eva Bogner 
Strategien der Produktindividuali-
sierung in der produzierenden In-
dustrie im Kontext der Digitalisie-
rung 
FAPS, ix u. 201 Seiten, 55 Bilder, 28 
Tab. 2019. ISBN 978-3-96147-246-8. 

Band 333: Daniel Benjamin 
Krüger 
Ein Ansatz zur CAD-integrierten 
muskuloskelettalen Analyse der 
Mensch-Maschine-Interaktion 
KTmfk, x u. 217 Seiten, 102 Bilder, 7 
Tab. 2019. ISBN 978-3-96147-250-5. 

Band 334: Thomas Kuhn 
Qualität und Zuverlässigkeit laser-
direktstrukturierter mechatronisch 
integrierter Baugruppen (LDS-
MID) 
FAPS, ix u. 152 Seiten, 69 Bilder, 12 
Tab. 2019. ISBN 978-3-96147-252-9. 

Band 335: Hans Fleischmann 
Modellbasierte Zustands- und Pro-
zessüberwachung auf Basis sozio-
cyber-physischer Systeme 
FAPS, xi u. 214 Seiten, 111 Bilder, 18 
Tab. 2019. ISBN 978-3-96147-256-7. 

Band 336: Markus Michalski 
Grundlegende Untersuchungen 
zum Prozess- und Werkstoffver-
halten bei schwingungsüberlager-
ter Umformung 
LFT, xii u. 197 Seiten, 93 Bilder, 11 
Tab. 2019. ISBN 978-3-96147-270-3. 

Band 337: Markus Brandmeier 
Ganzheitliches ontologiebasiertes 
Wissensmanagement im Umfeld 
der industriellen Produktion 
FAPS, xi u. 255 Seiten, 77 Bilder, 33 
Tab. 2020. 
ISBN 978-3-96147-275-8. 

Band 338: Stephan Purr 
Datenerfassung für die Anwen-
dung lernender Algorithmen bei 
der Herstellung von Blechformtei-
len 
LFT, ix u. 165 Seiten, 48 Bilder, 4 
Tab. 2020. ISBN 978-3-96147-281-9. 

Band 339: Christoph Kiener 
Kaltfließpressen von gerad- und 
schrägverzahnten Zahnrädern 
LFT, viii u. 151 Seiten, 81 Bilder, 3 
Tab. 2020. ISBN 978-3-96147-287-1. 

Band 340: Simon Spreng 
Numerische, analytische und em-
pirische Modellierung des Heißcr-
impprozesses 
FAPS, xix u. 204 Seiten, 91 Bilder, 
27 Tab. 2020. 
ISBN 978-3-96147-293-2. 

Band 341: Patrik 
Schwingenschlögl 
Erarbeitung eines Prozessver-
ständnisses zur Verbesserung der 
tribologischen Bedingungen beim 
Presshärten 
LFT, x u. 177 Seiten, 81 Bilder, 8 
Tab. 2020. 
ISBN 978-3-96147-297-0. 

Band 342: Emanuela Affronti 
Evaluation of failure behaviour of 
sheet metals 
LFT, ix u. 136 Seiten, 57 Bilder, 20 
Tab. 2020. 
ISBN 978-3-96147-303-8. 

Band 343: Julia Degner 
Grundlegende Untersuchungen 
zur Herstellung hochfester Alumi-
niumblechbauteile in einem kom-
binierten Umform- und Ab-
schreckprozess 
LFT, x u. 172 Seiten, 61 Bilder, 9 
Tab. 2020. 
ISBN 978-3-96147-307-6. 

Band 344: Maximilian Wagner 
Automatische Bahnplanung für die 
Aufteilung von Prozessbewegun-
gen in synchrone Werkstück- und 
Werkzeugbewegungen mittels 
Multi-Roboter-Systemen 
FAPS, xxi u. 181 Seiten, 111 Bilder, 15 
Tab. 2020. 
ISBN 978-3-96147-309-0. 

Band 345: Stefan Härter 
Qualifizierung des Montagepro-
zesses hochminiaturisierter elekt-
ronischer Bauelemente 
FAPS, ix u. 194 Seiten, 97 Bilder, 28 
Tab. 2020. ISBN 978-3-96147-314-4. 

Band 346: Toni Donhauser 
Ressourcenorientierte Auftragsre-
gelung in einer hybriden Produk-
tion mittels betriebsbegleitender 
Simulation 
FAPS, xix u. 242 Seiten, 97 Bilder, 
17 Tab. 2020. 
ISBN 978-3-96147-316-8. 

Band 347: Philipp Amend 
Laserbasiertes Schmelzkleben von 
Thermoplasten mit Metallen 
LPT, xv u. 154 Seiten, 67 Bilder. 
2020. ISBN 978-3-96147-326-7. 

Band 348: Matthias Ehlert  
Simulationsunterstützte funktio-
nale Grenzlagenabsicherung 
KTmfk, xvi u. 300 Seiten, 101 Bil-
der, 73 Tab. 2020. 
ISBN 978-3-96147-328-1. 

Band 349: Thomas Sander 
Ein Beitrag zur Charakterisierung 
und Auslegung des Verbundes von 
Kunststoffsubstraten mit harten 
Dünnschichten 
KTmfk, xiv u. 178 Seiten, 88 Bilder, 
21 Tab. 2020. 
ISBN 978-3-96147-330-4. 

Band 350: Florian Pilz 
Fließpressen von Verzahnungsele-
menten an Blechen 
LFT, x u. 170 Seiten, 103Bilder, 4 
Tab. 2020. ISBN 978-3-96147-332-8. 

Band 351: Sebastian Josef 
Katona 
Evaluation und Aufbereitung von 
Produktsimulationen mittels ab-
weichungsbehafteter Geometrie-
modelle 
KTmfk, ix u. 147 Seiten, 73 Bilder, 
11 Tab. 2020. 
ISBN 978-3-96147-336-6. 

Band 352: Jürgen Herrmann 
Kumulatives Walzplattieren. Be-
wertung der Umformeigenschaften 
mehrlagiger Blechwerkstoffe der 
ausscheidungshärtbaren Legierung 
AA6014 
LFT, x u. 157 Seiten, 64 Bilder, 5 
Tab. 2020. ISBN 978-3-96147-344-1. 



Band 353: Christof Küstner 
Assistenzsystem zur Unterstüt-
zung der datengetriebenen Pro-
duktentwicklung 
KTmfk, xii u. 219 Seiten, 63 Bilder, 
14 Tab. 2020. 
ISBN 978-3-96147-348-9. 

Band 354: Tobias Gläßel 
Prozessketten zum Laserstrahl-
schweißen von flachleiterbasierten 
Formspulenwicklungen für auto-
mobile Traktionsantriebe 
FAPS, xiv u. 206 Seiten, 89 Bilder, 
11 Tab. 2020. 
ISBN 978-3-96147-356-4. 

Band 355: Andreas Meinel  
Experimentelle Untersuchung der 
Auswirkungen von Axialschwin-
gungen auf Reibung und Ver-
schleiß in Zylinderrol-lenlagern  
KTmfk, xii u. 162 Seiten, 56 Bilder, 
7 Tab. 2020. 
ISBN 978-3-96147-358-8. 

Band 356: Hannah Riedle 
Haptische, generische Modelle 
weicher anatomischer Strukturen 
für die chirurgische Simulation 
FAPS, xxx u. 179 Seiten, 82 Bilder, 
35 Tab. 2020. 
ISBN 978-3-96147-367-0. 

Band 357: Maximilian Landgraf 
Leistungselektronik für den Ein-
satz dielektrischer Elastomere in 
aktorischen, sensorischen und in-
tegrierten sensomotorischen Sys-
temen 
FAPS, xxiii u. 166 Seiten, 71 Bilder, 
10 Tab. 2020. 
ISBN 978-3-96147-380-9. 

Band 358: Alireza Esfandyari 
Multi-Objective Process Optimiza-
tion for Overpressure Reflow Sol-
dering in Electronics Production 
FAPS, xviii u. 175 Seiten, 57 Bilder, 
23 Tab. 2020. 
ISBN 978-3-96147-382-3. 

Band 359: Christian Sand  
Prozessübergreifende Analyse 
komplexer Montageprozessketten 
mittels Data Mining 
FAPS, XV u. 168 Seiten, 61 Bilder, 
12 Tab. 2021. 
ISBN 978-3-96147-398-4. 

Band 360: Ralf Merkl 
Closed-Loop Control of a Storage-
Supported Hybrid Compensation 
System for Improving the Power 
Quality in Medium Voltage Net-
works 
FAPS, xxvii u. 200 Seiten, 102 Bil-
der, 2 Tab. 2021. 
ISBN 978-3-96147-402-8. 

Band 361: Thomas Reitberger 
Additive Fertigung polymerer opti-
scher Wellenleiter im Aerosol-Jet-
Verfahren 
FAPS, xix u. 141 Seiten, 65 Bilder, 11 
Tab. 2021. ISBN 978-3-96147-400-4. 

Band 362: Marius Christian 
Fechter 
Modellierung von Vorentwürfen in 
der virtuellen Realität mit natürli-
cher Fingerinteraktion 
KTmfk, x u. 188 Seiten, 67 Bilder, 
19 Tab. 2021. 
ISBN 978-3-96147-404-2. 

Band 363: Franziska Neubauer 
Oberflächenmodifizierung und 
Entwicklung einer Auswerteme-
thodik zur Verschleißcharakteri-
sierung im Presshärteprozess 
LFT, ix u. 177 Seiten, 42 Bilder, 6 
Tab. 2021. ISBN 978-3-96147-406-6. 

Band 364: Eike Wolfram 
Schäffer 
Web‐ und wissensbasierter Engi-
neering‐Konfigurator für roboter-
zentrierte Automatisierungslösun-
gen 
FAPS, xxiv u. 195 Seiten, 108 Bilder, 
25 Tab. 2021. 
ISBN 978-3-96147-410-3. 

Band 365: Daniel Gross 
Untersuchungen zur kohlenstoff-
dioxidbasierten kryogenen Mini-
malmengenschmierung 
REP, xii u. 184 Seiten, 56 Bilder, 18 
Tab. 2021. ISBN 978-3-96147-412-7. 

Band 366: Daniel Junker 
Qualifizierung laser-additiv gefer-
tigter Komponenten für den Ein-
satz im Werkzeugbau der Massiv-
umformung 
LFT, vii u. 142 Seiten, 62 Bilder, 5 
Tab. 2021. ISBN 978-3-96147-416-5. 

Band 367: Tallal Javied 
Totally Integrated Ecology Man-
agement for Resource Efficient and 
Eco-Friendly Production 
FAPS, xv u. 160 Seiten, 60 Bilder, 13 
Tab. 2021. ISBN 978-3-96147-418-9. 

Band 368: David Marco 
Hochrein 
Wälzlager im Beschleunigungsfeld 
– Eine Analysestrategie zur Be-
stimmung des Reibungs-, Axial-
schub- und Temperaturverhaltens 
von Nadelkränzen – 
KTmfk, xiii u. 279 Seiten, 108 Bil-
der, 39 Tab. 2021. 
ISBN 978-3-96147-420-2. 

Band 369: Daniel Gräf 
Funktionalisierung technischer 
Oberflächen mittels prozessüber-
wachter aerosolbasierter Druck-
technologie 
FAPS, xxii u. 175 Seiten, 97 Bilder, 
6 Tab. 2021. 
ISBN 978-3-96147-433-2. 

Band 370: Andreas Gröschl 
Hochfrequent fokusabstandsmo-
dulierte Konfokalsensoren für die 
Nanokoordinatenmesstechnik 
FMT, x u. 144 Seiten, 98 Bilder, 6 
Tab. 2021. ISBN 978-3-96147-435-6. 

Band 371: Johann Tüchsen 
Konzeption, Entwicklung und 
Einführung des Assistenzsystems 
D-DAS für die Produktentwick-
lung elektrischer Motoren 
KTmfk, xii u. 178 Seiten, 92 Bilder, 
12 Tab. 2021. 
ISBN 978-3-96147-437-0. 

Band 372: Max Marian 
Numerische Auslegung von Ober-
flächenmikrotexturen für ge-
schmierte tribologische Kontakte 
KTmfk, xviii u. 276 Seiten, 85 Bil-
der, 45 Tab. 2021. 
ISBN 978-3-96147-439-4. 

Band 373: Johannes Strauß 
Die akustooptische Strahlformung 
in der Lasermaterialbearbeitung 
LPT, xvi u. 113 Seiten, 48 Bilder. 
2021. ISBN 978-3-96147-441-7. 



Band 374: Martin Hohmann 
Machine learning and hyper spec-
tral imaging: Multi Spectral Endos-
copy in the Gastro Intestinal Tract 
towards Hyper Spectral Endoscopy 
LPT, x u. 137 Seiten, 62 Bilder, 29 
Tab. 2021. ISBN 978-3-96147-445-5. 

Band 375: Timo Kordaß 
Lasergestütztes Verfahren zur se-
lektiven Metallisierung von epo-
xidharzbasierten Duromeren zur 
Steigerung der Integrationsdichte 
für dreidimensionale mechatroni-
sche Package-Baugruppen 
FAPS, xviii u. 198 Seiten, 92 Bilder, 
24 Tab. 2021. 
ISBN 978-3-96147-443-1. 

Band 376: Philipp Kestel 
Assistenzsystem für den wissens-
basierten Aufbau konstruktionsbe-
gleitender Finite-Elemente-Analy-
sen 
KTmfk, xviii u. 209 Seiten, 57 Bil-
der, 17 Tab. 2021. 
ISBN 978-3-96147-457-8. 

Band 377: Martin Lerchen 
Messverfahren für die pulverbett-
basierte additive Fertigung zur Si-
cherstellung der Konformität mit 
geometrischen Produktspezifikati-
onen 
FMT, x u. 150 Seiten, 60 Bilder, 9 
Tab. 2021. ISBN 978-3-96147-463-9. 

Band 378: Michael Schneider 
Inline-Prüfung der Permeabilität 
in weichmagnetischen Komponen-
ten 
FAPS, xxii u. 189 Seiten, 79 Bilder, 
14 Tab. 2021. 
ISBN 978-3-96147-465-3. 

Band 379: Tobias Sprügel 
Sphärische Detektorflächen als 
Unterstützung der Produktent-
wicklung zur Datenanalyse im 
Rahmen des Digital Engineering 
KTmfk, xiii u. 213 Seiten, 84 Bilder, 
33 Tab. 2021. 
ISBN 978-3-96147-475-2. 

Band 380: Tom Häfner 
Multipulseffekte beim Mikro-Ma-
terialabtrag von Stahllegierungen 
mit Pikosekunden-Laserpulsen 
LPT, xxviii u. 159 Seiten, 57 Bilder, 
13 Tab. 2021. 
ISBN 978-3-96147-479-0. 

Band 381: Björn Heling 
Einsatz und Validierung virtueller 
Absicherungsmethoden für abwei-
chungs-behaftete Mechanismen 
im Kontext des Robust Design 
KTmfk, xi u. 169 Seiten, 63 Bilder, 
27 Tab. 2021. 
ISBN 978-3-96147-487-5. 

Band 382: Tobias Kolb 
Laserstrahl-Schmelzen von Metal-
len mit einer Serienanlage – Pro-
zesscharakterisierung und Erwei-
terung eines Überwachungssys-
tems 
LPT, xv u. 170 Seiten, 128 Bilder, 16 
Tab. 2021. ISBN 978-3-96147-491-2. 

Band 383: Mario Meinhardt 
Widerstandselementschweißen 
mit gestauchten Hilfsfügeelemen-
ten - Umformtechnische Wirkzu-
sammenhänge zur Beeinflussung 
der Verbindungsfestigkeit 
LFT, xii u. 189 Seiten, 87 Bilder, 4 
Tab. 2022. ISBN 978-3-96147-473-8. 

Band 384: Felix Bauer 
Ein Beitrag zur digitalen Ausle-
gung von Fügeprozessen im Karos-
seriebau mit Fokus auf das Re-
mote-Laserstrahlschweißen unter 
Einsatz flexibler Spanntechnik 
LFT, xi u. 185 Seiten, 74 Bilder, 12 
Tab. 2022. ISBN 978-3-96147-498-1. 

Band 385: Jochen Zeitler 
Konzeption eines rechnergestütz-
ten Konstruktionssystems für op-
tomechatronische Baugruppen 
FAPS, xix u. 172 Seiten, 88 Bilder, 11 
Tab. 2022. 
ISBN 978-3-96147-499-8. 

Band 386: Vincent Mann 
Einfluss von Strahloszillation auf 
das Laserstrahlschweißen hochfes-
ter Stähle 
LPT, xiii u. 172 Seiten, 103 Bilder, 18 
Tab. 2022. ISBN 978-3-96147-503-2. 

Band 387: Chen Chen 
Skin-equivalent opto-/elastofluidic 
in-vitro microphysiological vascu-
lar models for translational studies 
of optical biopsies 
LPT, xx u. 126 Seiten, 60 Bilder, 10 
Tab. 2022. 
ISBN 978-3-96147-505-6. 

Band 388: Stefan Stein 
Laser drop on demand joining as 
bonding method for electronics as-
sembly and packaging with high 
thermal requirements 
LPT, x u. 112 Seiten, 54 Bilder, 10 
Tab. 2022. ISBN 978-3-96147-507-0 

Band 389: Nikolaus Urban 
Untersuchung des Laserstrahl-
schmelzens von Neodym-Eisen-
Bor zur additiven Herstellung von 
Permanentmagneten 
FAPS, x u. 174 Seiten, 88 Bilder, 18 
Tab. 2022. ISBN 978-3-96147-501-8. 

Band 390: Yiting Wu 
Großflächige Topographiemessun-
gen mit einem Weißlichtinterfe-
renzmikroskop und einem metro-
logischen Rasterkraftmikroskop 
FMT, xii u. 142 Seiten, 68 Bilder, 11 
Tab. 2022. ISBN: 978-3-96147-513-1.  

Band 391: Thomas Papke 
Untersuchungen zur Umformbar-
keit hybrider Bauteile aus Blech-
grundkörper und additiv gefertig-
ter Struktur 
LFT, xii u. 194 Seiten, 71 Bilder, 16 
Tab. 2022. ISBN 978-3-96147-515-5. 

Band 392: Bastian Zimmermann 
Einfluss des Vormaterials auf die 
mehrstufige Kaltumformung vom 
Draht 
LFT, xi u. 182 Seiten, 36 Bilder, 6 
Tab. 2022. ISBN 978-3-96147-519-3. 

Band 393: Harald Völkl 
Ein simulationsbasierter Ansatz 
zur Auslegung additiv gefertigter 
FLM-Faserverbundstrukturen 
KTmfk, xx u. 204 Seiten, 95 Bilder, 
22 Tab. 2022. 
ISBN 978-3-96147-523-0. 

Band 394: Robert Schulte 
Auslegung und Anwendung pro-
zessangepasster Halbzeuge für 
Verfahren der Blechmassivumfor-
mung 
LFT, x u. 163 Seiten, 93 Bilder, 5 
Tab. 2022. ISBN 978-3-96147-525-4. 

Band 395: Philipp Frey 
Umformtechnische Strukturierung 
metallischer Einleger im Folgever-
bund für mediendichte Kunststoff-
Metall-Hybridbauteile 
LFT, ix u. 180 Seiten, 83 Bilder, 7 
Tab. 2022. ISBN 978-3-96147-534-6. 



Band 396: Thomas Johann Luft 
Komplexitätsmanagement in der 
Produktentwicklung - Holistische 
Modellierung, Analyse, Visualisie-
rung und Bewertung komplexer 
Systeme 
KTmfk, xiii u. 510 Seiten, 166 Bil-
der, 16 Tab. 2022. 
ISBN 978-3-96147-540-7. 

Band 397: Li Wang 
Evaluierung der Einsetzbarkeit des 
lasergestützten Verfahrens zur se-
lektiven Metallisierung für die Ver-
besserung passiver Intermodula-
tion in Hochfrequenzanwendun-
gen 
FAPS, xxii u.151 Seiten, 72 Bilder, 22 
Tab. 2022. ISBN 978-3-96147-542-1. 

Band 398: Sebastian 
Reitelshöfer 
Der Aerosol‐Jet‐Druck Dielektri-
scher Elastomere als additives Fer-
tigungsverfahren für elastische 
mechatronische Komponenten 
FAPS, xxv u. 206 Seiten, 87 Bilder, 
13 Tab. 2022. 
ISBN 978-3-96147-547-6. 

Band 399: Alexander Meyer 
Selektive Magnetmontage zur Ver-
ringerung des Rastmomentes per-
manenterregter Synchronmotoren 
FAPS, xv u. 164 Seiten, 90 Bilder, 18 
Tab. 2022. ISBN 978-3-96147-555-1. 

Band 400: Rong Zhao 
Design verschleißreduzierender 
amorpher Kohlenstoffschichtsys-
teme für trockene tribologische 
Gleitkontakte 
KTmfk, x u. 148 Seiten, 69 Bilder, 
14 Tab. 2022. 
ISBN 978-3-96147-557-5. 

Band 401: Christian P. J. 
Schwarzer 
Kupfersintern als Fügetechnologie 
für Leistungselektronik 
FAPS, xxvii u. 234 Seiten, 125 Bil-
der, 24 Tab. 2022. 
ISBN 978-3-96147-566-7. 

Band 402: Alexander Horn 
Grundlegende Untersuchungen 
zur Gradierung der mechanischen 
Eigenschaften pressgehärteter 
Bauteile durch eine örtlich be-
grenzte Aufkohlung 
LFT, xii u. 204 Seiten, 58 Bilder, 6 
Tab. 2022. ISBN 978-3-96147-568-1. 

Band 403: Artur Klos 
Werkstoff- und umformtechnische 
Bewertung von hochfesten Alumi-
niumblechwerkstoffen für den Ka-
rosseriebau 
LFT, x u. 192 Seiten, 73 Bilder, 12 
Tab. 2022. ISBN 978-3-96147-572-8. 

Band 404: Harald Schmid 
Ganzheitliche Erarbeitung eines 
Prozessverständnisses von Tief-
ziehprozessen mit Ziehsicken auf 
Basis mechanischer und tribologi-
scher Analysen 
LFT, xiii u. 211 Seiten, 78 Bilder, 5 
Tab. 2022. ISBN 978-3-96147-577-3. 

Band 405: Johannes Henneberg 
Blechmassivumformung von Funk-
tionsbauteilen aus Bandmaterial 
LFT, viii u. 176 Seiten, 101 Bilder, 2 
Tab. 2022. ISBN 978-3-96147-579-7. 

Band 406: Anton Schmailzl 
Festigkeits- und zeitoptimierte 
Prozessführung beim quasi-simul-
tanen Laser-Durchstrahlschweißen 
LPT, xiii u. 157 Seiten, 84 Bilder, 7 
Tab. 2022. ISBN 978-3-96147-583-4. 

Band 407: Alexander Wolf 
Modellierung und Vorhersage 
menschlichen Interaktionsverhal-
tens zur Analyse der Mensch-
Produkt Interaktion 
KTmfk, x u. 207 Seiten, 69 Bilder, 
10 Tab. 2022. 
ISBN 978-3-96147-585-8. 

Band 408: Tim Weikert 
Modifikationen amorpher Kohlen-
stoffschichten zur Anpassung der 
Reibungsbedingungen und zur Er-
höhung des Verschleißschutzes 
KTmfk, xvii u. 258 Seiten, 91 Bilder, 
9 Tab. 2022. 
ISBN 978-3-96147-589-6. 

Band 409: Stefan Götz 
Frühzeitiges konstruktionsbeglei-
tendes Toleranzmanagement 
KTmfk, ix u. 276 Seiten, 127 Bilder, 
13 Tab. 2022. 
ISBN 978-3-96147-593-3. 

Band 410: Markus Hubert 
Einsatzpotenziale der Rotations-
schneidtechnologie in der Verar-
beitung von metallischen Funkti-
onsfolien für mechatronische Pro-
dukte 
FAPS, xviii u. 139 Seiten, 86 Bilder, 
7 Tab. 2022. 
ISBN 978-3-96147-603-9. 

Band 411: Manfred Vogel 
Grundlagenuntersuchungen und 
Erarbeitung einer Methodik zur 
Herstellung maßgeschneiderter 
Halbzeuge auf Basis eines neuarti-
gen flexiblen Walzprozesses 
LFT, ix u. 176 Seiten, 61 Bilder, 11 
Tab. 2022. ISBN 978-3-96147-605-3. 

Band 412: Michael Weigelt 
Multidimensionale Optionenana-
lyse alternativer Antriebskonzepte 
für die individuelle Langstrecken-
mobilität 
FAPS, xv u. 222 Seiten, 89 Bilder, 
38 Tab. 2022. ISBN 978-3-96147-
607-7. 

Band 413: Frank Bodendorf 
Machine Learning im Cost Engi-
neering des Supply Managements 
FAPS, xiii u. 165 Seiten, 75 Bilder, 
13 Tab. 2023. 
ISBN 978-3-96147-609-1. 

Band 414: Maximilian Metzner 
Planung und Simulation taktiler, 
intelligenter und kollaborativer 
Roboterfähigkeiten in der Mon-
tage 
FAPS, xix u. 174 Seiten, 72 Bilder, 
3 Tab. 2023. 
ISBN 978-3-96147-611-4. 

Band 415: Tina Buker 
Ein Ansatz zur Reduktion 
produktinduzierter Nutzerstigma-
tisierung durch Förderung einer 
gleichermaßen gebrauchstaugli-
chen wie emotionalen 
Produktgestalt 
KTmfk, x u. 236 Seiten, 54 Bilder, 
44 Tab. 2022. 
ISBN 978-3-96147-613-8. 

Band 416: Marlene Kuhn 
Model-based Traceability System 
Development for Complex Manu-
facturing Applying Blockchain and 
Graphs 
FAPS, xv u. 167 Seiten, 63 Bilder, 10 
Tab. 2022. ISBN 978-3-96147-615-2. 



Band 417: Benjamin 
Lengenfelder 
Remote photoacoustic sensing us-
ing speckle-analysis for biomedical 
imaging 
LPT, xv u. 124 Seiten, 86 Bilder, 10 
Tab. 2023. ISBN 978-3-96147-617-6. 

Band 418: Benjamin Pohrer  
Analyse des Zusammenhangs zwi-
schen dem tribochemischen Auf-
bau von Grenzschichten und der 
Ausbildung von White Etching 
Crack-Schäden 
KTmfk, xv u. 258 Seiten, 103 Bilder, 
10 Tab. 2023. ISBN 978-3-96147- 
621-3. 

Band 419: Matthias Friedlein  
Zuverlässigkeitsmethoden zur Be-
schleunigung von Qualifizierungs-
untersuchungen für Steckkontakte 
FAPS, xxv u. 162 Seiten, 98 Bilder, 
7 Tab. 2023. 
ISBN 978-3-96147-625-1. 

Band 420: Thomas Stoll 
Laser Powder Bed Fusion von Kup-
fer auf Aluminiumoxid-Keramiken 
FAPS, xxvii u. 236 Seiten, 103 Bil-
der, 11 Tab. 2023. ISBN 978-3-
96147-631-2. 

Band 421: Eric Eschner 
Relation of Particle Motion and 
Process Zone Formation as a Basis 
for Sensing Approaches within 
PBF-LB/M 
LPT, xiv u. 143 Seiten, 87 Bilder, 
0 Tab. 2023. 
ISBN 978-3-96147-633-6. 

Band 422: Fanuel Mehari 
Laser‐induced Breakdown Spec-
troscopy (LIBS) as a diagnostics 
tool for biological tissue analysis. 
LPT, xv u. 145 Seiten, 68 Bilder, 12 
Tab. 2023. ISBN 978-3-96147-641-1. 

Band 423: Uwe Leicht 
Ultraschallüberlagertes Umformen 
und Verstemmen von Stahlwerk-
stoffen 
LFT, xi u. 165 Seiten, 65 Bilder, 6 
Tab. 2023. ISBN 978-3-96147-643-5. 

Band 424: Thomas Braun 
Potenzialanalyse der plasmabasier-
ten, strukturierten Metallisierung 
thermoaktiver Oberflächen im in-
dustriellen Hausbau 
FAPS, xvii u. 152 Seiten, 72 Bilder, 
11 Tab. 2023. ISBN 978-3-96147-
653-4. 

Band 425: Reinhardt Seidel 
Modellbasierte Optimierung des 
Selektivwellenlötprozesses 
FAPS, xxii u. 167 Seiten, 73 Bilder, 
23 Tab. 2023. 
ISBN 978-3-96147-651-0. 

Band 426: Matthias Lenzen 
Maßgeschneiderte Werkstoffcha-
rakterisierung für die numerische 
Auslegung von Blechumformpro-
zessen 
LFT, xi u. 187 Seiten, 77 Bilder, 13 
Tab. 2023. ISBN 978-3-96147-663-3. 

Band 427: Matthias Graser 
Analyse lokaler Kurzzeitwärmebe-
handlungsmethoden zur Verbesse-
rung des Umformverhaltens und 
der Bauteileigenschaften von Alu-
miniumstrangpresshohlprofilen 
LFT, xi u. 169 Seiten, 81 Bilder, 1 
Tab. 2023. 
ISBN 978-3-96147-666-4. 

Band 428: Markus Lieret 
Sicheres autonomes Flugroboter-
system für den Einsatz im Produk-
tions- und Logistikumfeld 
FAPS, xix u. 198 Seiten, 54 Bilder, 
7 Tab. 2023. 
ISBN 978-3-96147-668-8. 

Band 429: Petar Vukovic 
Simulation komplexer Kommuni-
kationssysteme in der Fertigungs-
automatisierung 
FAPS, xiv u. 163 Seiten, 57 Bilder, 21 
Tab. 2023. ISBN 978-3-96147-673-2. 

Band 430: Fabian Knieps 
Finite Elemente Simulation dünns-
ter Verpackungsstähle: Entwick-
lung einer geeigneten Charakteri-
sierungs- und Validierungsstrate-
gie 
LFT, xix, 189 Seiten, 122 Bilder, 17 
Tab. 2023. ISBN 978-3-96147-689-3 

Band 431: Julian Seßner 
Multimodale Bildsegmentierung 
gering strukturierter Umgebungen 
für die Navigation am Beispiel 
eines Assistenzsystems für sehbe-
einträchtigte Personen 
FAPS, xxv, 203 Seiten, 57 Bilder, 25 
Tab. 2023. ISBN 978-3-96147-697-8 

Band 432: Benjamin Samuel 
Lutz 
Smart Manufacturing System for 
Process Optimization Regarding 
Deviations among Material 
Batches 
FAPS, xix, 208 Seiten, 77 Bilder, 14 
Tab. 2023. ISBN 978-3-96147-703-6 

Band 433: Michael Jüttner 
Bewertung von Kantenpressungen 
auf Basis von Simulationen mehr-
fach überrollter elasto-plastischer 
Kontakte 
KTmfk, xii, 162 Seiten, 59 Bilder, 
7 Tab. 2024. 
ISBN 978-3-96147-713-5. 

Band 434: Sebastian 
Wiesenmayer 
Untersuchungen zur Stofffluss-
steuerung beim Fügen durch Um-
formen von hochfesten Alumini-
umlegierungen mittels lokaler 
Kurzzeitwärmebehandlung 
LFT, xii u. 197 Seiten, 81 Bilder, 19 
Tab. 2024. ISBN 978-3-96147-715-9. 

Band 435: Clara-Maria Kuball 
Grundlegende Untersuchungen 
zur umformtechnischen Herstel-
lung von Halbhohlstanznieten aus 
hochverfestigenden Werkstoffen 
LFT, viii u. 180 Seiten, 64 Bilder, 
13 Tab. 2024. 
ISBN 978-3-96147-717-3. 

Band 436: Martin Roth 
Sampling-based Tolerance-Cost 
Optimization: The Key to Optimal 
Tolerance Allocation 
KTmfk, xxxvii u. 337 Seiten, 97 Bil-
der, 56 Tab. 2024. 
ISBN 978-3-96147-719-7. 

Band 437: Stephan Schirdewahn 
Verbesserung des tribologischen 
Einsatzverhaltens im Presshärte-
prozess durch Verwendung maß-
geschneiderter laserimplantierter 
Werkzeuge 
LFT, viii u. 177 Seiten, 63 Bilder, 7 
Tab. 2024. ISBN 978-3-96147-721-0. 



Band 438: Andreas Rohrmoser 
Erarbeitung eines grundlegenden 
Verständnisses zum Fließpressen 
betriebsangepasster Verzahnungen 
für den Einsatz in der Materialpaa-
rung Metall-Kunststoff 
LFT, x u. 166 Seiten, 94 Bilder, 6 
Tab. 2024. ISBN 978-3-96147-723-4. 

Band 439: Andreas Selmaier 
DMAICS-Zyklus zur Digitalisie-
rung in produzierenden 
Unternehmen 
FAPS, xv u. 185 Seiten, 73 Bilder, 19 
Tab. 2024. ISBN 978-3-96147-733-3. 

Band 440: Thomas Kistner 
Entwicklung von Modellen der 
Oberflächenform für die Messunsi-
cherheitsbestimmung von taktilen 
Koordinatenmessungen durch Si-
mulation 
FMT, xiii u. 134 Seiten, 64 Bilder, 
9 Tab. 2024. 
ISBN 978-3-96147-735-7. 

Band 441: Fabian Dworschak 
Selbstverstärkendes Lernen als 
Beitrag zur Automatisierung der 
Anpassungskonstruktion 
KTmfk, x, 205 Seiten, 87 Bilder, 16 
Tab. 2024. ISBN 978-3-96147-739-5. 

Band 442: Martin Killmann 
Vorspannung und Ermüdung von 
Kaltmassivumformwerkzeugen für 
unrunde Bauteilgeometrien 
LFT, ix u. 160 Seiten, 85 Bilder, 6 
Tab. 2024. ISBN 978-3-96147-741-8. 

Band 443: Ann-Kathrin 
Wiemann 
Beitrag zur Messunsicherheitser-
mittlung für die Messung großer 
Zahnräder zur Erweiterung des vir-
tuellen Koordinatenmessgerätes 
der Physikalisch-Technischen 
Bundesanstalt 
FMT, xxiv u. 133 Seiten, 41 Bilder, 
22 Tab. 2024. 
ISBN 978-3-96147-747-0. 

Band 444: Andreas Jobst 
Eigenspannungen beim Voll-Vor-
wärts-Fließpressen – Entstehung, 
Einstellung und Stabilität 
LFT, ix u. 162 Seiten, 89 Bilder, 5 
Tab. 2024. 
ISBN 978-3-96147-749-4. 

Band 445: Martin Anton Kraus 
Grundlagenwissenschaftliche Un-
tersuchungen zum Kaltfließpres-
sen kleinster metallischer Pin-
Strukturen aus der Blechebene 
LFT, x u. 191 Seiten, 64 Bilder, 10 
Tab. 2024. 
ISBN 978-3-96147-757-9. 

Band 446: Moritz Späth 
Assessment of microcirculation by 
shifted position-diffuse reflectance 
imaging (SP-DRI) 
LPT, xi u. 109 Seiten, 37 Bilder, 8 
Tab. 2024. ISBN 978-3-96147-759-3. 

Band 447: Benedikt Göddeke 
Methode zur Auswahl eines alter-
nativen Blechwerkstoffes für flexi-
bel gewalzte und direkt warmum-
geformte Karosseriestrukturbau-
teile 
LFT, xvi u. 222 Seiten, 66 Bilder, 27 
Tab. 2024. ISBN 978-3-96147-762-3. 

Band 448: Jan Hafenecker 
Systematische Untersuchung zur 
Blechumformung von Hybridbau-
teilen 
LFT, xxi u. 173 Seiten, 78 Bilder, 6 
Tab. 2024. 
ISBN 978-3-96147-764-7. 

Band 449: Sven Wirsching 
Numerische Optimierung von 
sekundären, geschmierten Punkt- 
und Ellipsenkontakten zur geziel-
ten Auslegung von Rollenlagern 
KTmfk, xxv u. 206 Seiten, 70 Bil-
der, 16 Tab. 2024. 
ISBN 978-3-96147-766-1. 

Band 450: Tobias Lechler 
Der Digitale Zwilling im Ramp-
down automatisierter Produkti-
onssysteme 
FAPS, xvii u. 152 Seiten, 83 Bilder, 
4 Tab. 2024. 
ISBN 978-3-96147-691-6. 

Band 451: Eva Russwurm 
Kombinierte Material- und 
Energieflusssimulation gleich-
strombasierter, automatisierter 
Produktionsanlagen 
FAPS, xvi u. 165 Seiten, 67 Bilder, 
13 Tab. 2024. 
ISBN 978-3-96147-770-8. 

Band 452: Janik Schaude 
Untersuchungen zur rasterkraft- 
und konfokalmikroskopischen 
Charakterisierung nanometrologi-
scher Referenzkörper 
FMT, x u. 167 Seiten, 74 Bilder, 4 
Tab. 2024. 
ISBN 978-3-96147-776-0. 

Band 453: Philipp Bräuer 
Nahinfrarot-Laser-Strukturierung 
und nasschemische Metallisierung 
von Aluminiumoxid mittels Laser-
Absorptionsschicht 
FAPS, xx u. 152 Seiten, 55 Bilder, 
19 Tab. 2024. 
ISBN 978-3-96147-780-7. 

Band 454: Andreas Michael 
Müller 
Definition and applications of the 
spatially discrete metrological de-
scriptor framework for triangle 
mesh geometry data in 3D coordi-
nate metrology 
FMT, x u. 220 Seiten, 75 Bilder, 
16 Tab. 2024. 
ISBN 978-3-96147-782-1. 

Band 455: Sina Martin 
Einstellung anisotroper Eigen-
schaften dielektrischer Elastomer-
systeme mittels eines selektiven 
Druckverfahrens 
FAPS, xxiii u. 166 Seiten, 76 Bilder, 
6 Tab. 2024. 
ISBN 978-3-96147-789-0. 

Band 456: Manuel Reck 
Grundlegendes Prozessverständnis 
zur Herstellung von Bauteilen mit 
texturierten Oberflächen durch 
Mikroprägen in einem kombinier-
ten Umformprozess 
LFT, ix u. 170 Seiten, 83 Bilder, 
10 Tab. 2025. 
ISBN 978-3-96147-798-2. 

Band 457: Simone Neermann 
Untersuchung photonischer Sin-
terverfahren und Entwicklung ei-
nes neuen elektrischen Messver-
fahrens zur Qualifizierung der Sin-
terung gedruckter Elektronik 
FAPS, xix u. 145 Seiten, 75 Bilder, 
6 Tab. 2025.  
ISBN 978-3-96147-800-2. 
  



Band 458: Christian Witzgall 
Berücksichtigung vorausgegange-
ner Ermüdungsschädigung in der 
Crashsimulation kurzfaserver-
stärkter Thermoplaste 
KTmfk, xxiv u. 201 Seiten, 109 Bil-
der, 19 Tab. 2025. 
ISBN 978-3-96147-802-6. 

Band 459: Lorenz Butzhammer 
3-D-Scantrajektorien für die 
dimensionelle Röntgen-Computer-
tomographie durch adaptive 
Messobjektneigung 
FMT, xvi u. 212 Seiten, 81 Bilder, 
2 Tab. 2025.  
ISBN 978-3-96147-812-5. 

Band 460: Benjamin Gerschütz 
Identifikation von Anwendungsfäl-
len und Integration datengetriebe-
ner Methoden im Produktentwick-
lungsprozess 
KTmfk, xi u. 209 Seiten, 56 Bilder, 
17 Tab. 2025.  
ISBN 978-3-96147-814-9. 

Band 461: Andreas Winkler 
Numerische Verschleißmodellie-
rung von trocken-, misch- und 
grenzreibungsbehafteten Wälz-
kontakten 
KTmfk, xx u. 263 Seiten, 118 Bilder, 
30 Tab. 2025. 
ISBN 978-3-96147-816-3. 

Band 462: Barbara Hansen 
Methode zur Berücksichtigung 
von Schwankungen der tribologi-
schen Halbzeugeigenschaften für 
die umformtechnische Herstellung 
von Karosseriebauteilen im Serien-
prozess 
LFT, x u. 163 Seiten, 64 Bilder, 13 
Tab. 2025. 
ISBN 978-3-96147-820-0. 

Band 463: Sebastian Hörlin 
Integration von Kurzzeitspeichern 
zur Erhöhung der Energieeffizienz 
von elektrischen Antriebssträngen 
FAPS, xxiii u. 155 Seiten, 78 Bilder, 
38 Tab. 2025. 
ISBN 978-3-96147-824-8. 

Band 464: Matthias Müller 
Potenziale und Perspektiven eines 
Ringschmiersystems zur Schmier-
stoffver-sorgung von Wälz- und 
Gleitlagern  
KTmfk, xiii u. 237 Seiten, 90 Bilder, 
27 Tab. 2025. 
ISBN 978-3-96147-826-2. 

Band 465: Andreas Hetzel 
Erarbeitung und Qualifizierung 
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Abstrakt 

Automatische optische Inspektionssysteme (AOI-Systeme) sind ein wich-
tiger Baustein intelligenter Fertigungssysteme. Sie ermöglichen die Erfas-
sung und Analyse optischer Daten zur Prozessüberwachung, -dokumenta-
tion und -optimierung. Die Kabelbaumbranche ist durch eine variantenrei-
che Fertigungsphilosophie, manuelle Montageprozesse und hohe 
Qualitätsanforderungen charakterisiert. In diesem Zusammenhang bieten 
AOI-Systeme ein erhebliches Potenzial, indem sie eine automatische Qua-
litätskontrolle, schnelle Fehlererkennung und Fehlersuche bei manuellen 
Prozessen ermöglichen.  

In dieser Arbeit wird die FastAOI-Methodik präsentiert. Diese Methodik 
stellt einen systematischen Ansatz zur Entwicklung intelligenter AOI-Sys-
teme unter Verwendung datengetriebener Techniken und synthetischer 
Daten bereit. FastAOI umfasst die Prozessschritte AOI-Planung, 3D-Pro-
duktmodellerstellung, Szenenerstellung und Datenverarbeitung. Der An-
satz nutzt Deep-Learning-Algorithmen, die mit synthetischen Daten trai-
niert wurden, um Kabelbaumkomponenten, einschließlich starrer und 
formlabiler Objekte, zu erkennen. Die Umsetzung und Validierung von 
FastAOI erfolgt in zwei AOI-Systemen zur Bild- und Punktwolkensegmen-
tierung. Die Forschungsergebnisse bestätigen die Anwendbarkeit von Deep 
Learning für eine exakte Kabelbaumsegmentierung. Zudem werden effek-
tive Strategien für die Integration synthetischer Daten in das Deep-Learn-
ing-Training und die Auswirkungen synthetischer Daten auf die Modell-
leistung aufgezeigt. 
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Huong Giang Nguyen

Automated Optical Inspection of
Deformable Linear Objects in
Wiring Harnesses Applying Deep
Learning and Synthetic Data

Automated optical inspection (AOI) systems are an important building block in intelligent manufactu-

ring systems. They enable the acquisition of optical data for process monitoring and documentation, 

while also facilitating process optimization through data analysis. The wiring harness industry, in 

particular, poses challenges due to a high-variant manufacturing philosophy, manual assembly 

processes, and quality requirements. In this context, AOI systems offer significant potential by 

enabling automated quality control, fast failure detection, and trouble-shooting of manual processes.  

This thesis introduces the FastAOI methodology, which provides a systematic approach for 

developing smart AOI systems using data-driven techniques and synthetic data. FastAOI com-

prises the process steps AOI planning, 3D product model creation, scene creation, and data 

processing. The approach leverages deep learning algorithms trained with synthetic data to 

detect wiring harness components, including both rigid and deformable linear objects. FastAOI 

is implemented and validated in two AOI systems, one for image and one for point cloud seg-

mentation, to demonstrate its applicability across multiple data modalities. The research results 

confirm the viability of deep learning for high-performance wiring harness segmentation. Fur-

thermore, effective strategies for synthetic data integration into deep learning training and the 

positive impact of synthetic data on the model performance are outlined.
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