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Abstract: Manufacturing companies are exposed to increased complexity and competition. To stay
competitive, companies need to minimize the total cost of quality while ensuring high transparency
about process–product relationships within the manufacturing system. In this context, the development
of technologies such as advanced analytics and cyber physical production systems offer a promising
approach. This paper discusses and defines essential elements of virtual quality gates in the context
of manufacturing systems. To support the planning and implementation of virtual quality gates,
a morphological box is developed which can be used to identify and derive an individual approach for a
virtual quality gate based on the specific characteristics and requirements of the respective manufacturing
system. Moreover, the framework is exemplified by three case studies from various industries and
resulting potential are discussed.
Keywords: virtual quality gates; cyber physical production systems; quality management;
quality prediction; quality inspection; machine learning

1. Introduction
Manufacturing companies need to increase their productivity by ensuring high-quality standards,
low-cost and short lead times to stay competitive. In this environment, companies have to ensure a
high product quality to meet customers’ demands [1,2]. In this context, quality can be defined as a
set of characteristics of a unit (e.g., product or process) regarding their suitability, to meet specified
and presupposed requirements [3]. Therefore, both product and process quality need to be addressed
to achieve the required product quality. For quality inspection, a distinction can be made between
measurement technology on the product and measurement technology on the process to meet the
quality requirements [4].
In general, manufacturing companies try to improve or maintain a high quality while maximizing
the efficiency of the overall system. Figure 1 shows the challenges of finding an optimal trade-off
between effort for error prevention and resulting costs in case of occurring errors. Manufacturing with
a minimum amount of quality errors, even toward “zero-defect” production, is of course a promising
vision to achieve. However, it requires high efforts—e.g., for physical inspection of product properties
with high (temporal and spatial) resolutions and establishment of adaptive control regimes based
on defined quality gates. Furthermore, high product variants lead to an increased complexity of
quality inspection planning and operation. Consequently, with increasing error prevention, the cost of
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especially in the context of product quality, transparency und understanding of process–product
relationships, which describe interactions and the impact of the manufacturing processes on the
resulting intermediate product features and vice versa, are of great importance. Moreover, to derive
proper quality management strategies, knowledge about the propagation and the detection of
intermediate product feature changes along manufacturing processes is essential. Therefore, the
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design of inspection processes is an important task in the planning and operation of manufacturing
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To decrease the total cost related to quality measurements and reduce rework and scrap, it is
To overcome the limitations of physical measurements within the quality inspection such as
necessary to consider the complete process chain instead of single and isolated processes. Therefore, it is
non-value adding process times for inspection, accuracy, flexibility and related efforts, virtual quality
important to understand dynamics and interdependencies within the process chain. Here, especially in
gates can be developed based on digital methods, tools and technologies [6]. Therefore, existing or
the context of product quality, transparency und understanding of process–product relationships,
easy-to-obtain data from the physical production (e.g., shop floor) are used for a valid virtual model
which describe interactions and the impact of the manufacturing processes on the resulting intermediate
to predict the current product and process properties and thus are the basis for advanced QM and
product features and vice versa, are of great importance. Moreover, to derive proper quality
the improvement of the quality while maintaining a high transparency with low cost at the same
management strategies, knowledge about the propagation and the detection of intermediate product
time.
feature changes along manufacturing processes is essential. Therefore, the design of inspection
Against this background, central elements and characteristics of virtual quality gates are
processes is an important task in the planning and operation of manufacturing systems with regard to
discussed and defined. The paper is structured as follows: Chapter 2 gives insights on the theoretical
product and process quality.
background of cyber physical systems and quality gates. Chapter 3 discusses applications of virtual
Digitalization is a major trend in manufacturing which creates new opportunities for advanced
quality gates in manufacturing and concludes with derived research demands for virtual quality
quality management (QM). There are already numerous QM methods, tools and technologies that have
gates. Chapter 4 presents the theoretical framework for the design and implementation of virtual
already been implemented or are in the process of implementation.
quality gates. Chapter 5 presents three case studies with an exemplary application of the
To overcome the limitations of physical measurements within the quality inspection such as
aforementioned framework in lithium-ion battery cell manufacturing, aluminum die casting and
non-value adding process times for inspection, accuracy, flexibility and related efforts, virtual quality
printed circuit board production. Chapter 6 discusses the potential and challenges of virtual quality
gates can be developed based on digital methods, tools and technologies [6]. Therefore, existing or
gates (VQGs) while Chapter 7 gives an outlook on further research demand.
easy-to-obtain data from the physical production (e.g., shop floor) are used for a valid virtual model to
predict the current product and process properties and thus are the basis for advanced QM and the
improvement of the quality while maintaining a high transparency with low cost at the same time.
Against this background, central elements and characteristics of virtual quality gates are discussed
and defined. The paper is structured as follows: Section 2 gives insights on the theoretical background
of cyber physical systems and quality gates. Section 3 discusses applications of virtual quality gates
in manufacturing and concludes with derived research demands for virtual quality gates. Section 4
presents the theoretical framework for the design and implementation of virtual quality gates. Section 5
presents three case studies with an exemplary application of the aforementioned framework in
lithium-ion battery cell manufacturing, aluminum die casting and printed circuit board production.
Section 6 discusses the potential and challenges of virtual quality gates (VQGs) while Section 7 gives
an outlook on further research demand.
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The aim of manufacturing processes is to transform raw material into final products by
value adding to meet the customers’ requirements. This value adding consists of the physical
transformation of the products (e.g., transforming geometry, aggregate state, and chemical composition).
Consequently, product states with their respective features change with every process step [24,25].
At each QG, the current product states are measured with specific technologies such as vision inspection
at certain observation points within the process chain. An intermediate product state (IPS) characterizes
an intermediate product at a certain observation point along the manufacturing process chain by
a combination of intermediate product features (IPFs) [24]. An IPF is defined as a quantitative
(e.g., temperature) or qualitative (e.g., material composition) description of the product itself as well
as definable and deterministic measurements [26,27]. At a QG, the IPS with its measured IPF is
checked against previously defined target values and classifies them—for example, as good or bad
products. Moreover, the process quality of a production process can be measured by analyzing certain
process parameters (PPs). Here, the process capability can be assessed or a certain PP can be evaluated
regarding its position within a predefined process window.
Figure 4. Overview of Quality Gate Concept within the Manufacturing System (adapted from [25]).

the completion of an intermediate product. This can be achieved by measuring certain quality
attributes defined within the quality requirements of this intermediate product or process
requirements (e.g., process capability) [23]. Here, the concept of quality gates (QGs) has been
introduced in the past. The idea of this concept is to systematically divide a defined manufacturing
chain into different quality-relevant decision points. Along these QGs, the perceived quality of the
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Within a manufacturing system, different relationships or dependencies between PPs and
IPFs can occur. Regarding the IPF and PP, bi-directional relations between IPF and PP may exist.
However, a forward relation can appear between a PP and successor IPF at certain observations.
Forward relations can also occur between two following IPFs or between random IPFs. Due to the
direct influence of PPs on IPFs and vice versa, the consideration of the process quality besides the
consideration of the product quality is of great importance for the overall quality.
Basically, QG can be characterized and designed based on the inspection tasks performed. These tasks
are provided by an inspection plan. Based on [28,29], inspection plans include the following specifications:
•
•
•
•
•
•
•

relevant inspection characteristics (what)
inspection point (when)
inspection type (how)
inspection extend (how much)
inspection place (where)
inspection personnel (who)
inspection equipment (whereby)

The identification of inspection characteristic is based on, e.g., design drawings, working plan
or technical terms of delivery. These inspection characteristics can, for example, be displayed by
geometry (length) or physical (material composition) properties of the respective product. The process
to identify characteristics is defined by an assessment of inspection necessity [29]. The inspection
point can typically be divided into “incoming inspection”, “intermediate inspection” and “end-of-line
inspection” [28–30]. The inspection type is differentiated into two forms. Qualitative inspection results
refer to attributive values such as “good/bad” or “yes/no”. However, quantitative inspection is based
on measured IPF such as length or height. Therefore, these results are more detailed and can be used
for further analysis and modeling. The inspection extend defines the share or amount of parts that
are inspected. With full inspection, 100% of all parts are subject to inspection and it is usually used
for security sensitive products with high costs [30]. A sample inspection is performed according to
predefined external or internal standards. The sample sizes need to be sufficient to assess the respective
quality of the products. No inspection is used when no further inspection is needed—for example, if the
product confirmation is already evident (e.g., product requirements are fulfilled) [28]. The inspection
place is, e.g., dependent on the specific inspection characteristics, the inspection equipment and the
manufacturing system characteristics. A manual inspection can be either performed directly during the
process (inline inspection) or at special inspection locations (offline inspection). Otherwise, the product
just passes through a QG where inspectors perform further tests. Alternatively, automated inspection
stations such as a QG process the measured data. This can then be used for, e.g., the adjustment of
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manufacturing processes [28]. The inspection personnel are determined by the respective inspection
place and equipment. For example, complex inspection stations and equipment can only be operated
by qualified employees [30]. The main selection criteria for inspection equipment are the capability of
inspection devices in terms of measurement accuracy and the necessary tolerances of the inspection
characteristics. Furthermore, additional factors such as necessary investments, inspection times or
required training for the inspector must be taken into account [4,28].
Advancements towards digitalization over the past decade have made it possible to indirectly
measure or infer the quality of a product during manufacturing processes by simulations, soft sensors
or data-driven models. These developments allow the design and implementation of virtual quality
gates (VQGs). In this context, VQG can be understood as an addition or substitution of traditional QG.
Moreover, VQG can improve inspection processes by reducing testing times and increasing the accuracy
and flexibility of the inspection technology through the almost real-time processing. According to [31],
four different quality-related tasks can be identified:





Quality description
Quality prediction
Quality classification
Parameter optimization

3. State of Art and Research
3.1. Applications of Virtual Quality Gates in Manufacturing
A review of the literature shows that several approaches contribute to the concept of VQGs
(see Table 1). The identified approaches are classified by two criteria: (i) the considered scope of inspection
(i.e., single process vs. process chain VQGs) and (ii) the deployed data source—i.e., the independent
variables, as inputs for the cyber world. Manufacturing process data from a single process
(e.g., melting temperature in degrees Celsius at a discrete time in an extrusion process) is used by [32–34].
Several authors show approaches on a single process that rely on continuous value series from the
process, such as temperature sensor data within a metal casting mold. These approaches require data
preprocessing to be suitable for data-driven methods; however, they facilitate the extraction of large
quantities of representative features [13,35,36]. VQG approaches that capture the effects of process
chains on the IPF or final product properties (FPPs) are proposed by [37,38] (i.e., discrete process data)
and [39] (i.e., value series). In contrast to process data (and external factors), several VQG approaches
rely on product data—i.e., design parameters and/or IPF. A single process level [40] uses histogramand shape-based features of pictures gathered from an optical sensor for defect detection via a random
forest classifier in composite parts manufacturing. A deep neural network approach for the prediction
of shear angles for a composite draping process based on finite element simulations is shown in [41].
Likewise, [42] proposes a combination of finite element simulation with machine learning for creating a
VQG with detailed spatial quality characteristics exemplified by an overmolded thermoplastic composite.
Finally, at the process chain level, the use of product data to predict the product quality in downstream
processes is shown by [25,43–45].
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Table 1. Exemplary applications in the field of virtual quality gates (VQGs).
Data Source

Process data (and external factors)—
i.e., process parameters; state variables;
ambient conditions; superior system data

Product data—
i.e., design parameters; intermediate
product features

Single Process VQG

Process Chain VQG

Discrete

Garcia et al. 2019 [32]
Tercan et al. 2019 [33]
Gellrich et al. 2019 [34]

Kao et al. 2017 [37]
Arif et al. 2013 [38]

Value series

Gao et al. 2014 [35]
Lee et al. 2018 [13]
Wang et al. 2017 [36]

Lieber et al. 2013 [39]

Zambal et al. 2018 [40]
Pfrommer et al. 2018 [41]
Hürkamp et al. 2020 [42]

Schmitt et al. 2020 [43]
Filz et al. 2020 [25]
Thiede et al. 2019 [44]
Turetskyy et al. 2020 [45]

The results of the literature analysis show that no unified framework for the design and
implementation of VQG exists. To fill the gap, a morphological box was developed which can
be used to identify and derive an individual approach for a virtual quality gate based on the specific
characteristics and requirements.
3.2. Objectives and Fields of Action
As indicated before, VQGs bear significant potential to improve the QM and can strongly
contribute towards zero-defect strategies in manufacturing. With higher quality-related transparency
and potential inline use, VQGs can significantly reduce occurring errors in manufacturing systems
while—through utilizing existing or relatively easy-to-obtain data—keeping additional efforts at a
reasonable level. There are different fields of action that can be addressed through VQGs [25,34,42–44]:
•

•

•

•

•

Fast and comprehensive quality estimation of parts: as a primary function, VQGs allow a
part-specific estimation of one or multiple (intermediate or final) properties of a product and,
thus, a well-based decision can be made if it is within the required technical specifications. Due to
the nature of quality control, a broad coverage of products (100% inspection) without additional
process time can be achieved. VQGs could also be applied where physical measurements are
hardly possible due to technical or spatial restrictions in the manufacturing systems.
Inline process control: based on the individual part quality estimations and the fast processing
models, an inline control of processes is possible while potentially also taking into account effects
from previous steps of the process chain.
Process chain control: related to the previous point, reliable information regarding the status of
individual parts also allows an extended usage in later process steps. One obvious point is to
avoid further processing of potentially bad parts. However, the dynamic derivation of corrective
actions to bring them back into the specifications is also possible—e.g., the adaption of later
processes or selective assembly of matching parts.
Process parameter adaption: the underlying models bring together different influencing factors
and give clear indication regarding their individual relevance/criticality for a successful production
process. Therewith, the identification and adaption of critical parameters or other influencing
factors allow the derivation of further quality and general production improvement strategies
from a more strategic perspective as well.
Advanced tracking and tracing: the gathered information and estimated properties create an
individual fingerprint of products. Together with an appropriate IT infrastructure (e.g., for part
identification), advanced opportunities are given for tracing potential root causes of failures over
the later value chain or even in later states of the product life cycle.
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4. Framework of Virtual Quality Gate Design and Implementation
4.1. Technical Framework of Virtual Quality Gates
In the following, the developed technical framework for a virtual quality gate is presented in
Figure 5, based on the CPPS framework, as explained in Section 2.1. The framework covers four
major levels: I. physical world, II. data acquisition, III. cyber world and IV. decision support/control.
Each level can be divided into different characteristics that need to be defined for implementing a VQG.
Therefore, the physical world explains which information is required in order to assess and understand
the current situation (understanding of production type and inspection). Data acquisition gives insights
into the characteristics that need to be defined regarding data gathering in order to obtain needed data
for the VQG from available data sources. In the cyber world, modeling approaches are explained that
can be utilized to obtain desired product characteristics from acquired data. Decision support gives
insights into how derived product characteristics are used to enable decision support or even direct
production control.
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4.2. Physical World
The physical world reflects the actual design and characteristics of the respective “real”
The physical world reflects the actual design and characteristics of the respective “real”
manufacturing system. With a focus on QM, performance criteria such as the error rate or pseudo-error
manufacturing system. With a focus on QM, performance criteria such as the error rate or pseudorate as well as mean rework time arise. These indicators are the basis for analysis and improvement
error rate as well as mean rework time arise. These indicators are the basis for analysis and
purposes. Moreover, state variables such as normal force or power demand describe the system
improvement purposes. Moreover, state variables such as normal force or power demand describe
behavior. In addition, the system behavior is also affected by internal influences such as special room
the system behavior. In addition, the system behavior is also affected by internal influences such as
conditions (e.g., temperature or humidity) or external influences such as properties of incoming material
special room conditions (e.g., temperature or humidity) or external influences such as properties of
(e.g., tolerances). However, design and control parameters such as feed, cutting speed or specific
incoming material (e.g., tolerances). However, design and control parameters such as feed, cutting
machine characteristics actively influence the manufacturing system behavior. These variables and
speed or specific machine characteristics actively influence the manufacturing system behavior.
parameters serve as the basis for quality control by creating a link between the requirements from product
These variables and parameters serve as the basis for quality control by creating a link between the
requirements from product design and actual production as they provide, e.g. inspection
characteristics. Furthermore, within the physical world the amount of machines and processes, the
age of machines, cycle times and mean lead times are defined. Moreover, the product variants to be
produced are specified.
Next to the mentioned quantitative characteristics, the physical world also defines the
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design and actual production as they provide, e.g. inspection characteristics. Furthermore, within the
physical world the amount of machines and processes, the age of machines, cycle times and mean lead
times are defined. Moreover, the product variants to be produced are specified.
Next to the mentioned quantitative characteristics, the physical world also defines the production
type of the designed system (e.g., discrete or continuous processes). Moreover, through its design,
inspection equipment and places are derived.
4.3. Data Acquisition
In order to obtain and to store the needed or desired data for a VQG, its source and type need to
be specified, its accessibility needs to be determined—i.e., how this data can be obtained—and a data
storage solution needs to be derived. The first two attributes (data source and data format) are mostly
defined by the information from the previous phase—physical world. Data accessibility is usually
dependent on the data source and the data storage needs to be derived based on the intended usage
(cyber world).
Various data sources exist in production; some of them are spreadsheets, lab protocols or data files
in general (e.g., excel files, word files, image files, etc.), control software (Supervisory Control and Data
Acquisition (SCADA)), planning and design software (e.g., Enterprise and Resource Planning (ERP),
Computer Aided Design (CAD), etc.), process automation (e.g., Computerized Numerical Control
(CNC), Programmable Logic Control (PLC), etc.), sensors, etc. In the specified source, the data are
usually available in a certain format—e.g., single value, time series, spatial data, image data, etc.
Based on the information of the data source and the data format, data accessibility is reviewed and
evaluated with regard to intended usage in the cyber world. In the context of VQGs, quality-related
data are of the highest importance. These data are either acquired inline of the production chain
or through offline inspection of an intermediate product. The data can be stored in files which can
be acquired either manually, by uploading through graphical user interfaces (GUIs) or by using
an extraction transformation and loading process (ETL) if their directory is defined and accessible.
Data stored in software applications can be, e.g., accessed through the application’s database via queries.
Continuously running applications (SCADA, ERP, PLC, etc.) could have standardized communication
protocols (e.g., open platform communication unified architecture (OPC-UA), ModBus, PROFINET,
PROFIBUS, etc.) that can be accessed and used to acquire data. Sensors might also have communication
protocols, or can be read out via analogue or digital signals. More often, sensors are read out by small
Internet of things (IoT) devices and can make-up a whole IoT device network.
The choice of data management, if entirely needed, is also made with regard to the cyber world and
the intended application. Since the IoT devices become more and more durable and performant, they also
can be used for data management, allowing to store small amounts of data either decentralized or on the
edge. Furthermore, the data can be stored centralized, either on premise, if the IT support is guaranteed,
or on the cloud. For data management, various technologies exist for on premise or cloud data storage
(e.g., Hadoop distributed file system (HDFS), MySQL, MongoDB, Amazon web services (AWSs), etc.).
4.4. Cyber World
Within a VQG, the main target of the cyber world is to analyze or predict the properties of the
physical product. The modeled properties can be, on the one hand, IPFs for intermediate products or,
on the other hand, FPPs for the final product. Another central task of the cyber world is to transform
the quality prediction into knowledge that is used for automated process control or, most commonly,
transmitted to the operator as decision support—e.g., in terms of an assistance system. Possible options
to deliver appropriate decision support are, for example, user-friendly, interactive and easy-to-interpret
model-based visualizations (e.g., localized failures and failure information within a three-dimensional
product plot) or the simulation of effects of downstream processes on the product quality to derive action
plans on product routing or process control. For modeling the cyber world of a VQG, four approaches
can be distinguished:
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Data Mining
Simulation
Hybrid Modeling
Visual Analytics

As shown within the literature review (see Section 3.1), several approaches draw on data mining
for virtual quality inspection. Through data-driven modeling, i.e., machine and deep learning,
transparency towards process–product relationships can be achieved and trained models can be
applied for quality prediction. According to their purpose, data-driven modeling can be divided into
two general categories: (1) supervised learning and (2) unsupervised learning [46]. The first one,
most commonly used in quality prediction, requires labeled samples that are, for instance, acquired by
product inspection—e.g., non-destructive X-ray inspection or destructive tensile testing. The second
category, unsupervised learning, does not require labeled quality data. This type of learning tries to
find patterns or trends within process data or product data (i.e., IPF or FPP). The patterns can be used
as a starting point for further data analysis [39]. Secondly, simulation approaches can be used to model
the cyber world of a VQG—e.g., physics-based and numerical modeling as well as discrete event and
agent-based simulations [47]. For example, through the finite element method several IPFs can be
modeled based on process and material parameters [40]. However, these approaches come with the
drawback of a time-consuming computation for complex parts. First, approaches address this drawback
by hybrid modeling through building data-driven surrogate models of finite element simulations that
appropriately capture the simulated characteristics and are additionally real-time capable [41,42,48].
These approaches for building an online VQG through combining data-driven modeling and simulation
illustrate the key idea of hybrid modeling which to entails the combination of more than one modeling
paradigm. Lastly, visual analytics can be applied to a VQG, as a single modeling approach or as
a hybrid modeling approach in conjunction with machine learning or simulation. In this context,
an example could be the visualization and analysis of clustering-based IPF propagation along a process
chain through a Sankey diagram (see case study III, Section 5.3). Furthermore, an approach with a
specified loop for knowledge discovery, covering the four elements of data, visualization, models and
knowledge and defining visual analytics as a combination of automated analysis techniques with
interactive visualizations for effective understanding, reasoning and decision making on the basis of
very large and complex data sets is presented in [49]. A survey on the state-of-the-art methods with
regard to available commercial visual analytics software was performed by [50]. By the emphasis on
interactivity within visual analytics, the analyst stays in charge of the uncovering process and product
quality issues that can be directly found within the raw process and product data or constructed by
model-based process–product relationships.
4.5. Decision Support
The decision support ensures the feedback loop from the cyber world back into the physical
world while involving the human. This feedback loop contains information derived from the VQG
regarding the product and process quality. Here, the focus is on decision support in the sense of more
precise feedback and not on the control of machines or individual components. This evaluation and
processing of derived information and knowledge can be subdivided into the following characteristics:
product scale, application scale, level of insight, and level of decision support.
The product scale and application scale evaluate the information defining the characteristic of the
product addressed and the quantification of product information. The product scale characterizes the
information derived by the VQG regarding the product in terms of the IPFs and FPPs. These values
can represent the suitability of the previous process and the resulting intermediate product.
The application scale characterizes the applicability of the information derived by the VQG on the
quantified amount of products/intermediate products. It provides information regarding the question
on whether the tracked information concerns a single product, several products, the whole product
batch or refers to a product in continuous production.
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The level of insight characterizes the maturity of the derived information from the quality
gate based on the data analytics’ maturity [51]. It can therefore be either diagnostic, descriptive,
predictive or prescriptive. In the context of VQGs, diagnostic relates to the obtained information that
only characterizes the product. Descriptive defines information additional to product characteristics and
also describes why the product characteristics are the way they are. The feature predictive defines the
derived information provided by the VQG and allows a prediction of future events—e.g., describing the
performance of the final product based on its IPFs. Prescriptive means that the provided information
already directly addresses the improvement of the current situation or the product. The level of
decision support defines the level of abstraction on which the obtained information is used to improve
the current situation—e.g., the physical world. These levels of abstraction range from sole information
output,
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Chapters 2 and 3. In addition to the basic characteristics of inspection planning, an additional focus
was put on the design of the virtual elements such as data mining or data management in the context
of CPPSs.
To depict the characteristics in more detail, different possible functions are assigned to each
characteristic. These functions can, e.g., be possible methods, tools and technologies of the
characteristic. By combining functions of different characteristics and levels, a path identifying a VQG
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In addition to the basic characteristics of inspection planning, an additional focus was put on the
design of the virtual elements such as data mining or data management in the context of CPPSs.
To depict the characteristics in more detail, different possible functions are assigned to each
characteristic. These functions can, e.g., be possible methods, tools and technologies of the characteristic.
By combining functions of different characteristics and levels, a path identifying a VQG is given.
Therefore, with the help of a morphological box, a high variety of different possible solutions solving a
comparable issue can be identified.
5. Case Studies
5.1. Case Study I: VQG in the Manufacturing Chain of Lithium-Ion Battery Cells
Future mobility concepts highly rely on electrically powered vehicles, with the current state-of-the-art
energy storage technology being the Lithium-ion battery (LIB) [53]. Its complex manufacturing chain can
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batteries and future battery technologies.
In the following, the VQG concept, as depicted in Figure 8a, for the manufacturing of LIB cells
In the following, the VQG concept, as depicted in Figure 8a, for the manufacturing of LIB cells is
is put into the context of the framework described in Chapter 3.2. The overarching goal is to evaluate
put into the context of the framework described in Section 3.2. The overarching goal is to evaluate the
the quality of the intermediate products based on their influence of the obtained IPF on the final
quality of the intermediate products based on their influence of the obtained IPF on the final product
product properties (FPPs) of the LIB cell. Each VQG is defined by a target value (TV) as a desired IPF
properties (FPPs) of the LIB cell. Each VQG is defined by a target value (TV) as a desired IPF and
and a tolerance range, which are used to predict a value as well as a potential range for the latter FPP.
a tolerance range, which are used to predict a value as well as a potential range for the latter FPP.
With each new obtained IPF, the calculated range for the FPPs is decreased and the potential FPP
With each new obtained IPF, the calculated range for the FPPs is decreased and the potential FPP value
value is estimated. With this, an insight into the quality of the produced intermediate product (IP) is
is estimated. With this, an insight into the quality of the produced intermediate product (IP) is given
given and the decision making in terms of QM is supported.
and the decision making in terms of QM is supported.
The physical world of the presented VQG approach focuses on the entire manufacturing chain,
The physical world of the presented VQG approach focuses on the entire manufacturing chain,
as depicted in Figure 8, and represents a gate-to-gate approach. Offline and inline inspection are
as depicted in Figure 8, and represents a gate-to-gate approach. Offline and inline inspection are
performed along the entire chain to evaluate the perceived quality of each IP and tracked through a
performed
along the entire chain to evaluate the perceived quality of each IP and tracked through a
traceability system to enable the seamless tracing of all allocated data to a specific product
traceability
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enable
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acquisition techniques. With the manual data acquisition, the data are acquired from offline sources,
such as test beds, which generate files that can be uploaded into a database on premise through a
designed front-end. The automated data acquisition acquires sensor and production machines’ data
via standardized communication protocols (e.g., OPC-UA, PROFINET) and transmit it to an
industrial acquisition system (SCADA) or directly to a database—e.g., via Node.js. The data format
represents process parameters, state variables and ambiance conditions (e.g., temperature, humidity)
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With the manual data acquisition, the data are acquired from offline sources, such as test beds,
which generate files that can be uploaded into a database on premise through a designed front-end.
The automated data acquisition acquires sensor and production machines’ data via standardized
communication protocols (e.g., OPC-UA, PROFINET) and transmit it to an industrial acquisition
system (SCADA) or directly to a database—e.g., via Node.js. The data format represents process
parameters, state variables and ambiance conditions (e.g., temperature, humidity) as time series
as well as presenting intermediate product features and final product properties as single values.
Through a tracking and tracing system, the operational data of each production or single product
are acquired. These data cover the five dimensions—when, where, who, what and why—to enable a
unique traceability of all intermediate and final products along the manufacturing chain. The first two
dimensions are acquired automatically by defining thresholds in the power load of each process to
detect the processing state. The missing three dimensions are acquired through a web interface at each
process step. To cover a possible information loss during the cutting of an electrode coil into single
sheet, a data matrix code (DMC) is imprinted onto the current collector and scanned during the cell
assembly
process,
to track
single electrode inside a LIB cell.
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Figure 8.
Quality gate concept for Lithium-Ion Battery (LIB) cell production; (b)
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mobile device at each processing step as well as in a production control dashboard.
5.2. Case Study II: VQG in Aluminum Die Casting
Casting processes are very complex in nature and are characterized by a high variability and
non-linearity, phase conversions and interactions between process parameters and their
environment. Due to these characteristics as well as missing direct feedback for the worker on the
current casting performance, i.e., time delay of several minutes between casting and quality
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5.2. Case Study II: VQG in Aluminum Die Casting
Casting processes are very complex in nature and are characterized by a high variability and
non-linearity, phase conversions and interactions between process parameters and their environment.
Due to these characteristics as well as missing direct feedback for the worker on the current casting
performance, i.e., time delay of several minutes between casting and quality inspection, a data-driven
VQG for active decision-support can serve as a viable approach. Several improvements and insights can
be obtained throughout the VQG concept, such as need-based work instructions, less non-value adding
activities, reduced manual inspection efforts (e.g., confident likelihood of no failure) and transparency
towards stable process settings, critical state variables as well as cause–effect relationships.
In the following, a VQG concept for the aluminum die casting of automotive components is
depicted. The VQG targets data-driven decision support for stable process settings. Aluminum die
casting can be divided into hot and cold areas. Cold areas encompass the machining of the casted
parts, quality inspections (e.g., X-ray inspection and crack test) as well as part assembly. The casting
part quality is to the greatest extent determined within the hot areas, such as melting, casting and heat
treatment. Hence, the physical world of the presented VQG focuses on single process step casting,
which encompasses the following substeps: A crucible with molten aluminum is positioned at the
casting line. Using a robot-guided ladle, the molten aluminum is poured from the crucible, transferred to
one of the casting pitches and poured in the mold. Inside the actively cooled mold, the aluminum
solidifies until the raw component can be removed automatically by a robot. The part is passed into a
cooling basin, followed by the separation of a sprue and riser system and, finally, a non-destructive
visual and X-ray quality inspection is conducted. Due to the components safety requirements, a full
inspection of each part is pursued, delivering an extensively labeled training data set.
As data types within data acquisition process parameters (e.g., hardening time), state variables
(e.g., mold temperature) as well as the final product properties, binary classification in good parts
(OK) and defects (NOK) is considered. The measurement of process parameters and state variables
is part-specific and carried out at discrete times (e.g., mold temperature at casting start). In total,
the modeling comprises 23 independent features and a binary target variable. For tracking and
tracing, a part-specific unique identifier is created and its data protocol is updated at the master PLC
throughout the process chain from crucible placement until cooling. Before cooling, a DMC is printed
on the casted part containing the unique identifier. The code can be read at all downstream processes
(e.g., X-ray inspection), which enables the fusion of process data with quality data. The two data
sources, PLC and X-ray inspection station, are accessed via OPC-UA and data management is carried
out on-premise within an industrial cloud solution.
Within the cyber world, a hybrid approach in terms of data mining (i.e., class association
rules mining) and visual analytics is pursued. The acquired raw data require some preprocessing
steps. Most importantly, discretization and balancing—e.g., random under-sampling, are performed.
For class association rule mining, the a-priori algorithm of the R package is used in conjunction with
a fixed right-hand side (i.e., binary product quality). Depending on the defined model parameters,
e.g., minimum threshold for confidence and support, shallow or more complex rules are extracted.
These rules are further analyzed through a graph-based visual analytics approach—see Figure 9a.
The plot reveals 800 rules that can be allocated to three clusters: the top left cluster represents
stable process parameters; the bottom right encompasses process parameters with a higher error
induction, and lastly one cluster covers parameters with ambiguous allocations to the distinct ones.
Additionally, the plot characteristics, such as the hue—i.e., the darker the color, the higher the lift value
of a rule—and positioning—e.g., close position to a class highlights strong dependency—support the
analyst in interpretation.
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The VQG delivers operational and tactical decision support on measures for stable process
parameters and state variables on a continuous range, e.g., hardening time, less than the specific
value of the threshold. These measures deviate from the identified set of most influential rules and
can be interactively analyzed within a business intelligence tool (e.g., Qlik), as shown in Figure 9b,
for the feature hardening time. These tools allow the analyst to examine the influence and sensitivity
of parameters on the NOK ratio as well as cumulative effects through overlaying filters. Figure 9c
shows the effect on the NOK ratio (orange line) caused by cumulative measures. Within this use
case based on the ten most influential measures, a significant reduction in the NOK ratio is indicated.
However, only a small share of the whole data set is manufactured under the identified conditions yet
(blue bars). The identified measures need to be validated and can serve as key variables for an online
process monitoring and control.
5.3. Case Study III: VQG in Printed Circuit Board Production
This case study covers the printed circuit board (PCB) assembly in electronic production.
Observed defects are often a combination of effects from several processes. To improve the overall
quality and reduce scrap and rework, it is necessary to consider the complete process chain instead of
single and isolated processes. Therefore, it is important to understand dynamics and interdependencies
within the manufacturing system. To derive proper QM strategies, knowledge about the propagation
and the detection of IPF changes along the process chain is essential [26,27].
Within this case study, different intermediate product states based on IPF are defined.
Moreover, by using machine learning algorithms, intermediate product states with similar IPF
are assigned to product classes. By visualizing the propagation of these classes through the complete
manufacturing system, the process and product quality transparency can be improved. In addition,
the concept is supposed to allow the analysis of interactions and the product state propagation within
the manufacturing system.
The physical world of the following case study focusses on the printed circuit board (PCB)
assembly in electronic production. The PCB production line adopted for this case study focusses on
surface-mounted technology (SMT). Here, the individual components are placed on the surface of the
PCB and soldered conductively. During the printing process, soldering paste is dispersed onto the
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surface of the PCB. This is followed by the solder paste inspection (SPI). To ensure a reliable connection
of the components, a defined amount of solder paste is needed and variations in the solder paste
volume have to be minimized. The products are then inserted into the pick and place (P&P) machine.
The P&P machine places the individual components on the liquid solder in several sequential steps.
After placing all components on the board, the PCB pass through a reflow oven in which the solder is
melted and the connection pins are firmly soldered to the PCB. The automated optical inspection (AOI)
checks the PCB after the reflow oven as a final examination at the end of line. All PCBs are checked
100% (full inspection and non-destructive) at the two considered physical inspection stations, SPI and
AOI, and deliver the underlying data basis.
Within data acquisition, data types such as integer and float are measured. These are, in particular,
values from the inspection process such as solder height or angle of a component on the PCB.
Moreover, intermediate product properties results are considered at each inspection station in terms
of binary classification in good parts (OK) and defects (NOK). The inspection data are accessed by a
MES that is connected to the machines via different protocols such as UPC-UA or MQTT. The data
are managed in a structured database within a cloud solution. The tracking and tracing is based on a
unique barcode that is assigned to each PCB. Moreover, a DMC is lasered into the PCB surface for
identification purposes. All data are directly assigned to the barcode, which enables a clear assignment
of data to the respective product.
Within the cyber world, a data-driven visual analytics approach is chosen using unsupervised
machine
which
in Figure 10.
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has to be defined [56,57]. The most common density-based algorithm is Density-Based Spatial
The most common density-based algorithm is Density-Based Spatial Clustering of Applications with
Clustering of Applications with Noise (DBSCAN) which is also the underlying algorithm applied in
this case study. The inspection results of SPI and AOI are treated as two different observations.
Hence, the observation specific data are clustered separately. To build an appropriate clustering
model, an iterative parameter refinement is performed.
This approach delivers operational and tactical decision support by describing the propagation
and analyzing interdependencies of the IPC within the manufacturing process chain of PCB
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Noise (DBSCAN) which is also the underlying algorithm applied in this case study. The inspection
results of SPI and AOI are treated as two different observations. Hence, the observation specific data
are clustered separately. To build an appropriate clustering model, an iterative parameter refinement
is performed.
This approach delivers operational and tactical decision support by describing the propagation
and analyzing interdependencies of the IPC within the manufacturing process chain of PCB assembly.
Therefore, it is important to visualize existing IPC flows within the system. To gain even more insight
into the characteristics of IPCs within electronic manufacturing process chains, the propagation from
the
inspection
stations
SPI
AOI
is exemplarily
shown by a Sankey diagram in Figure 11. 17 of 21
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The developed framework offers a structured approach to analyze the propagation of IPCs
6. Conclusions
along
the manufacturing process chain. Based on this, the behavior of different products within a
manufacturing system can be tracked and specific control strategies can be derived. The approach is
The results of this paper show a guided framework for the design and implementation of VQGs
iterative
withthe
multiple
in ordersystem
to achieve
valid
model parameters.
to improve
qualityvisualizations
in the manufacturing
while
maintaining
high transparency regarding
the product and process quality with a low cost at the same time. Within the framework, the
6. Conclusions
individual characteristics of the VQG are assigned to the four levels of the CPPS. Moreover, different
The results
of this
a guided
framework
the design
and implementation
of VQGs
possible
functions
arepaper
linkedshow
to each
characteristic.
Tofor
ensure
accessibility
and applicability
and toto
improve
in the
manufacturingofsystem
maintaining
high transparency
regarding
supportthe
the quality
design and
implementation
VQGs,while
the framework
is based
on a morphological
box.the
product
quality
a low
cost
at the same time.
Within
thedifferent
framework,
individual
In and
orderprocess
to illustrate
thewith
design
and
implementation
options,
three
casethe
studies
were
characteristics
of
the
VQG
are
assigned
to
the
four
levels
of
the
CPPS.
Moreover,
different
possible
introduced in this paper to discuss the implementation and use of VQGs. Figure 12 gives an overview
functions
are VQG
linkedspecifications
to each characteristic.
ensure
accessibility
and applicability
and
support
the
of different
based on To
case
studies
I to III, discussed
in Chapter
5. to
The
different
design
and implementation
of VQGs,
frameworkfor
is the
based
on a morphological
box.
case studies
are characterized
by theirthe
specification
different
levels of the CPPS.
InThe
order
illustrate
the design
implementation
options,
three different
case studies
were
casetostudies
discussed
in thisand
paper
clearly show that
the developed
framework
can be used
to implement
VQGs
in numerous
Moreover, all three
examples
show
applications
in different
introduced
in this
paper
to discuss ways.
the implementation
and use
of VQGs.
Figure
12 gives an
overview
sectors
with different
hardware
software
data
and data
ofindustrial
different VQG
specifications
based
on case and
studies
I to III,components
discussed in(e.g.,
Section
5. format
The different
case
sources).
Furthermore,
with
the
help
of
the
presented
framework,
physical
inspection
equipment
can
studies are characterized by their specification for the different levels of the CPPS.
be substituted resulting in reduced quality costs and the transparency of product quality in the
manufacturing system can be increased by acquiring and modeling respective data within a CPPS.
With focus on the implementation of VQGs, the logical structure of the morphological box provides
a structured decision support to select from different possible functions and combines those to an
individual VQG solution. Moreover, an extension of the morphological box, e.g., by new
technologies, is supported and thus a high flexibility is given.
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trustworthiness of manufacturing data and to leverage the field of data security especially within the
manufacturing environment can be addressed.
Author Contributions: Conceptualization, M.-A.F., S.G., A.T., J.W. and S.T.; methodology, M.-A.F., S.G., A.T.,
J.W. and S.T.; formal analysis, M.-A.F., S.G., A.T., J.W., C.H. and S.T.; investigation, M.-A.F., S.G., A.T., J.W. and
S.T.; resources, M.-A.F., S.G., A.T., J.W. and S.T.; data curation, M.-A.F., S.G., A.T., J.W.; writing—original draft
preparation, M.-A.F., S.G., A.T., J.W. and S.T.; writing—review and editing, M.-A.F., S.T.; visualization, M.-A.F., S.G.,
A.T., J.W. and S.T.; supervision, C.H.; project administration, C.H.; funding acquisition, S.T. and C.H. All authors
have read and agreed to the published version of the manuscript.
Funding: This work is part of the Project “QU4LITY”. The project has received funding from the European Union’s
Horizon 2020 research and innovation program with the grant agreement NO 825030. Moreover, the authors
thank the BMWI-Federal Ministry of Economic Affairs and Energy for supporting the project DALION 4.0-Data
Mining as basis for cyber-physical Systems in Production of Lithium-ion Battery Cells (03ETE017A).
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.
3.
4.
5.
6.

7.
8.
9.
10.
11.
12.
13.
14.

15.
16.
17.
18.

Kiani, B.; Shirouyehzad, H.; Khoshsaligheh Bafti, F.; Fouladgar, H. System dynamics approach to analysing
the cost factors effects on cost of quality. Int. J. Qual. Reliab. Manag. 2009, 26, 685–698. [CrossRef]
Gebauer, H.; Gustafsson, A.; Witell, L. Competitive advantage through service differentiation by
manufacturing companies. J. Bus. Res. 2011, 64, 1270–1280. [CrossRef]
International Standards Organisation. DIN EN ISO 9001:2015-11: Quality Management Systems—Requirements;
International Standards Organisation: Geneva, Switzerland, 2015.
Pfeifer, T.; Schmitt, R. Fertigungsmesstechnik, 3rd ed.; Oldenbourg Wissenschaftsverlag: München, Germany, 2010.
Omachonu, V.K.; Suthummanon, S.; Einspruch, N.G. The relationship between quality and quality cost for a
manufacturing company. Int. J. Qual. Reliab. Manag. 2004, 21, 277–290. [CrossRef]
Majstorovic, V.D.; Durakbasa, N.; Takaya, Y.; Stojadinovic, S. Advanced Manufacturing Metrology in
Context of Industry 4.0 Model. In Proceedings of the 12th International Conference on Measurement and Quality
Control—Cyber Physical Issue. IMEKOTC14 2019; Majstorovic, V., Durakbasa, N., Eds.; Lecture Notes in
Mechanical Engineering; Springer: Cham, Switzerland, 2019. [CrossRef]
Lee, E.A.; Seshia, S.A. Introduction to Embedded Systems. A Cyber-Physical Systems Approach, 2nd ed.; MIT Press:
Cambridge, MA, USA, 2017; Volume 195.
Baheti, R.; Gill, H. Cyber-physical Systems. Impact Control Technol. 2011, 12, 161–166. [CrossRef]
Thiede, S. Environmental Sustainability of Cyber Physical Production Systems. Procedia CIRP 2018, 69,
644–649. [CrossRef]
Monostori, L. Cyber-physical production systems: Roots, expectations and R&D challenges. Procedia CIRP
2014, 17, 9–13. [CrossRef]
Thiede, S.; Juraschek, M.; Herrmann, C. Implementing Cyber-physical Production Systems in Learning
Factories. Procedia CIRP 2016, 54, 7–12. [CrossRef]
Lee, J.; Bagheri, B.; Kao, H.A. A Cyber-Physical Systems architecture for Industry 4.0-based manufacturing
systems. Manuf. Lett. 2015, 3, 18–23. [CrossRef]
Lee, J.H.; Do Noh, S.; Kim, H.J.; Kang, Y.S. Implementation of cyber-physical production systems for quality
prediction and operation control in metal casting. Sensors 2018, 18, 1428. [CrossRef] [PubMed]
Ding, K.; Chan, F.T.S.; Zhang, X.; Zhou, G.; Zhang, F.; Ding, K.; Chan, F.T.S.; Zhang, X.; Zhou, G. Defining a
Digital Twin-based Cyber- Physical Production System for autonomous manufacturing in smart shop floors.
Int. J. Prod. Res. 2019, 57, 1–20. [CrossRef]
Zhou, J.; Zhou, Y.; Wang, B.; Zang, J. Human–Cyber–Physical Systems (HCPSs) in the Context of
New-Generation Intelligent Manufacturing. Engineering 2019, 5, 624–636. [CrossRef]
Zhou, J.; Li, P.; Zhou, Y.; Wang, B.; Zang, J.; Meng, L. Toward New-Generation Intelligent Manufacturing.
Engineering 2018, 4, 11–20. [CrossRef]
Liang, Y.C.; Li, W.D.; Lu, X.; Wang, S. Fog computing and convolutional neural network enabled prognosis
for machining process optimization. J. Manuf. Syst. 2019, 52, 32–42. [CrossRef]
Ji, W.; Wang, L. Big data analytics based fault prediction for shop floor scheduling. J. Manuf. Syst. 2017, 43,
187–194. [CrossRef]

J. Manuf. Mater. Process. 2020, 4, 106

19.

20.

21.

22.
23.
24.
25.
26.
27.

28.
29.
30.

31.
32.

33.

34.

35.
36.
37.
38.
39.

20 of 21

Subramaniyan, M.; Skoogh, A.; Salomonsson, H.; Bangalore, P.; Bokrantz, J. A data-driven algorithm to predict
throughput bottlenecks in a production system based on active periods of the machines. Comput. Ind. Eng.
2018, 125, 533–544. [CrossRef]
Neef, B.; Bartels, J.; Thiede, S. Tool Wear and Surface Quality Monitoring Using High Frequency CNC
Machine Tool Current Signature. In Proceedings of the IEEE 16th International Conference on Industrial
Informatics, INDIN 2018, Porto, Portugal, 18–20 July 2018; IEEE: Porto, Portugal, 2018; pp. 1045–1050.
Thiede, S.; Turetskyy, A.; Loellhoeffel, T.; Kwade, A.; Kara, S.; Herrmann, C. Machine learning approach for
systematic analysis of energy efficiency potentials in manufacturing processes: A case of battery production.
CIRP Ann. 2020. [CrossRef]
Um, J.; Stroud, I.A.; Park, Y. Deep Learning Approach of Energy Estimation Model of Remote Laser Welding.
Energies 2019, 12, 1799. [CrossRef]
Wirtz, A.; Gächter, C.; Wipf, D. From Unambiguously Defined Geometry to the Perfect Quality Control Loop.
CIRP Ann. 1993, 42, 615–618. [CrossRef]
Wuest, T.; Liu, A.; Lu, S.C.-Y.; Thoben, K.-D. Application of the Stage Gate Model in Production Supporting
Quality Management. Procedia CIRP 2014, 17, 32–37. [CrossRef]
Filz, M.-A.; Gellrich, S.; Herrmann, C.; Thiede, S. Data-driven Analysis of Product State Propagation in
Manufacturing Systems Using Visual Analytics and Machine Learning. Procedia CIRP 2020, 93, 449–454. [CrossRef]
Wuest, T.; Irgens, C.; Thoben, K.-D. An approach to monitoring quality in manufacturing using supervised
machine learning on product state data. J. Intell. Manuf. 2014, 25, 1167–1180. [CrossRef]
Wuest, T.; Irgens, C.; Thoben, K.-D. Analysis of Manufacturing Process Sequences, Using Machine Learning
on Intermediate Product States (as Process Proxy Data). In Advances in Production Management Systems.
Competitive Manufacturing for Innovative Products and Services, APMS 2012; Emmanouilidis, C., Taisch, M.,
Kiritsis, D., Eds.; IFIP Advances in Information and Communication Technology; Springer: Berlin/Heidelberg,
Germany, 2013; Volume 398. [CrossRef]
Liangsiri, J. Assembly Process Improvement by Means of Inspection Planning and Corresponding Tolerance
Planning—A Modelling and Simulation Approach. Ph.D. Thesis, TU Dortmund, Dortmund, Germany, 2007.
VDI/VDE/DGQ 2619, Richtlinie zur Prüfplanung; Beuth Verlag: Berlin, Germany, 1985.
Basse, I.; Jansen, C.; Schmitt, S.; Schmitt, R. A decision model for cost-optimized inspection planning.
In Proceedings of the 2013 International Conference on Engineering, Technology and Innovation (ICE) & IEEE
International Technology Management Conference, The Hague, The Netherlands, 24–26 June 2013; pp. 1–15.
Rostami, H.; Dantan, J.-Y.; Homri, L. Review of data mining applications for quality assessment in
manufacturing industry: Support vector machines. Int. J. Metrol. Qual. Eng. 2015, 6, 401. [CrossRef]
García, V.; Sánchez, J.S.; Rodríguez-Picón, L.A.; Méndez-González, L.C.; de Jesús Ochoa-Domínguez, H.
Using regression models for predicting the product quality in a tubing extrusion process. J. Intell. Manuf.
2019, 30, 2535–2544. [CrossRef]
Tercan, H.; Guajardo, A.; Meisen, T. Industrial Transfer Learning: Boosting Machine Learning in Production.
In Proceedings of the 2019 IEEE 17th International Conference on Industrial Informatics (INDIN),
Helsinki, Finland, 22–25 July 2019; pp. 274–279.
Gellrich, S.; Beganovic, T.; Mattheus, A.; Herrmann, C.; Thiede, S. Feature Selection Based on Visual Analytics
for Quality Prediction in Aluminium Die Casting. In Proceedings of the 2019 IEEE 17th International
Conference on Industrial Informatics (INDIN), Helsinki, Finland, 22–25 July 2019; pp. 66–72.
Gao, R.X.; Tang, X.; Gordon, G.; Kazmer, D.O. Online product quality monitoring through in-process
measurement. CIRP Ann. Manuf. Technol. 2014, 63, 493–496. [CrossRef]
Wang, P.; Gao, R.X.; Yan, R. A deep learning-based approach to material removal rate prediction in polishing.
CIRP Ann. 2017, 66, 429–432. [CrossRef]
Kao, H.-A.; Hsieh, Y.-S.; Chen, C.-H.; Lee, J. Quality prediction modeling for multistage manufacturing based
on classification and association rule mining. MATEC Web Conf. 2017, 123, 00029. [CrossRef]
Arif, F.; Suryana, N.; Hussin, B. A Data Mining Approach for Developing Quality Prediction Model in
Multi-Stage Manufacturing. Int. J. Comput. Appl. 2013, 69, 35–40. [CrossRef]
Lieber, D.; Stolpe, M.; Konrad, B.; Deuse, J.; Morik, K. Quality Prediction in Interlinked Manufacturing
Processes based on Supervised & Unsupervised Machine Learning. Procedia CIRP 2013, 7, 193–198. [CrossRef]

J. Manuf. Mater. Process. 2020, 4, 106

40.

41.
42.

43.
44.
45.
46.
47.
48.

49.

50.

51.
52.
53.
54.
55.
56.
57.

21 of 21

Zambal, S.; Eitzinger, C.; Clarke, M.; Klintworth, J.; Mechin, P. A digital twin for composite parts manufacturing:
Effects of defects analysis based on manufacturing data. In Proceedings of the 2018 IEEE 16th International
Conference on Industrial Informatics (INDIN), Porto, Portugal, 18–20 July 2018; pp. 803–808.
Pfrommer, J.; Zimmerling, C.; Liu, J.; Kärger, L.; Henning, F.; Beyerer, J. Optimisation of manufacturing process
parameters using deep neural networks as surrogate models. Procedia CIRP 2018, 72, 426–431. [CrossRef]
Hürkamp, A.; Gellrich, S.; Ossowski, T.; Beuscher, J.; Thiede, S.; Herrmann, C.; Dröder, K. Combining Simulation
and Machine Learning as Digital Twin for the Manufacturing of Overmolded Thermoplastic Composites. J. Manuf.
Mater. Process. 2020, 4, 92. [CrossRef]
Schmitt, J.; Bönig, J.; Borggräfe, T.; Beitinger, G.; Deuse, J. Predictive model-based quality inspection using
Machine Learning and Edge Cloud Computing. Adv. Eng. Inform. 2020, 45, 101101. [CrossRef]
Thiede, S.; Turetskyy, A.; Kwade, A.; Kara, S.; Herrmann, C. Data mining in battery production chains
towards multi-criterial quality prediction. CIRP Ann. 2019, 68, 463–466. [CrossRef]
Turetskyy, A.; Wessel, J.; Herrmann, C.; Thiede, S. Data-driven cyber-physical System for Quality Gates in
Lithium-ion Battery Cell Manufacturing. Procedia CIRP 2020, 93, 168–173. [CrossRef]
Joshi, A.V. Machine Learning and Artificial Intelligence; Springer International Publishing: Cham, Switzerland, 2020.
Sokolowski, J.A.; Banks, C.M. Modeling and Simulation Fundamentals: Theoretical Underpinnings and Practical
Domains; John Wiley & Sons, Inc.: Hoboken, NJ, USA, 2010.
Hürkamp, A.; Dér, A.; Gellrich, S.; Ossowski, T.; Lorenz, R.; Behrens, B.-A.; Herrmann, C.; Dröder, K.;
Thiede, S. Integrated computational product and production engineering for multi-material lightweight
structures. Int. J. Adv. Manuf. Technol. 2020. [CrossRef]
Keim, D.; Andrienko, G.; Fekete, J.-D.; Görg, C.; Kohlhammer, J.; Melancon, G. Visual Analytics: Definition,
Process and Challenges. In Information Visualization—Human-Centered Issues and Perspectives; Kerren, A.,
Stasko, J.T., Fekete, J.-D., North, C., Eds.; Springer: Berlin/Heidelberg, Germany, 2008; pp. 154–175.
Behrisch, M.; Streeb, D.; Stoffel, F.; Seebacher, D.; Matejek, B.; Weber, S.H.; Mittelstadt, S.; Pfister, H.;
Keim, D. Commercial Visual Analytics Systems–Advances in the Big Data Analytics Field. IEEE Trans. Vis.
Comput. Graph. 2019, 25, 3011–3031. [CrossRef]
Laney, D.; Bitterer, A.; Sallam, R.L.; Kart, L. Predicts 2013: Information Innovation. Gart. Res. 2012.
Zwicky, F.; Wilson, A.G. (Eds.) New Methods of Thought and Procedure; Springer: Berlin/Heidelberg, Germany, 1967.
Kwade, A.; Haselrieder, W.; Leithoff, R.; Modlinger, A.; Dietrich, F.; Droeder, K. Current status and challenges
for automotive battery production technologies. Nat. Energy 2018, 3, 290–300. [CrossRef]
Schnell, J.; Reinhart, G. Quality Management for Battery Production: A Quality Gate Concept. Procedia CIRP
2016, 57, 568–573. [CrossRef]
Turetskyy, A.; Thiede, S.; Thomitzek, M.; von Drachenfels, N.; Pape, T.; Herrmann, C. Toward Data-Driven
Applications in Lithium-Ion Battery Cell Manufacturing. Energy Technol. 2020, 8. [CrossRef]
Cleve, J.; Lämmel, U. Data Mining, 1st ed.; De Gruyter Oldenbourg: Berlin, Germany; Boston, MA, USA, 2014.
Kotu, V.; Deshpande, B. Predictive Analytics and Data Mining, 1st ed.; Morgan Kaufmann: Burlington,
MA, USA, 2014.

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

