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Abstract

Disposable plastic packaging is widespread due to its low cost, efficiency, and ease of production. On the
contrary, its slow biodegradation contributes to long-term environmental pollution. This favors paperboard
as a more sustainable and recyclable alternative. However, to effectively control the compression-drawing
process for producing paperboard cups, it is essential to manage the interactions between the material and
various process parameters (e.g., blankholder force, tool temperature), as well as ambient conditions.
Targeted moistening of the material has been shown to stabilize the process, further increasing the overall
complexity. The main challenge is coordinating all these interdependent parameters during each production
cycle to ensure a stable paperboard production process. As part of a joint project between Fraunhofer IWU
and TU Dresden, an intelligent process control system was developed and implemented on a paperboard cup
compression-drawing demonstrator. This paper highlights the development and deployment of this control
system, emphasizing the integration of digital twin technology and machine learning to adaptively regulate
process parameters of paperboard compression-drawing. The result of such control system is a robust
manufacturing process and consistent cup quality, paving the way for more intelligent and sustainable
packaging processes.
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1. Introduction and motivation
The packaging industry constitutes a globally significant economic sector. It’s projected to increase from
$1.14 trillion in 2024 to $1.38 trillion by 2029, representing a 3.89% compound annual growth rate over the
forecast period. (2024-2029) [1]. And while single-use plastics in packaging are increasingly restricted due
to pollution and non-recyclability, paperboard offers a sustainable and recyclable alternative, leading many
countries to prioritize eco-friendly packaging solutions. The Packaging Act [2] enacted in Germany is an
example of such to promote circular economy and increasing recycling rates. Replacing plastic requires
production rates comparable to conventional packaging. Although the compression-drawing process can
meet this demand, drawing paperboard remains a challenging despite extensive research work. In [3] the
interactions between paperboard material and compression-drawing tool were extensively evaluated. This
research established that the quality of paperboard parts produced by compression-drawing can be primarily
measured by number of wrinkles. High wrinkle numbers correlate with high dimensional quality and
stability. In [4] and [5], the influences and interactions of dominant process parameters, such as blankholder
force, friction, etc. were thoroughly investigated. Among these, die temperature and blankholder force were
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identified as the most significant parameters, with both improving wrinkle distribution and producing finer,
more uniform patterns. In [6,7], It was found that ambient conditions such as humidity and temperature alter
the paper’s moisture content, influencing how the paper deforms and how defects develop during drawing.
The research from [8] further showed that targeted moistening can stabilize paperboard cups, with optimal
formability achieved at 7-11% moisture. This moisture range softens the material, reducing defects and
ensuring shape stability under controlled temperatures.

The challenge therefore lies in ensuring robust process performance in paperboard compression-drawing
process by coordinating targeted material moistening with the identified key process parameters
(blankholder force and die temperature) for each production cycle. This highlights the relevance of
developing an intelligent process control system that could enable continuous adaptation of process
parameters across production cycles. Here, Machine Learning (ML) algorithms may be applied for adaptive
control under varying process and environmental conditions. A sheet metal drawing process described in [9]
utilized a data-driven controller approach, which is analogous to the methodology of the current research.
The authors combined digital twins and machine learning involving key parameters (local lubrication,
friction, and blankholder force) to predict the produced part geometry in real time, achieving improved part
quality post-optimization. While this approach has been successfully demonstrated for sheet metal drawing
application, its effectiveness in paperboard drawing remains to be established. Consequently, the presented
paper investigates the development and deployment of an intelligent process control system that predicts the
quality of a drawn paperboard cup based on moisture, die temperature, and blankholder force, and optimizes
these parameters throughout each production cycle on an industrial control system. This research work was
done through a joint project between Fraunhofer IWU and TUD on a paperboard cup production
demonstrator. An intelligent control system, named the Technology Control Model (TCM), was realized by
combining digital twin approach with ML.

The paper is organized as follows: Chapter 2 reviews the literature concerning the primary technologies
integrated into TCM, specifically digital twins and ML, while Chapter 3 details the used research
demonstrator and it’s process flow. Chapter 4 presents the methodology for developing and deploying the
TCM. Finally, Chapter 5 provides a summary of the findings and highlights the future outlook.

2. Digital twins and machine learning in production
This chapter introduces the topic of digital twins and machine learning, examining their distinct use cases
within the production environment. Furthermore, establishing the relevance of these technologies to the
TCM developed for the paperboard compression-drawing application.

2.1 Simulation models and Digital twin

Digital twin technology, a core Industry 4.0 innovation, models, simulates, and optimizes manufacturing
systems, improving efficiency, reducing downtime, and supporting lifecycle management [10]. Due to the
broad application of this technology across different sectors, there have been diverse range of definitions
identified in a systematic review in [11] based on aspects like models, data, links, and functions. In [12] the
digital twin was defined as a digital representation of a physical object or a system that reflects its properties,
condition and behavior in real time. In [13] and [14], often the term digital twin was used for a simple CAD,
a simulation model or a data based counterpart mirroring physical entity in real time. In [15], the digital twin
concept was explored through interoperability and standardization, with the Asset Administration Shell
(AAS) as the core architecture for managing and storing asset data throughout its lifecycle. According to the
definition in [12], the digital twin is the final result of the development process, which begins with a simple
3D representation and proceeds via a simulation model. An example scenario of different digital twin
applications across the three phases (planning, commissioning, and operation) is shown in Figure 1.
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In Phase 1, the machine is not available and remains in the planning, concept, or ideation stage. The aim is
to transition from real to digital, converting sketches into digital formats such as CAD data to support
efficient development decisions.

In Phase 2 VC is defined as method for the early development and validation of programmable logic
controller (PLC) code using a simulation model. In such simulation, kinematic structures are modelled onto
available CAD data using joints and motors [16], [17] and [18]. When coupling such simulation with
controls, there are mainly three configurations:

e Modelin the Loop [MiL]: Simulation models are tested in a virtual simulation without physical hardware

e Software in the Loop [SiL]: Real software is integrated into a virtual simulation through emulated
versions, but no physical hardware is involved.

e Hardware in the Loop [HiL]: Physical hardware is integrated into a virtual simulation to test real-time
system interactions

Finally in Phase 3, the machine is operational and real-time data is available. The digital twin can now mirror
the real machine, enabling data-based solutions such as anomaly detection, predictive maintenance, or edge
solutions.
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Figure 1: Phases of digital twins (from planning to operation)

During the digital engineering phase, the FE-Simulations facilitates the synthetic data generation required to
train the ML model. Subsequently, in the VC stage, a simulation model is utilized for TCM validation prior
to physical deployment. Consequently, in the third stage of the process, TCM is deployed into controls and
functions as the required data-based solution to effectively control the process parameters.

2.2 Machine learning (ML)
Machine Learning (ML) refers to the field of Artificial Intelligence that allows applications to learn from
data, instead of being programmed for every task, enabling the development of smart, real-time engineering
applications [19]. Frequently used ML models in manufacturing, including Convolutional Neural Networks
(CNN), Restricted Boltzmann Machines, Autoencoders, and Recurrent Neural Networks, must be carefully
selected based on their use case [20]. In [21], a complex welding process was optimized via ML involving
several process parameters like tool life, defects, process optimization, corrosion rate prediction, and grain
size estimation. Different ML-models were studied where CNN achieved the highest accuracy of > 95%
accuracy in image-based defect detection but required large datasets. This resulted in optimized parameters
and good quality welds. In [22], 3D printing process was optimized via different ML approaches involving
process parameters like bed temperature, cooling, layer speed and width, etc. Random Forest showed highest
accuracy of 97.5%, suggesting it correctly predicts or classifies 97.5% of the instances in the test dataset.
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Similarly, in [23], two optimization methods using ML were studied to intelligently determine the injection
molding process parameters. Results showed that it’s possible to intelligently control the process and achieve
near to zero defects in final product, however more data collection was suggested. Depending on the type of
problem, computing requirements and timeframe, experts chose the suitable ML-model. For example,
tabular/structured data may go better with Random Forest while CNN is better suited to image processing.

Based on the literature studied, it is evident that digital twins and ML are known to be effective parts of
industrial automation. The presented research combines both technologies into a Technology Controls
Model (TCM) to enable robust paperboard production, aligning its manufacturability with that of plastic cup
production. TCM is a data-driven controller trained with simulation data. It is based on three main
components (ML model, quality assessment and optimization) and predicts the number and distribution of
wrinkles based on the current condition of the paper and planned process parameters.

3. Paperboard cup production machine as project demonstrator

The paperboard cup production demonstrator utilized in this research project initially comprised three core
modules: cutting, compression-drawing, and sealing. To address the needed parameter spectrum and to
enable a part evaluation, the demonstrator was extended with two additional modules: humidification and
quality assessment. The humidification module applies controlled moisture to the paperboard before the
compression-drawing process, operating in sync with the system cycle, with adjustable duration and
intensity. The quality module evaluates cup quality by detecting wrinkles using transmitted-light imaging
with an industrial camera and surface light positioned after the compression-drawing process. Figure 2
illustrates the process flow (P1-P12) of the demonstrator machine used in this research work, showing the
sequence of operations.
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Figure 2: Process flow of demonstrator machine and produced paperboard cup

Operational control supports manual and automatic modes, with production setpoints defined via traditional
input or a Python interface for a Python-based learning controller. The demonstrator is capable of producing
drawn paperboard cups from a single web of material. During production, the target values, process
variables, and quality parameters are recorded.
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4. Methodology
This chapter introduces the methodology to develop and deploy the TCM. As shown in Figure 3, the method
is divided into the development of the four modules: data acquisition, the development of the TCM, virtual
commissioning and the deployment in the machine control as briefly detailed further:
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Figure 3: Methodology for TCM development and deployment

4.1 Data acquisition

The first step is to generate the synthetic dataset for the training of the TCM. This was achieved using a
Finite-Element (FE) simulation which predicts cup geometry, especially the wrinkle pattern, depending on
the process parameters and material properties. The FE-simulation was also employed to ascertain whether
material failure occurs. It is noteworthy that in this study, the qualitative relationship between cup geometry
and process parameters/ material conditions was sufficient. Consequently, relatively simple material and
friction models were employed in order to reduce calibration effort and computing times. Tensile and friction
tests were performed for varying material temperatures and moisture contents in order to calibrate the FE-
simulation. Further, compression-drawing experiments were conducted on a laboratory setup with the same
tool geometry as the production demonstrator. This experimental dataset was used to validate the FE-
simulation in terms of material failure and wrinkle pattern for varying moisture content, tool temperature
and blank holder force. Exemplary for the gathered data, Figure 4 presents the process window, which was
analyzed as part of this research work. Further details on this analysis can be found in [24].
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Figure 4: Process window for compression-drawing cups with conditioned material at three moisturization levels
(Standard — Medium - High) [24]
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Additionally, a comprehensive examination of the FE-simulation, also conducted as part of this research, is
available in [25]. The validated FE-simulation reliably maps cup quality and process limits. However, due
to the high computational intensity, its application for real-time predictions is not feasible. Therefore, as a
second step, the TCM was developed.

4.2 Development of TCM

The TCM, which consists of three main components, operates according to the following scheme: the
moisture content of each blank is measured at the production demonstrator prior to compression-drawing.
Subsequently, an ML-model predicts the quality of the resulting cup. In the event of material failure,
adjustment of the process parameters is imperative. Conversely, if an intact part is predicted, a quality
algorithm assesses the wrinkle pattern (number and distribution) of the forecast. The objective is to fabricate
parts that exhibit numerous, uniformly dispersed wrinkles. In the event that deficiencies are identified, it is
necessary that the process parameters undergo adjustment. This alteration was facilitated by an optimization
algorithm. The adjusted process parameters were communicated to the control of the production
demonstrator and modified prior to the occurrence of a defective cup. Ultimately, the TCM facilitates an
adaptive stroke-to-stroke control, thereby ensuring the consistent production of cups of high quality, even in
the presence of changing material properties, such as fluctuating material moisture content.

4.2.1 Training of ML-Model

The ML-model was trained using the synthetic dataset from section 4.1. In the context of a stroke-to-stroke
control, the parameters and material properties that are subject to variation during the process are of
particular relevance. Preliminary findings as already discussed in Chapter 1 indicate that the moisture content
of the blank, the blank holder force, and the temperature of the die are factors that must be taken into
consideration. These three process parameters are, therefore, the inputs of the ML-model. The moisture
content of the blank was calculated from the measured moisture content and the planned moistening duration.
According to the inputs provided, the part geometry and wrinkle pattern were predicted. A convolutional
neural network (CNN) was used for this purpose. Comprehensive details concerning the selection of the
model, the specific architecture, and the outputs can be found in [25].

422 Quality Assessment and Optimization Algorithm

The predictions of the ML-model undergo an evaluation of the wrinkle pattern. For this purpose, the
positions of nodes defined on the flange of the part serve as a signal. The evaluation of this signal achieved
through the implementation of the discrete Fourier transform and yields a scalar value. This scalar value
serves to not only quantify the number of wrinkles but also to assess their distribution. A thorough exposition
of the quality algorithm can be found in [21]. In the event that the quality algorithm indicates substandard
quality or material failure, the determination of optimized process parameters is executed via a grid search.
More complex optimization strategies, such as Particle Swarm Optimization or Metaheuristics, require
greater computational resources and are most advantageous when dealing with large-scale problems. In the
current context, the optimization encompasses a mere three parameters, which are constrained within a
limited range due to the constricted nature of the process window. Consequently, a grid search exhibits an
advantageous effort-use ratio. The grid search varies the three inputs of the ML-model systematically within
the process limits. For each parameter combination, a prediction is generated using the ML model and
evaluated by the quality algorithm. Within the parameter combinations that do not exhibit material failure,
the one with the highest quality forecast is automatically selected. The calculation of the requisite spraying
duration is contingent upon the optimal material moisture content, and the adjusted process parameters are
communicated to the control of the production demonstrator.
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4.3 Virtual Commissioning (VC)

The primary objective of VC was to minimize safety risks and ensure a validated TCM. The initial plan
involved connecting a virtualized version of demonstrator controller (Bosch-CML75) to the VC model to
conduct SiL simulations involving “what-if” disturbance scenarios with generated virtual I/O’s. However,
since the necessary connector for the controller was unavailable, real-time communication was adopted as
the alternative. Consequently, a functional integration check of the TCM was only possible within a virtual
environment using Model-in-the-Loop (MiL) simulation connected to real-time controller values via OPC-
UA. This ensured that the TCM responded to machine control values and operated continuously throughout
the production cycles. The TCM was integrated inside the VC model in the Open Neural Network Exchange
format (ONNX). ONNX provides an open-source framework designed to facilitate the interoperability of
machine learning models across different platforms. As for the VC model development, CAD model of the
paperboard cup demonstrator was imported, segmented into assemblies, and kinematized. C# logic was
developed to manage the process flow and trigger the execution of the ONNX model. Finally, reference
workpieces representing produced cups at various stages were integrated to illustrate material flow and
achieve visualization of near-realistic process.

The resulting VC model, illustrated in Figure 5,
incorporates the following technical features:

e Realistic simulation of the entire process flow

o  Workpiece creation for visualization reference

e  Model-in-the-Loop (MiL) simulation

e ONNX test in VC model

e OPC UA communication for data exchange §
(digital shadow)

e Can be used for employee training (integrated
with VR)

Figure 5: Virtual commissioning model of paperboard cup
production demonstrator

4.4 Controls deployment
In this module, the TCM was deployed to the controls of the demonstrator machine with setup involving
different applications integrated into the Industrial-PC (IPC), as illustrated in Figure 6 .

Demonstrator machine

Quality Assessment

Optimization

Algorithm
& Applications
docker Gﬁg © influxdb
Visualization Databank
control unit

Figure 6: TCM deployment to demonstrator machine

The Bosch Rexroth CML 75 control unit, utilizing Sercos III for high-speed, real-time communication, forms
the backbone of the current control system. This unit was programmed and configured using the IndraWorks
Engineering Software, which facilitates the setup, commissioning, and diagnostics of the Bosch control
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hardware. For data management, InfluxDB, a time-series database was configured to handle the high-
frequency data streams generated by the machine. The InfluxDB instances were visualized through Grafana,
a web-based tool that allows operators to monitor real-time data and visualize historical trends. Data
exchange between the system components was managed using OPC UA (Unified Architecture), a
standardized communication protocol that ensures secure, platform-independent data transfer across the
network. The Bosch control unit utilized an integrated OPC UA server to communicate with a custom client
on the IPC. The TCM module, Grafana, and InfluxDB were deployed via Docker on the IPC, which was
directly connected to the demonstrator. The TCM operated on an IPC near the machine, communicated via
OPC-UA and calculated a quality forecast for every production cycle. This ensured that wrinkle distribution
remained within predefined tolerances. Finally, TCM performance was assessed based on part quality and
adaptive control of temperature and humidification, by comparing its capabilities to conventional fixed
setpoint specifications.

5. Results and Discussion

To evaluate how the TCM performs compared with conventionally fixed parameter setups, cycled
production tests were performed. Under stable production conditions, fixed parameter setups achieved a
100% yield across 10 samples with an average wrinkle count of 95+5. In comparison, the TCM reached a
96% yield over a 50-cup cycle at a production rate of 3.3 pieces per minute, maintaining quality by adaptively
controlling temperature and humidification duration. Among the good cups from this run, 78% exhibited a
wrinkle count between 80 and 100, indicating good quality. The remaining 22% of the cups can be classified
as very good quality with wrinkle counts over 100. The TCM was able to incrementally increase the die
temperature up to 120°C, as required for each production cycle. Furthermore, by adjusting blankholder
forces in response to moisture content fluctuations in the blanks, the TCM successfully formed quality-
compliant cups. A second test series, comprising a total of 20 samples, was conducted to evaluate the
performance of fixed parameter settings and the TCM under disturbed production conditions. To simulate
these disturbances, a spray bottle was used to manipulate the material moisture content of selected blanks,
resulting in significant changes to the material properties of subsequent blanks. The conventional fixed
parameter setups failed to produce quality-compliant cups from the manipulated blanks. In contrast, the
TCM demonstrated adaptability by modifying process parameters, particularly the blank holder force, to
compensate for altered material properties. Consequently, both manipulated and undisturbed blanks were
successfully formed into quality-compliant cups. This implies that the primary advantage of using TCM lies
in its ability to adapt to unexpected events, such as unusually high material moisture content. In this scenario,
the TCM system adjusted the process parameters in real-time, enabling the production of cups to meet quality
requirements. In contrast, conventional control systems resulted in rejected products due to major defects.
This adjustment enhanced process robustness against fluctuating environmental conditions.

The presented work successfully developed and deployed an intelligent process control system on a
demonstrator that produced paperboard cups from a continuous web using compression-drawing. The
comprehensive framework for its development combined digital twins and ML in a methodological approach
based on four modules (see Chapter 4), resulting in Technology Control Model (TCM). The produced TCM
not only successfully predicted paperboard cup quality from key process parameters but also optimized and
adjusted them in coordination with the industrial control system. It was found that under stable initial
conditions, the TCM showed no significant advantage over conventionally fixed parameters. However, TCM
demonstrated its strength in the provocation tests in which the material moisture of individual blanks was
specifically changed. A primary limitation found was that the TCM was trained solely on synthetic data
where the moisture and temperature ranges were limited (<80°C and >6.7%). Despite this limitation, the
TCM functioned as intended, predicting and optimizing parameters to ensure robust paperboard
compression-drawing, while paving the way for innovative and sustainable manufacturing. Future
improvements will focus on integrating real production data and product tracking.

83



Acknowledgements

The authors gratefully acknowledge financial support from the German Federal Ministry for Economic
Affairs and Climate Action (BMWK) via grant number 011F22573N (Project: commissioning of intelligent
production systems).

References

(]

[10]

[11]

[12]

[13]

[14]

Abenghal, L., Bley, J., Tolnai, B., Njamen, G., Chabot, B., 2025. Development of a new sustainable packaging
paper based on cellulose filaments and refined kraft pulp. Future Foods 11, 100540.

2017. Gesetz iiber das Inverkehrbringen, die Riicknahme und die hochwertige Verwertung von Verpackungen:
Verpackungsgesetz: VerpackG.

Marek Hauptmann, 2010. Die gezielte Prozessfithrung und Mdglichkeiten zur Prozessiiberwachung beim
mehrdimensionalen Umformen von Karton durch Ziehen: Dissertation.

Lenske, A., Miiller, T., Penter, L., Schneider, M., Hauptmann, M., and Majschak, J., 2017. Evaluating the factors
influencing the friction behavior of paperboard during the deep drawing process,. BioRes. 12(4), 8340-8358.

Miiller, T., Lenske, A., Hauptmann, M., and Majschak, J. P., 2017. Analysis of dominant process parameters in
deep-drawing of paperboard. BioRes. 12(2), 3530-3545.

Alava, M., Niskanen, K., 2006. The physics of paper. Rep. Prog. Phys. 69 (3), 669-723.

Dipl.-Ing. Dominik Huttel, Dipl.-Ing. Paul-Philipp Post, 2015. Anwendung wirkmedienbasierter
Verfahren Dominik Huttel. Das IGF-Vorhaben 17788N der Forschungsvereinigung Kuratorium flir Forschung
und Technik der Zellstoff- und Papierindustrie.

Alexey Vishtal, ,,Formability of paper and its improvement®. Dissertation, Tampere.

Link, P., Penter, L., Riickert, U., Klingel, L., Verl, A., Thlenfeldt, S., 2025. Real-time quality prediction and local
adjustment of friction with digital twin in sheet metal forming. Robotics and Computer-Integrated Manufacturing
91, 102848.

Digital Twins and Their applications_Sarow.

Yao, J.-F., Yang, Y., Wang, X.-C., Zhang, X.-P., 2023. Systematic review of digital twin technology and
applications. Visual computing for industry, biomedicine, and art 6 (1), 10.

Tao F, Zhang M, Liu Y, Nee A. Digital twin driven prognostics and health management for complex equipment,
in: , CIRP Anals, vol. 67.

Jia, W., Wang, W., Zhang, Z., 2022. From simple digital twin to complex digital twin Part I: A novel modeling
method for multi-scale and multi-scenario digital twin. Advanced Engineering Informatics 53, 101706.

Attaran, M., Celik, B.G., 2023. Digital Twin: Benefits, use cases, challenges, and opportunities. Decision
Analytics Journal 6, 100165.

Zhang, J., Ellwein, C., Heithoff, M., Michael, J., Wortmann, A., 2025. Digital twin and the asset administration
shell. Softw Syst Model 24 (3), 771-793.

Lechler, T., Fischer, E., Metzner, M., Mayr, A., Franke, J., 2019. Virtual Commissioning — Scientific review and
exploratory use cases in advanced production systems. Procedia CIRP 81, 1125-1130.

Striffler, N., Voigt, T., 2023. Concepts and trends of virtual commissioning — A comprehensive review. Journal
of Manufacturing Systems 71, 664—680.

Oppelt, M., Urbas, L., 2014. Integrated virtual commissioning an essential activity in the automation engineering
process: From virtual commissioning to simulation supported engineering, in: IECON 2014 - 40th Annual

84



[21]

[22]

[23]

Conference of the IEEE Industrial Electronics Society. IECON 2014 - 40th Annual Conference of the IEEE
Industrial Electronics Society, Dallas, TX, USA. 29.10.2014 - 01.11.2014. IEEE, pp. 2564-2570.

Jhaveri, R.H., Revathi, A., Ramana, K., Raut, R., Dhanaraj, R K., 2022. A Review on Machine Learning
Strategies for Real-World Engineering Applications. Mobile Information Systems 2022, 1-26.

Chen, T., Sampath, V., May, M.C., Shan, S., Jorg, O.J., Aguilar Martin, J.J., Stamer, F., Fantoni, G., Tosello, G.,
Calaon, M., 2023. Machine Learning in Manufacturing towards Industry 4.0: From ‘For Now’ to ‘Four-Know’.
Applied Sciences 13 (3), 1903.

Kulkarni, B., Tayde, S., Chapke, Y., Vyavahare, S., Badadhe, A., 2025. Machine learning techniques in
monitoring and controlling friction stir welding process: a critical review. Discov Appl Sci 7 (6).

Rojek, L., Kopowski, J., Lewandowski, J., Mikotajewski, D., 2024. Use of Machine Learning to Improve Additive
Manufacturing Processes. Applied Sciences 14 (15), 6730.

Nahvi, S., Schumann, M., Dix, M., Klimant, P., 2024. Intelligent parameter determination and quality control of
an injection molding process. Procedia CIRP 126, 721-726.

L. Berthold, G. Steinert, J. -P. Majschak. Compression-Drawing of Moisturized Paperboard: Experiments on
Moisture and Temperature Dependencies. [accepted and in printing]. BioResources.

Klara Liesegang, Patrick Link, Georg Steinert, Lena Berthold, Steffen Thlenfeldt, 2026. Quality Assessment and
Fast Geometry Prediction in Paperboard Forming. [under review]. The International Journal of Advanced
Manufacturing Technology.

Biography

Muhammad Faisal Yaqoob (*1996) works as a research associate at the Fraunhofer
Institute for Machine Tools and Forming Technology (IWU) since 2022. He
completed his master’s in computational science and engineering from Rostock
University in 2022. His research focuses on digital manufacturing solutions, industry
4.0, digital twins and virtual commissioning.

Klara Liesegang (*1999) has been working as a research associate at the Fraunhofer
Institute for Machine Tools and Forming Technology (IWU) since 2024. She
completed her degree in applied mathematics at the TU Bergakademie Freiberg in
2023. She works on digital twins, process models, and simulations for compression-
drawing processes.

Stephan Kronenberger has been working since 2024 as a technical staff member at the Fraunhofer Institute
for Machine Tools and Forming Technology (IWU). He earned his Diploma (FH) in General Mechatronics
from Wilhelm Biichner University in 2012. His work focuses on digital plant twins and virtual

commissioning.

1
850



Dr.-Ing. Christer-Clifford Schenke is working at the Fraunhofer Institute for
Machine Tools and Forming Technology (IWU) in Dresden since 2020. As a graduate
in mechatronics, he completed his doctoral thesis on the expansion of system
simulation in the field of forming technology and now heads the [IoT Control Systems
and Technical Cybernetics department.

Prof. Dr.-Ing. Steffen Ihlenfeldt has been Director of the Fraunhofer Institute for
Machine Tools and Forming Technology IWU and Head of the Chair of Machine
Tools Development and Adaptive Controls at the Technical University Dresden. He
focuses on cyber-physical production systems, machine data analysis, and human-
robot collaboration, while being an Associate Member of CIRP, MHI, and WGP.

Lena Berthold (*1995) is Research Associate at the Institute of Natural Materials Technology at TUD
Dresden University since 2019. The same year she completed her Diploma in Mechanical Engineering. Her
research focusses on processes and machinery for sustainable packaging solutions.

11
86



