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Abstract

Paperboard forming is a productive process that meets the increasing demands for recyclability in packaging. However,
it remains underutilized in mass production due to open challenges, for instance volatile material behavior and control
challenges. Moreover, wrinkles are inevitable during paperboard forming. To produce numerous small wrinkles that do not
compromise part quality and can improve its stability, the process must be set up appropriately. Achieving this efficiently
requires minimal testing, which is complicated by rapid variations in material properties due to external factors. One
solution to improve process design and stabilize a running process is integrating machine learning (ML) models, which
represent the forming process, into a stroke-to-stroke control. Therefore, this study presents an approach consisting of
Finite Element (FE) simulations to generate data, an ML model trained on them, and quality assessment for the predicted
parts with an optimization strategy to determine process parameters. FE simulations were built to represent the forming
process and ML models were trained on their results to establish a fast correlation between material properties, press set-
tings, and the resulting part geometry, including wrinkles. An automated quality assessment using Fast Fourier Transform
quantifies the quality of the part in terms of wrinkles. Results show that the ML model is integrated into an optimization
strategy to propose enhanced process parameters if quality deviations occur. The ML model accurately represents FE
simulation results and collaborates with quality assessment and optimization fast enough to ensure high part quality in a
forming process with cycles of up to 60 strokes per minute.
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1 Introduction cups. However, this process can only be used to produce

parts with limited forming heights. The situation is differ-

The packaging industry is making great efforts to transition
towards biobased packaging solutions and reduce plastic
materials. To achieve this, cost-effective and efficient pro-
cesses must be developed and established that meet the spe-
cial requirements of biobased materials. One example of a
process that has already been successfully established is the
press forming of paperboard for the production of trays and
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ent with deep drawing, which is a forming process where a
blank is radially drawn into a forming die [1]. This can be
done with forming tools in a press, active media or active
energy. In this paper deep drawing always refers to the
process with forming tools, that are die, punch and blank
holder. The deep drawing tools can be heated to increase the
ductility of the material and reduce the forming forces. Deep
drawing allows for deep shapes with nearly perpendicular
walls, and good stability. It can therefore extend the variety
of shape and applications for 3D-forming of paperboard.
Although the deep drawing process of paper board is
scientifically well understood, it remains under-utilized in
mass production due to control challenges and is so far only
used for low quality products. The reason for the control
challenges lies in the material properties of the paperboard.
On the one hand, these are dependent on the ambient con-
ditions (especially humidity), which means that the part
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quality fluctuates even if the process parameters remain
constant. Secondly, paper is a highly anisotropic material
with poor flow properties. This means that the mobility of
the individual fibers inside the fiber network of paperboard
is very limited and consequently in-plane material redis-
tribution during forming is only marginal. The geometric
conditions of the drawing process result in excess material
along the wall and flange region which accumulates into
wrinkles. The wrinkles strongly contribute to compression
in the drawing gap. Compression is necessary to consolidate
the desired shape by forming new bonds in the fiber network
[2]. A fine and uniform distribution of wrinkles around the
circumference of a part gives good stability and geometric
accuracy due to uniform compression. In addition, a finer
distribution gives a more pleasing appearance than a few
large wrinkles. Examples of inadequate and suitable wrinkle
distributions are shown in Fig. 1.

Accordingly, the process must be set up in such a way
that intact parts with a highest possible number of wrinkle
are produced even if the initial moisture content of the
material fluctuates. Both stabilization and optimization of
the process can be achieved experimentally only with great
effort and do not necessarily lead to high part quality. At
the same time, a lot of waste is produced during the pro-
cess design and also during the running process, which is
critical in terms of sustainability. A promising approach to
countering these problems is the in-line use of real-time
data-driven models to predict part quality. However, several
components must be combined in order to be able to use
such data-driven models.

This paper answers the scientific question of how to set
up a digital twin for simulating a deep drawing process of
paperboard that incorporates an advanced ML model and
optimization algorithm. It is used for enabling a stroke-to-
stroke control for an industry-oriented demonstrator sys-
tem with a stroke rate of up to 60 strokes per minute. The
development and implementation of all required methods
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Fig. 1 Top view on parts after deep drawing (a) Uneven surface due to
few, large wrinkles (b) Even surface due to fine wrinkle distribution
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are presented. This includes finite element (FE) simulations
to create a database, the design and training of data-driven
models, an algorithm to evaluate part quality (especially
the wrinkle distribution), and the integration of data-driven
models into an optimization strategy to recommend adapted
process parameters for better part quality.

Mapping the resulting wrinkle distribution with FE
simulations is a major numerical challenge. A variety of
approaches have been documented in the literature, yet none
have achieved a comprehensive mapping of the wrinkles
that occur during the deep drawing process. As part of this
study, an FE simulation is developed, that maps the wrinkle
distribution accurate enough to serve as a solid foundation
for the overall routine. As these FE simulations are not suf-
ficient for in-line predictions due to their computing time
of up to several hours, they are used to generate a database,
on which data-driven machine learning (ML) models are
trained. These models identify the relevant relationships and
can predict the resulting part quality in real-time based on
the process parameters.

This paper is structured as follows: first, the relevant lit-
erature and the state of the art are presented in the following
section. As outlined in Section 3, the forming process setup,
and boundary conditions are described, along with the
developed method. It consists of three components: FE sim-
ulation, ML model, and part quality assessment with opti-
mization. The results of each of these steps are presented in
Section 4. Finally, the results are discussed in Section 5 and
Section 6 summarizes the research and gives an outlook on
future applications.

2 Related work

In paperboard forming the formability of the paper limits the
geometry of the parts. In order to produce advanced three-
dimensional deep-drawn parts, it is therefore advantageous
to specifically extend the forming limits of the paperboard
[3]. One such approach is the moistening of the paperboard
blank before or during forming which can be beneficial for
the forming process in several ways. For example, Franke
et al. [4] shows that moistening the parts with steam during
deep drawing improved wrinkle formation and reduced
shape deviations. In [5], the moistening of blanks before
deep drawing was found to reduce the necessary forming
forces. There are various other process parameters that
can be modified, although only a small number of these
have a significant impact on part quality. Wallmeier et
al. [6] claimed blank holder force, the drawing gap, tool
surface and punch velocity as influencing factors for the
occurrence of cracks in deep drawing. Miiller et al. [7] later
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found blank holder forces, material moisture content and
die temperature to influence part quality in deep drawing.

Paperboard forming can be modeled with FE simula-
tions. Integral components of the modeling are the mate-
rial model and the representation of the wrinkles. In [8] an
explicit FE model is developed with a material model to rep-
resent anisotropy and plasticity of paperboard. This model
is not capable of mapping the occurring wrinkles. The mate-
rial model used in Linvill et al. [9] is extended by a hinge
model. In this approach, wrinkle distribution is made vis-
ible by coloring the elements that have wrinkled and show
a compressive strain above a critical value. This makes it
possible to determine the number of visible wrinkles after
forming, but no statements can be made about the shape
and height of the wrinkles. An orthotropic plastic material
model is used in Awais et al. [10]. Here, wrinkles are visible
in the visualization of the simulation results, but kinks were
specifically added to the paperboard before forming, which
determine the later position of the wrinkles. For the FE
solver LS-Dyna in this study, there are two material mod-
els that have been explicitly implemented for paperboard:
*MAT 274 (*MAT PAPER) [11] and *MAT 279 (*MAT _
COHESIVE PAPER) [13]. In [14] *MAT 274 is calibrated
and shows good results for the comparison with a compres-
sion test of a paperboard part. However, the disadvantage of
this model is the complex calibration, in which at least 26
parameters must be determined in 8§ tests.

Depending on the computing power, FE models can
take several hours to compute, which prevents them from
being directly integrated into a stroke-to-stroke control.
Instead they can be replaced by reduced models or real-
time capable data-driven models which are trained on their
results. Tercan and Meisen [15] states that for the present
use case mainly supervised learning methods are useful.
This includes ML methods like support vector machine
and fully connected artificial neural networks as well as
more complex models like convolutional neural networks
(CNNs), long short term memory networks (LSTMs) as
a subset of recurrent neural networks and transformer
networks. In the specific field of sheet metal forming
processes two of these approaches dominate. Stahl et al.
[16] uses LSTMs for modeling dependencies between the
part geometry at different times of the forming process.
Meyes et al. [17] presents the use of LSTMs to predict
the occurrence of failure for deep drawn car body parts.
Several other literature show that also CNNs achieve
good results in the prediction of part quality for forming
processes [18-21]. Their strength is the consideration of
spatial relationships [22]. Therefore the inputs, boundary
conditions and the outputs (equaling the results of the FE
simulations) are represented as images. In [20], CNNs are
trained on the FE simulation data from a forming process

and predict part geometry and thinning depending on
variable tool geometry. Such models support the early
design phase of a process. However, the models can
also contribute to the stabilization and optimization of a
running process. For example, Liu et al. [23] uses them to
predict the part geometry after spring back depending on
the process parameters for sheet metal bending processes.
Link et al. [22] uses process parameters of a deep drawing
process such as blank holder force, drawing depth and
sheet thickness as inputs. In [24], a location-dependent
friction coefficient is also taken into account by an CNN
incorporated into a digital twin. The outputs in both cases
are the complete part geometry and the thinning.

The quality of the parts predicted by the ML models
has to be evaluated automatically, accurately and
reproducibly in order to implement a stroke-to-stroke
control. In this study, the computing time of the algorithm
is also limited to less than one second, which results
from the intended stroke rate. Since the representation
of wrinkles in FE simulation is difficult in the existing
literature, there is also no work on wrinkle counting
algorithms specifically for simulation data. However,
there are numerous approaches for counting wrinkles
and assessing the quality of real parts. The approaches
that work with image recognition could be transferred
to simulation data with reasonable calibration effort. In
([25-28]), parts without a top rim are examined, so the
wrinkles must be evaluated in the flange. This requires
all-round images or measurements. In [25], an all-round
image is created and evaluated using multi-stage image
processing. The result is a scalar: the number of wrinkles.
The entire process takes 6 to 10 minutes. In [26], the
manufactured part is measured using laser triangulation.
Subsequently, all local maxima of the topographical height
value that exceed a material-specific threshold value, as
determined through experimental means in advance, are
identified. However, since several local maxima always
belong to one wrinkle, a length value is determined in
advance that represents the material-specific wrinkle
width. Once a local maximum has been found, all others
in this range are ignored. The outputs of the method are
the number of wrinkles and the standard deviation of the
average wrinkle distance. The major disadvantage of the
method is that the evaluation of the signal alone takes
up to 15 seconds. Added to this is the time-consuming
measurement of the part, which takes at least 20 seconds
for simple parts with a diameter of up to 110 mm. Miiller
et al. [27] presents a method in which images of the
part are preprocessed (using Fourier filtering, among
other things) and then compared with the template of
an ideal wrinkle. The cross-correlation is calculated. If
this exceeds a threshold value determined empirically in
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advance, the area is counted as a wrinkle. The outputs are
the number of wrinkles and the standard deviation of the
wrinkle distance. This method requires 1.1 seconds for
image preprocessing and wrinkle detection. But again the
time for capturing the image needs to be added. Leng et
al. [28] describes an approach with image acquisition and
contour detection, but also requires 20 seconds even for
parts with rim.

In order to enable stroke-to-stroke controls to stabi-
lize the process and achieve improved part quality, it is
advantageous to integrate the ML model into an optimi-
zation strategy. If the ML model predicts insufficient part
quality, the optimization algorithm determines a modified
input for the ML model to produce high-quality parts.
The variables that can be optimized are therefore the
inputs of the ML model. As Gad [29] demonstrates, Par-
ticle Swarm Optimization (PSO), for example, is suitable
for such tasks. Weichert et al. [30] shows that Genetic
Algorithms and optimization based on least squares
method are used in similar scenarios. Dokeroglu et al.
[31] states that metaheuristics are widely used for optimi-
zation problems. For small dimension optimization prob-
lems grid searches as presented in Menke [32] show an
adequate cost-benefit ratio.

3 Method

The aim of this study was to develop a method to enable
a robust paperboard production process in preparation for
mass production using a digital twin. This method consists
of three main steps:

1. Development of a validated FE simulation to generate a
database,

2. Training of ML models to predict part quality,

3. Development of a method for automated quality assess-
ment with optimization strategy to determine improved
process parameters.

Before proceeding with these steps, this section will provide
a comprehensive overview of the investigated process, rel-
evant process parameters, and boundary conditions.

3.1 Process setup

An industry-oriented demonstrator press with automated
paperboard handling is used to investigate the deep
drawing process of paperboard parts. This press contains
several sensors that deliver measurement data for the
digital twin and it includes the boundary conditions
for part and tool geometry, material used, and process
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parameters. The demonstrator tool consists of a fixed
die and movable punch and blank holder, see Fig. 2. The
demonstrator part is a round paper cup with a diameter of
80 mm and a drawing depth of 40 mm. It is made from
a blank with a diameter of 180 mm. The basic quality
requirement for parts is that they should not have any
cracks. However, even an intact part is not necessarily
considered satisfactory because it should also meet
certain requirements in terms of its wrinkle distribution
and shape. The presence of a high number of uniformly
distributed wrinkles is considered favorable, along
with a predominantly circular shape and the absence of
deformations.

The material used is Trayforma 310 + 15 PE from Stora
Enso [33]. It’s thickness is 0.446 mm. This paperboard has
a Polyethylene (PE) coating on one side and is therefore
suitable for water repellent food packaging. As is the case
with the majority of papers, the material is highly aniso-
tropic. This phenomenon can be attributed to the industrial
paperboard manufacturing process, in which the fibers are
predominantly aligned in the machine direction of the paper
web.

The demonstrator press has a moistening module prior
to deep drawing, which only moisturizes the uncoated side
of the paperboard with variable moisturization duration.
In addition to the material moisture content, in this study,
only the blank holder force and the temperature of the die
are varied. Therefore, the die can be heated. In order to
adjust the process parameters specifically in response to
the fluctuating initial moisture content, the demonstrator
press measures the moisture of each blank before form-
ing. For each blank, the digital twin predicts the geometry
of the part, that arises when the blank is formed with the
process parameters that are currently set on the press. If
an intact part with satisfactory wrinkle distribution is pre-
dicted, the currently set process parameters are retained.
If, on the other hand, material failure or poor wrinkle
distribution are predicted, the digital twin determines
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Fig. 2 Cross section of forming tool set, measures are in mm
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improved process parameters. These are communicated to
the control via an OPC UA interface and the settings on the
demonstrator press are adjusted accordingly, even before a
defective part could occur.

3.2 FE simulation

An FE model is developed to simulate the deep drawing
of paperboard in order to generate a database for the digi-
tal twin. Due to the symmetries, only a quarter of the part
and the tools is modeled in the following to shorten the cal-
culation times. The thermo-mechanically coupled explicit
solver LS-DYNA R12.0.0 is used for simulating the deep
drawing process. The tool components are assigned rigid
body behavior. The blank geometry is discretized with fully
integrated shell elements with five integration points in the
thickness direction. In contrast to previous publications,
this study does not use a material model developed specifi-
cally for paperboard, but the material model *MAT 036
(*MAT 3-PARAMETER BARLAT) [13], which was
originally developed for sheet metals. The rationale behind
this choice is that the primary objective of this research is
to focus on the digital twin, which is designed to adjust
the process parameters for deep drawing if required. This
necessitates the execution of an FE simulation that at least
qualitatively maps the relationships between the process
parameters and the resulting number of wrinkles for blanks
where no creases were added in advance. A review of the
extant literature reveals that material models exhibit either
significant shortcomings with regard to the representation
of wrinkles and their geometry [8, 9] or require an inordi-
nate amount of parameterization effort [11, 1312] for the
present application, in which the FE simulation is merely
a means to an end. *MAT 036 is notable for its consider-
ation of anisotropy and its reduced reliance on parameters
when compared to material models specific to paperboard.
Consequently, *MAT 036 was calibrated, yielding favor-
able outcomes in terms of wrinkle mapping. The necessary
parameters are Young’s modulus E, R-values in 0°-, 45°-,
90°-direction, Poisson’s ratio v and flow curves. In this
study, the experimental investigation focused on Young’s
modulus and flow curves as for them standardized test
procedures exist for paperboard. In order to facilitate the
digital twin to avert material failure, it is imperative to
incorporate a failure criterion into the FE simulation. This
aspect is often given a relatively minor role in the majority
of publications concerning the simulations for paperboard
forming. Only [34] thoroughly addresses the development
of a failure criterion for paperboard and proposes a form-
ing limit diagram for this purpose. The disadvantage of
this approach is the necessity of three distinct tests (tensile
tests with notched samples, Nakazima tests, and bulge tests

with a carrying layer and perforated samples) in addition to
ordinary tensile tests. Awais et al. [10] mentions the inves-
tigation of failure strains but given the implementation of
*MAT 036, the precision of the strains in the simulation is
constrained. As a first approach, it is reasonable to employ
maximum thinning (the reduction in material thickness as
a percentage) as an indicator of failure, as is customary in
the context of sheet metal forming. This assertion is not
entirely accurate for paperboard, as paper does not undergo
a reduction in thickness during the process. Instead, if the
material-specific strain limits are exceeded, failure occurs.
Nonetheless, the investigation yielded results indicating that
maximum thinning accurately identifies material failure for
the majority of the parameter space, as determined by the
utilization of a validation dataset. Maximum thinning as a
failure criterion is notable for its ability to be implemented
without the necessity for additional calculations or experi-
ments, thereby ensuring its suitability for demonstrating the
comprehensive methodology for establishing a digital twin
in paperboard forming.

In principle, all the material parameters are dependent on
temperature or moisture. This must be taken into account
in their experimental investigation. After evaluating the
experimental data, any trends that emerged were taken into
account in the modeling, while constants could be assumed
for other variables for simplification. The following basic
assumptions were made: The material moisture of a single
blank is assumed to be constant during deep drawing instead
of being modeled time-dependent. This simplification
is attributable to the brief duration of the deep drawing
process, which has a maximum duration of one second. A
targeted reduction of the material moisture is not possible.
Additional moisturizing is only possible on the uncoated
side of the blank. The material moisture is assumed to be
constant over the entire surface of the blank in the x and y
direction. To determine the basic properties of paperboard
the specimens were chosen with regard to EN ISO 186:2002
[35] to represent average quality. Before the tests, the
samples were stored at standard atmosphere for conditioning
following EN ISO 187:2022 [36]. The moisture content
was determined following EN ISO 287:2017 [37]. Tensile
tests were conducted following EN ISO 1924-2:2008 [38].
With the resulting force-strain curves, Young’s modulus
could be derived. Either temperature (through storage of
the test specimen in an oven) or moisture content (trough
spraying) were varied. Normally, the mechanical properties
of the paperboard would always be investigated under well-
defined climate conditions due to its hygroscopic properties.
The fact that precisely these climate conditions have to be
varied here makes the tests more difficult and leads to large
standard deviations, which can distort trends in the material
properties. For example, there were only very slight
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changes in the flow curves as a function of moisture, with
no indication of a clear trend. It was therefore decided to
include the tensile strength in the FE model as a function of
temperature, but not as a function of moisture.

In addition to the material model, the friction model has
a substantial influence on the precision with which the FE
simulation maps the deep drawing process. In the present
study Coulomb friction law is used to model the different
contacts between paperboard and tools as well as the self-
contact of paperboard. Therefore only the coefficients of
friction between the different surfaces have to be determined.
It is imperative to note that only one side of the paperboard
has undergone PE-coating, necessitating the differentiation
between the two sides. Consequently, the determination of
the following three coefficients of friction is essential:

e ,: uncoated side against polished stainless steel (die
vs. blank)

® 5: PE-coated side against polished stainless steel
(punch vs. blank and blank holder vs. blank)

® u3: PE-coated side against itself (self-contact of
paperboard)

The parameter p; is moisture- and temperature-dependent.
As the PE-coated side of paperboard is not moisturized, pio
is not moisture-dependent but only temperature-dependent.
i3 is modeled independently from moisture and tempera-
ture for simplification. To determine the coefficients of
friction, frictional tests were completed following the test
setup of Lenske et al. [39]. Tests were performed with vary-
ing tool temperature and different moisturizing through
spraying.

Experimental tests have shown that a continuous decline
of blank holder force during deep drawing is advantageous
for wrinkle distribution and the prevention of cracks [40].
Only the blank holder force at the beginning of deep draw-
ing is explicitly varied. It decreases linearly piece by piece
until it is a constant 500 N from a drawing depth of 30.7
mm. The progression is illustrated in Fig. 3 and calculated
using the following equation, where dd is the drawing depth
and z := —26.3 - (Fpp, — 500)/40 + Fpp,:

dd - (Fypy — 500)/40 + Fyp, ~26.3<dd <0

Fyp(dd) := ¢ (26.3-dd) - (500 — 2)/4.4 4+ 500 —30.7 < dd < —26.3 (1)
500 —40 < dd < -30.7,

3.3 ML model
The next important step of the method improved automated

paperboard part production using a digital twin is the ML
model M for fast quality predictions. It predicts the wrinkle
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distribution and cup quality # as a function of the process
parameters starting blank holder force F3y,,, material mois-
ture m and die temperature 7y:

M(Fppy,m, Ty) — W. ()

As presented in Section 2 literature shows that CNNs are well
suited for comparable tasks. They depict spatial relationships
well even with relatively few training samples. The latter is
important due to the high computing time of the FE simula-
tion. In [24], very good prediction accuracies are achieved
for a deep drawing process of metal with a CNN. Therefore,
the U-Net architecture with residual squeeze and excitation
(RES-SE) blocks presented there is used in this study and
the following hyperparameters are adopted without change:
reduction ratio equals 8 for all SE blocks, kernel size is 4,
stride equals 2, and padding is 1. A rectified linear unit activa-
tion function is applied after each convolution and transposed
convolution layer and a hyperbolic tangent activation func-
tion is used after the last transposed convolution layer.

The input of the model is a 256 x 256 pixel image
with three channels, see Fig. 4. All three inputs represent
process parameters on the demonstrator press. Channel
1 contains the starting blank holder force Fjp, and thus
also the geometry of the blank holder. Channel 2 contains
the expected moisture m of the blank. This is the sum of
the moisture measured specifically for the current blank
m., and the amount of additional added moisturizer
currently set on the demonstrator press: m = m,, + m .
This representation of the material moisture also incor-
porates the geometry of the blank into the ML model.
Channel 3 contains the temperature of the die 7 and its
geometry. All three inputs are constant across the blank
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blank holder force moisture

displacement in x displacement in y

AN O

(a)

displacement in z

(b)

die temperature

normalized channel value [-]

thinning

normalized channel value [-]

-1.0

Fig. 4 Visualization of (a) The three input channels incorporating tools and blank geometry and (b) The four output channels

or the tool. Pixels that do not belong to the respective
blank or tool are assigned the value —1. As the blank and
tool geometry are already set for the demonstrator press,
the position of pixels with value —1 is uniform for all
samples.

The output of the ML model is a 256 x 256 image with
four channels. Channels 1 to 3 contain the displacement of
each pixel in the x, y and z direction. Channel 4 contains
the thinning s := (to — t)/to - 100 % where t( denotes the
initial blank thickness and ¢ the thickness after deep draw-
ing. All inputs and outputs are linearly interpolated so that
they are provided on an equidistant grid with 256 x 256
pixels and scaled to [0, 1].

The loss function has a significant influence on the
training success of ML models and should therefore be
adapted to the specific inputs and outputs. For the evalua-
tion the simple loss function mean absolute error (MAE)
and modified versions of it were used. The modifications
aimed on penalizing deviations in the z-coordinate more as

this might support the mapping of wrinkles. Therefore, there
were defined MAEsy, where the MAE in the z-coordinate is
mulitiplied by 1.2,

MAE; := MAE,; + MAE, + MAE, + 1.2- MAE, (3)
and MAE3, where an exponential function is used to give
more weight to deviations in the z-coordinate,

MAE;3 := MAE, + MAE, + MAE,+

MAE, + 0.05 - exp(MAE,). )

Hereby, MAE, describes the error in thinning. Addition-
ally, two more complex losses MixL1 and MixL2 from
Link et al. [24] were used. MixL1 describes an equal
weighting of an L1 loss and the structural similarity index
measure where as MixL2 is an equal weighting of MAE,
and structural similarity index measure.
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3.4 Quality assessment and optimization

In this section, first a method is presented, that automati-
cally evaluates the outputs of the ML model M with regard
to the quality criteria declared below. It’s quality assessment
forms the basis for determining whether sufficient parts will
be produced or whether optimization of the process param-
eters is necessary. The optimization strategy is presented in
the second part of this section.

The aim of the quality assessment is to evaluate the num-
ber of wrinkles and the uniformity of their distribution with
one scalar. The components of the quality assessment that
process a signal are developed in such a way that they can
also be used for the quality assessment of real parts after an
additional calibration. With this predictions from the digital
twin can be compared with parts produced on the demon-
strator press to give a feedback on the prediction power of
the digital twin.

3.4.1 Signal acquisition:

The round paper cup used in this paper is made with a rim
so that it can be sealed. The wrinkle distribution is ana-
lyzed as centrally as possible on the rim. For this purpose,
the radius r = 53 is set and the z coordinate value of all
k pixels located on this circle are used. The correspond-
ing pixels are colored purple in the Fig. 5. Note that the
values after rescaling to the original value range are used.
The z-coordinates form the discrete signal to be exam-
ined, hereafter referred to as h(z),z = 0,1, ...,k — 1. This
signal exhibits numerous minute fluctuations and as Miil-
ler et al. [26] describes, several local maxima belong to
one wrinkle, so that not all local maxima can simply be
counted, see Fig. 6. However, unlike in Miiller et al. [26],
a standard wrinkle width should not be assumed, as this
is too restrictive due to the anisotropy of the material.
Instead, the signal is initially rectified as explained below.

3.4.2 Peakfiltering:

At first all values before the first local maxima and after the
last one are deleted. Then the sets £ of all u local maximizer
E .= {&p| ), local maximizer of h(z),p=0,1,...,u — 1}
and E of all w local
E = {#,,| z, local minimizer of h(z),q = 0,1...,w — 1}
are determined. The function value h(&,) of every local
maximizer with p € [4,u — 4] is compared to the aver-
age of the function values of the three subsequent minima
to the left Ay := (h(Zg—1)+ h(Ty_2) + h(Z4-3))/3
and the three subsequent minima to the right
Ap, o= (W(Zg41) + (Zg12) + h(Zg43))/3 with

minimizer
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q = p. Only those local maximizer #, € £ whose func-

tion values exceeds the averages Ay, and A, by a specified
amount D are retained. They form the set

E:={#|3x, € B: &, =1, A (h(Z,) — A, > D1)
Ah(Zp) = Ar, > D1),r=0,1,..., 4 — 1 < u}.

Additionally the local maximizeri,, € E \ Ewhichare greater
than the subsequent maximizer &, > Tp_1 A &p > Tp41 and
have a difference to the subsequent minimizer smaller than
D, are added to E. This captures the wrinkles which are rep-
resented by a larger plateau instead of high peaks.

3.4.3 Signal Normalization:

The function values for all Z, € E are setto 1. The adjusted
signal b/, (x) for z € [0,k — 1] is thus defined by:

/ _J1 33 €eE:z=%,
ha(x) = { 0 otherwise. ®)

The values of D; and Dy depend on the specific data and
are determined in Section 4.3. The current signal has only
local maxima but no local minima and is therefore unsuit-
able for the following Fast Fourier Transform. To change
that the function values are set to —1 for the points in the
middle between the maximizer and the final version of the
adjusted signal is defined by:

where I, := | (%, + &r+1)/2]. The final version of the
adjusted signal is exemplary illustrated in Fig. 6.

3&, i €Ea=1,
otherwise,

(6)

3.4.4 Subdivision of signal into sections:

The signals shown, generated from the ML predictions, show
areas of different intensities, meaning that the wrinkles are
unevenly distributed. This effect is even more pronounced
for the signals from real parts, especially for those with few
wrinkles. The reason for this is the strong anisotropy of the
paper. To be able to assess the distribution of the wrinkles, the
signal obtained is now divided into any number z of sections
Sj = [Ty, ,,Zr,],j = 1,...,n depending on the peak spac-
ing, see top left of Fig. 7. Fewer areas indicate a more even
distribution of wrinkles.

For the subdivision of h, () into sections, there is an iter-
ation over the local maximizer Z, € E, r =1,...,a — 1. It
applies 7., = Zpand Sy = [Z¢]. Themaximizer Z, isadded to
the current section S; = [Z,,_, , Z,—1] as long as the absolute

value of the difference between the distance %, — Z,_1
and the average distance of the current section
Bj = (Zy-1 — Zr;_,)/(rj—1 — (r — 1)) stays below a
predefined limit L*. If |(&, — &,—1) — B;j| > L* then Z,
becomes the first entry of a new section ;1. Nevertheless
thereis one exception: ifthe following distances are very close
to the current average |(£,_2 — &,)/2 — B;| < 0.6 - L* no
new section is started. For higher average distances higher
deviations should be allowed so L* is defined as follows:

0.5- L1 Bj S Ll
L* = 0.5 - LQ L1 < Bj < L2 (7)
Ls Loy < Bj

with 0 < L1 < Ly < L3. The values of Li,Ls and L3
depend on the specific data and are determined in Section 4.3.

3.4.5 Fast Fourier Transform:

The following steps aim on evaluating the number of
wrinkles. Since it is not always clear whether a peak is
a wrinkle or not, the characterization of the parts based
purely on the absolute number of wrinkles is not very
robust. This can be remedied by evaluating the Discrete
Fourier Transform (DFT) of the modified signal h,(z)
individually for each section Sj,j € 1,...,n. This value
fluctuates less if the number of peaks differs slightly. The
DFT is calculated for each section, which contains at least
two maxima, using the Fast Fourier Transform (FFT). The
magnitude ofthe DFT b;(f;) := |FFT'(hq(x))|, x € S;jon
the frequency spectrum f; is considered, see top right and
bottom of Fig. 7. For all samples and sections the highest
magnitude never appeared for frequencies f; > 0.2.
That’s why in the following only f; € [0,0.2],j € 1,...,n
is considered.

Every section S; is characterized by it’s dominant fre-
quency f;. In general this is the frequency with the high-
est amplitude: f;, := f; € [0,0.2] with b;(f;) maximum.
However, since this reduces the entire section to one scalar,
the characterization would greatly distort the final result
as soon as a second frequency f;, exists whose amplitude
bj, (fj,) is only insignificantly smaller than b;, (f;, ). That’s
why the dominant frequency [ is from now on defined as

i otherwise.

f]* — { 0.5- (fjl + sz) 3b]'z(fj,z) >0.94- bj1 (fjl) (8)

The specific limit of 94 % was chosen in a way that in the
underlying data set for all samples there was at maximum
one frequency with a magnitude above 94% - b;, (f;,). The
section wise FFTs b; with the dominant frequencies f; are
exemplary illustrated in Fig. 7.
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3.4.6 Criterion

The criterion c finally results in

C = Z?:l Sj - f; . lj/.’iﬂ,1 . 1000,
+1,7 fr>0.013 9)
-1, fr<0.013

Sj:

where [; := &, — T,_, is the length of a section and
xg—1 gives the total length of the signal. It is therefore
summed over the sections and for each section the
dominant frequency is weighted with the length of the
section. Particularly low frequencies indicate almost
wrinkle-free sections. As this is undesirable, frequencies
which are smaller then 0.013 are interpreted as penalty
terms and given a negative sign. The specific limit of
0.013 was determined by examining the mean dominant
frequencies for sections with almost no wrinkles in
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samples from the underlying dataset. The final value is
multiplied by 1000 to simplify the comparison with the
real word wrinkle numbers. Due to the penalty terms,
negative values for ¢ are possible. The larger c is, the
better the cup is.

3.4.7 Optimization:

The ML model M from Section 3.3 is integrated into an
optimization strategy. This determines optimized inputs
for the ML model (meaning in this case adapted process
parameters) to ensure a stable process at the demonstrator
press. The combination of two criteria is decisive in
determining whether the system settings need to be
changed for the current blank or if it can be formed with
the current settings. If the maximum predicted thinning
Smaz (Fbg, m, Tq) := max(Ms(Fp,, m,Ty)) exceeds a
critical value s. that indicates material failure. Secondly
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if the quality evaluation from Section 3.4 calculates a
low value ¢ < ¢., an insufficient wrinkle distribution is
indicated. If at least one out of these two criteria indicate
poor quality, the optimization is carried out. It determines
new values for the three inputs of the ML model: starting
blank holder force F3,, moisture of the blank m and
temperature of the die T, so that the thinning is reduced
below the critical value and the quality criterion is
increased. Meanwhile, it is ensured that all three inputs
remain within the given process limits. For reasons of
efficiency and sustainability, it makes sense to use as little
humidification as necessary. These conditions result in the
following loss function

L=2"(Smaz(Foy,m,Ty) — sc) + (cc —¢) + m, (10)
which is minimized by the optimization to obtain improved
input parameters

Fgﬂ,m*,T; = min L. (11)

Fbo ym,Tq

The thinning is weighted with factor 2 to ensure that intact
parts are produced.

The range within which the three input parameters
are varied is relatively constrained, a consequence of the
narrow process limits. This observation is particularly
evident in the case of die temperature, given the
relatively short time span between optimization and
part production, which is approximately four seconds.
During this time, it is impractical for the real die to
achieve larger temperature differences than 5°C. Under
the given conditions, the computationally intensive PSO
is therefore not necessary. Also metaheuristics which are
designed for high performance on large problem sizes are
not suitable. Instead, a grid search [32] is proposed that
systematically examines equidistant points in the space
formed by Fj,, m and T,. Taking into account all boundary
conditions, the grid search varies the parameters within the
following intervals: Fy, € [1000,3500], m € [m,, 22.0]
and Ty € [max(T; — 5,23), min(7; + 5,120)], where
the variable 7}; denotes the current temperature of the
die at the demonstrator press. The input with the lowest
loss is output by the optimization. The employment of
an increased number of sampling points per interval has
the potential to yield more optimal solutions. However,
it should be noted that this approach also results in a
substantial increase in the duration of the optimization
process. Consequently, the maximum time available for
execution of the optimization process is a critical factor
in determining the proximity of the solution to the global
maximum.

4 Results
4.1 FE simulation

The experiments described in Section 3.2 were carried out
to calibrate the FE simulation. The value for Young’s modu-
lus calculated from the flow curves for different tempera-
tures and moisture contents varies between 3500 and 5600
N/mm?. To stabilize the FE simulation this parameter was
slightly adapted to E = 3100 N/mm?. R values were not
examined experimentally but varied for further calibration
in terms of wrinkle distribution and thinning. The chosen
values are: Rpoc = 1.1, Ry50c = 1.05, Rggoc = 1.2. For
the flow curves only the one for 23°C is taken from the
experimental data and converted from force - strain curve
into true stress - true strain curve. The flow curve has been
approximated, using the combined hardening law Hockett-
Sherby 0y = 006 — (00 — 00) exp (—meP) [41]. Then the
curve was scaled for higher temperatures respecting the
trend of increasing true stress but being monotonic increas-
ing and without intersection points. The resulting true stress
- true strain curves are illustrated in Fig. 8.

The coefficients of friction for PE coated side against
polished stainless steel, denoted by po, are adopted from
the friction tests (see Fig. 9). The coefficient of friction for
the self-contact of paperboard, denoted by 3, exhibited
a range of 0.24 to 0.39 during the experimental phase. In
the final model, us, is set to 0.40, a modification aimed
at enhancing the occurrence of wrinkles. For the coeffi-
cients of friction p1 uncoated side against polished stain-
less only the values for 7.6 % moisture content have been
used without change. The experimental values for 11.7 %
moisture content were used for the highest moisture con-
tent of 16.1% instead. For moisture contents in between
there was performed linear interpolation between these

200
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(=]

—
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S

True stress [Pa]

50

0 ] 1 1
0.0 0.1 0.2 0.3 0.4

True strain [-]

Fig. 8 Extrapolated temperature dependent true strain - true stress
curves
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Fig. 9 Coefficients of friction. Left: moisture and temperature depen-
dent 1, and Right: temperature dependent j12

two curves, see Fig. 9. This was necessary because the FE
model contains several simplifications (for example by
using Coloumb friction law) what made it unstable with
the original coefficients of friction.

Deep drawing trials on a press were performed to
produce parts with varying starting blank holder force,
material moisture, and die temperature. These trials were
used to validate the FE simulation. The three process
parameters were varied using a full-factorial design of
experiments. However, some parameter combinations
were skipped because the parts would have cracked,
based on the results of previous parameter combinations.
Additionally, the database was slightly reduced because
the FE simulation was too unstable for simulating the
full drawing depth for some samples. Therefore, the final
experimental database £ consists of 39 samples. The spe-
cific parameter values for all samples are listed in Appen-
dix 1. Three parts were produced for each sample. If at
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least two out of the three parts are intact, the sample state
is labeled as intact; otherwise, it is labeled as broken.

Two criteria were considered for the validation on &:
the failure and the number of wrinkles for intact parts. For
the visualization of the validation on £ in terms of failure,
intact real parts are assigned the thinning 0 %, while bro-
ken parts are marked with 100 % thinning. For the simula-
tion data the calculated maximum thinning is plotted in
Fig. 10.

In general, it can be seen that the simulation predicts
significantly higher thinning for most of the broken sam-
ples from £ than for the intact ones. Increased thinning
for intact cups is only calculated by the simulation for
parameter combinations where the die temperature is
80°C. Therefore, the FE simulation fulfills the require-
ment of providing a sufficient indication with regard to
failure and simulated cups with a thinning s < s. := 40 %
are considered intact.

The threshold value s, was determined through a meticu-
lous examination of the confusion matrices for five thresh-
olds on the data set £, as illustrated in Fig. 11. As the values
40 %, 50 %, and 60 % yielded equivalent outcomes, the
lowest value was selected to mitigate the risk of samples
being erroneously classified as intact.

Examples for the resulting wrinkle distributions are dis-
played in Fig. 12. To validate the FE simulation in terms of
the number of wrinkles, the wrinkles were counted manu-
ally for the intact parts from the experiments and the aver-
age was calculated for each intact sample from &£. For these
samples also the wrinkles on the simulated quarters were
counted manually and multiplied by 4. The result is shown
in Fig. 13.

It is true that the simulations have significantly fewer
wrinkles than the real cups. Nevertheless, the trend of when
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Fig. 10 Maximum thinning in FE simulation compared to experimen-
tal part state for £
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Fig. 13 Number of wrinkles in FE simulation compared to the experi-
mental results for intact samples of £

more and when fewer wrinkles occur is mostly consistent.
In particular, if the number of wrinkles for cups at 120°C
die temperature is neglected, the trend matches almost
exactly. The outliers for precisely this die temperature can

be explained by the fact that the number of wrinkles is sig-
nificantly influenced by the coefficient of friction and no
coefficients of friction were determined experimentally for
120°C. Instead, these values had to be estimated.

4.2 ML model

In this section the dataset used to train the ML models is
described. Then the identification of suitable hyperpame-
ters and the outcomes derived from a particular model are
presented.

Latin hypercube sampling method was employed to
distribute 3660 samples over the space of three variables
with boundaries Fyp, € [1000,3500], m € [7.6,22.0],
Ty € [23,120]. The calibrated FE model was used to simu-
late deep drawing. As the mapping of the wrinkles in combi-
nation with the thinning is in general numerical challenging
and this effect amplifies with parameter combinations that
lead to broken parts, for some samples the FE model was
unable to simulate the full drawing depth of 40 mm. To
ensure that these samples do not affect the predictions of
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the ML model, only samples with full drawing depth are
considered resulting in the final data set consisting of 2971
samples.

As described in Section 3.3, the influence of several
loss functions was evaluated. The loss functions were var-
ied together with batch size and learning rate in a small
grid search. Tested batch sizes were {64, 128, 256} and
{0.00075, 0.001, 0.0025, 0.005, 0.01} for the learning rates.
For all parameter combinations models were trained for 200
epochs and a training/validation/test split of 2200/350/421
samples. The investigation revealed that the batch size
exhibited minimal influence, while high learning rates were
found to be associated with elevated error rates.

In an iterative process, the channel-specific best per-
forming models were further trained until the overall best
performing model was selected. The final selected model
was trained with the MAEj3 loss, a batch size of 128 and a
learning rate 0.001 for 2000 epochs. The development of
the training and validation loss of this model M is shown
in Fig. 14.

For samples with no wrinkles, M predicts their absence
correctly. For samples with up to medium number of wrin-
kles M predicts nearly the exact number of wrinkles and
their original shape. Only for some of the samples with a
high number of very small wrinkles the predictions of M
show higher deviations from the ground truth. In terms of
thinning M shows good predictions for all three scenarios.
Examples are illustrated in Fig. 15.

4.3 Quality assessment with optimization strategy

The variable parameters of the quality assessment method are
primarily the tolerances D7, Dy for when a peak is included
in the adjusted signal and the limits for the distances between
the peaks L*, Ly, Lo, L3, which decide when a new section

2x10"
training loss
validation loss
3 10 F
< ]
p=
6x10 1
I ] I I ] 1

0 25000 50000 75000

steps [-]

100000 125000

Fig. 14 Training and validation loss of the best performing ML model
over 2000 epochs
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is started in the adjusted signal. These parameters were var-
ied in a small grid search. It compares the trends in the results
of the quality assessment method to the trends occuring for
the wrinkle numbers counted on the FE simulation results for
intact samples of £. The results of the best version after grid
search are shown in Fig. 16. The calibration was performed
with the results of the quality assessment method on the out-
puts of the FE simulation as the ML model outputs still have
some deviations with regard to the wrinkle distribution.

The critical value c. is now defined with the final calibra-
tion. Parts with ¢ > ¢, are considered acceptable in terms of
wrinkle distribution and shape. To determine c., the first step
was to evaluate which real parts for intact samples from &
show satisfactory wrinkle distributions. From these samples,
only those were kept for which the simulation also gave good
results, and the quality criterion ¢ was determined for the
simulation results. The minimum of these values is defined
to be the critical value c., resulting in ¢, := 25.0. The quality
assessment requires on average 9 milliseconds per cup with
the method presented. It can therefore be used in a stroke-to-
stroke control for the demonstrator press with a stroke rate of
up to 60 strokes per minute.

With the calibrated quality assessment and the critical
thinning from Section 4.1, the best performing ML model
M from Section 4.2 is integrated into the optimization strat-
egy described in Section 3.4. As described the results of the
optimization depend strongly on the number of grid points
for each interval in which the process parameters are varied.
For several samples the optimization was performed with
different number of grid points to examine the quality of the
solutions with the lowest loss and the required time. This
showed that the interval for F' should be discretized into at
least six points each to ensure the existence of a feasible
solution. Conversely, only three grid points where neces-
sary for the intervals for m and T what conserves time. In
this way 54 parameter combinations are evaluated for every
initial solution and the optimization always reaches a fea-
sible solution. The required time is 860 milliseconds on
average. In scenarios where less stringent time constraints
are in place, particularly in cases involving a slower process
cycle during forming, it is recommended to augment the
number of support points. This approach is expected to yield
enhanced part quality. An exemplary initial solution with
predicted material failure and the prediction for the process
parameters suggested by the optimization are illustrated in
Fig. 17. The initial process parameters are Fpp, = 1513 N,
m = 14.9%, Ty = 108°C. To avoid material failure, the
optimization suggests the reduction of the moisturization
duration, resulting in a lower material moisture content, and
the increase of the blank holder force. The resulting process
parameters after optimization are Fpp, = 2600 N, m = 10.9
%, Tq = 108°C.
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5 Discussion

The findings demonstrate the feasibility of simulating
wrinkles during the deep drawing process of paperboard,
and furthermore, the capacity of CNNs to predict the
geometry and quantity of these wrinkles. These outcomes
provide a foundation to enhance the reliability and efficiency
of paperboard manufacturing, preparing for large-scale
production. The FE model utilized a simpler material
model, compared to paperboard specific material models,
developed for sheet metals and basic Coulomb friction law.
Maximum thinning was employed as an artificial criterion
for predicting material failure. The authors of this study
acknowledge that the assumptions and simplifications
made do not fully capture the complex material behavior
of paperboard. This is one limitation of the present study.
However, given the difficulty in mapping wrinkles, even
with material models specially developed for paperboard,
which require a significantly higher calibration effort than
the one employed in this study, this research proposes a
solution. It is acknowledged that larger deviations can be
accepted in favor of the reduced calibration effort if the
fundamental trends regarding wrinkle number and material
failure are captured by the simulation. This is evidenced
in the present study across the majority of the validation
space. As significant deviations for the wrinkle number only
occur for 120°C, these can be linked to specific coefficients
of friction and flow curves. These material parameters
should be critically re-examined for improvements to the
simulation. Same applies for the thinning, where huge
deviations mainly occur for 80°C. Especially when those
outliers are neglected, the quantitative deviations do not
impair the subsequent training of the ML models and the
integration into a stroke-to-stroke control.

For the ML model, the RES-SE-U-Net architecture was
adopted without alteration from Link et al. [24], as it was dem-
onstrated there that the ML model M attains high prediction
accuracies for deep-drawn metal parts. In that study, wrinkles
occurred in a very small number of parts, but despite the lim-
ited number of such samples, the CNN was able to map the
rough shape of the wrinkles. Consequently, varying the archi-
tecture of the ML model was not part of this study. Instead,
it investigated the potential to map wrinkles using a dataset
comprising predominantly wrinkled samples, with a specific
modification to the loss function. The investigation revealed
that under these conditions, CNNs can predict approximate
wrinkle distributions and their shape, which is relevant and
important for deep drawing of paperboard. The model exhib-
its deficiencies in accurately determining the absolute position
of the wrinkles. However, it is not the absolute position that
is evaluated in the quality assessment method, but the num-
ber of wrinkles, their spacing and shape. As these values are
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well predicted even for the majority of samples with errors in
the absolute position, these deviations are negligible. Finally,
challenges are associated with the mapping of the wrinkling
behaviour for some of the samples that contain a substantial
number of small wrinkles. To address this issue, a compre-
hensive parameter study for the weight of the z-component
in the current MAEj3 loss function could be helpful. Further-
more, the efficacy of more sophisticated weights that impose
substantial penalties for minor deviations in the z-coordinate
could be assessed. Alternatively, a comprehensive investiga-
tion of the basic architecture with regard to the hyperparam-
eters and modified CNN architectures would also be possible.

The quality assessment method has been shown to offer a
reliable evaluation of quality, with a processing time of 9 mil-
liseconds that renders it highly suitable for utilization in mass
production contexts. The fact that there are fewer wrinkles
in the simulation than in reality has no affect on the robust-
ness of the quality assessment method. The reason is that the
wrinkle numbers from the FE simulation are used as ground
truth for the calibration of the quality assessment method. The
deviations between FE simulation and reality only need to be
considered when determining the critical value of the quality
criterion. This means that the desired real number of wrin-
kles cannot be converted directly into the quality criterion.
Instead, the critical value for the quality criterion needs to be
determined as described in Section 4.3. Due to the observed
deviations in wrinkle distribution between the FE simulation
and the predictions of M the quality assessment is currently
calibrated on the FE outputs rather than the ML outputs,
what is another limitation of the present study. Nevertheless,
given that the calibration process was automated using a grid
search, it can be repeated on the ML outputs at any time with
minimal effort. To do this, the ML model would be retrained
after modification to further reduce its deviations from the
FE simulation. The grid search which varies the parameters
of the quality assessment method is then repeated using the
predictions of the modified ML model.

The optimization algorithm is capable of suggesting
admissible solutions for all initial solutions. If deemed nec-
essary, a more complex optimization algorithm could be
employed to approach the global maximum more closely.
However, given the limited number of inputs in the optimi-
zation, the development of more complex algorithms is not
a primary focus in future studies.

6 Conclusion

The process of deep drawing of paperboard has been iden-
tified as a potentially viable method for the production
of paperboard packaging that can exhibit a wide range of
shapes and compete with plastic packaging. Nevertheless,
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when endeavouring to expand the deep drawing of paper-
board to mass production, control issues frequently emerge.
For instance, it remains challenging to ensure the integrity
of the parts and maintain high quality, defined as numerous
fine, uniformly distributed wrinkles, on a continuous basis.
In order to achieve this objective, it is imperative that precise
process parameter settings are implemented. The quality
of the resulting part can be predicted through the utilisa-
tion of FE simulations. However, due to the computational
time required, these simulations are not feasible for in-line
predictions. Consequently, a methodology was formulated
in this study for predicting the quality of paperboard parts
during the manufacturing process and suggesting optimised
process parameters if necessary by employing a digital twin.

The integrity of the parts and the distribution of wrinkles are
predominantly dictated by the blank holder force, the targeted
application of moisture to the blanks, and the temperature of
the die. The developed FE model predicts part quality depend-
ing on these three process parameters, using a material model
for metal and the Coulomb friction. The FE model was cali-
brated through tensile and friction tests and validated trough
deep drawing tests on a press. Subsequently, it was employed
to generate a database for the training of an ML model, spe-
cifically a CNN with a RES-SE-U-Net architecture. A meth-
odology was formulated for the objective assessment of part
quality. Finally, the ML model was incorporated into an opti-
mization strategy via a grid search. The primary findings of this
study are as follows:

1. Despite the use of a material model for metal and a sim-
ple friction law, the FE model is capable of qualitatively
mapping wrinkle and material failure trends across a
substantial portion of the parameter space.

2. The ML model demonstrates the capacity to predict
the approximate number of wrinkles formed and their
rough geometry as a function of the process parameters.

3. The evaluation of the wrinkle distribution in the predic-
tions is robust and has an average duration of 9 millisec-
onds. The integration of this approach into a grid search
optimization strategy suggests process parameters that
can prevent the production of substandard parts within
860 milliseconds. The presented method is therefore suit-
able for supporting a robust production of deep drawn
paperboard parts with effective stroke rates of up to 60
strokes per minute.

Future studies could increase the accuracy of the FE model
by conducting further experiments on the material param-
eters and using an alternative material model. Additionally,
the refinement of modified loss functions and modifications
in the ML model architecture hold potential in enhancing
the prediction accuracy of the ML model.

Appendix

Table 1 Appendix I: experimental data base £ for validation of FE
simulation

number starting blank moisture die tempera- state
holder force Fyn, m[%] ture Ty [°C]
[N]
0 1000 7.6 23 intact
1 1000 7.6 50 intact
2 1000 7.6 120 intact
3 1000 13.4 23 cracked
4 1000 13.4 50 cracked
5 1000 134 80 intact
6 1000 13.4 120 intact
7 1000 19.5 23 cracked
8 1000 19.5 50 cracked
9 1000 19.5 80 intact
10 1000 19.5 120 intact
11 1500 7.6 50 intact
12 1500 7.6 80 intact
13 1500 7.6 120 intact
14 1500 13.4 23 cracked
15 1500 134 50 cracked
16 1500 13.4 80 intact
17 1500 13.4 120 intact
18 1500 19.5 50 cracked
19 1500 19.5 80 cracked
20 1500 19 120 cracked
21 2000 7.6 23 intact
22 2000 7.6 50 intact
23 2000 7.6 80 intact
24 2000 13.4 23 cracked
25 2000 13.4 50 cracked
26 2000 134 80 intact
27 2000 19.5 23 cracked
28 2000 19.5 50 cracked
29 2000 19.5 80 cracked
30 2500 7.6 23 intact
31 2500 7.6 50 intact
32 2500 7.6 80 intact
33 2500 13.4 80 cracked
34 2500 13.4 120 cracked
35 3000 7.6 23 intact
36 3000 7.6 50 intact
37 3000 7.6 80 cracked
38 3000 13.4 80 cracked
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