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Abstract  In industrial sheet metal production, variations 
in material properties across different batches often lead to 
significant differences in the subsequent forming behavior 
and overall product quality. These fluctuations of mate-
rial properties pose challenges for process robustness and 
require strategies to ensure reliable forming results. Despite 
the existence of numerous methodologies for the expedi-
tious characterization of the forming behavior and forming 
properties of sheet metals, in addition to standardized char-
acterization methods, these techniques have not yet achieved 
widespread industrial implementation. Most existing meth-
ods rely on data-driven models, or surrogate (meta-) models, 
to predict forming behavior and material response. However, 
generating representative and sufficiently diverse training 
data remains a major obstacle to the practical use of such 
models. This study introduces a new methodology for gen-
erating high-quality training data for data-based prediction 
models, combining experimental testing, numerical simu-
lations, and machine learning. The methodology is devel-
oped using the ‘IWU-Werkstofftester’, which is a compact 
and flexible testing system designed to rapidly evaluate the 
properties of sheet metal. The focus is on identifying and 
validating suitable substitute tests, defining an appropriate 
finite element (FE) model and introducing variability into 
the input parameters systematically to ensure sufficient data 

diversity. Furthermore, the resulting datasets are evaluated 
in terms of quality, representativeness and the effort required 
for data generation. Finally, the study investigates the predic-
tive performance of an exemplary machine learning model. 
The results emphasize the potential of combining targeted 
experiments and simulations to speed up the development 
of predictive models for sheet metal forming, thereby sup-
porting the industrial adoption of data-driven material char-
acterization methods.

Keywords  Sheet metal forming · Material 
characterization · Finite element simulation · Deep 
learning · Data generation

1  Introduction

Exploitation of finite resources and climate change are criti-
cal consequences of industrialization and lead to the urgent 
demand for new approaches concerning sustainable mate-
rial usage. However, the unavoidable scatter of material 
properties within the normed tolerances is a major chal-
lenge in sheet metal production and subsequently in sheet 
metal forming [1]. These material fluctuations are one of 
the main causes of rework, scrap, and machine downtimes 
in press shops [2]. The material properties are specified in 
the delivery specification based on the chemical composi-
tion and characteristic values obtained from tensile testing. 
For each individual coil, these properties are documented 
in a supplier certificate. Incoming goods inspection does 
not usually include verification tests, and tensile tests are 
normally only carried out in cases of high rejection rates. 
Given the critical role material properties play in manufac-
turing performance, there is an increasing need to evaluate 
material behavior prior to processing and enable real-time 
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process adjustments based on material property changes. 
Current research is thus focused on the rapid evaluation of 
relevant material parameters [3]. These methods are gener-
ally classified as destructive, non-destructive, and indirect. 
Indirect methods, such as those that predict material behav-
ior by analyzing process signals, are particularly noteworthy. 
For example, Schenek et al. [4] employed punching force 
signals to predict material parameters (e.g., yield strength 
Rp0.2 and tensile strength Rm ) using artificial neural networks 
(ANNs). Non-destructive methods, such as 3MA and eddy 
current testing, are also widely used [5]. Lee et al. explored 
combining machine learning (ML) with eddy current signals 
to predict yield strength Rp0.2 for structural steel (SS440), 
achieving a root mean square error (RMSE) of 4.85 MPa [6].

While these established methods demonstrate promis-
ing performance in research settings, they share a common 
limitation: acquiring sufficient and high-quality training data 
remains a critical challenge for industrial applications. This 
gap severely limits the scalability and real-time applicability 
of these methods in dynamic manufacturing environments. 
Specifically, current hybrid workflows based on finite ele-
ment (FE) simulation and ML face difficulties in generating 
representative and diverse datasets that capture the inherent 
variability of material properties under real-world condi-
tions. Many existing virtual material testing frameworks still 
fail to account for this variability, leading to models that per-
form well under controlled conditions but struggle to gener-
alize in industrial settings. These gaps highlight the need for 
more robust, data-driven methods that can handle variability 
and adapt to real-world manufacturing complexities.

This paper presents a hybrid approach for the efficient 
generation of training data using the ‘IWU-Werkstofftester’ 
as an illustrative case study. The ‘IWU-Werkstofftester’ is 

based on a modified Erichsen cupping test where a hemi-
spherical geometry is formed using an instrumented tool 
and the resulting force–displacement response is recorded. 
The tool setup is shown in Fig. 1. Based on this curve, the 
mechanical properties of sheet metal semi-finished products 
can be predicted in a data-driven manner using ML models.

2 � Method

State of the art shows that data-driven methods are increas-
ingly being used to predict quality in manufacturing. How-
ever, the bottleneck is to obtain representative data. The goal 
of this method is to generate a dataset with as few experi-
ments as possible. First, a FE simulation is set up. Then, 
the data from the experiments are used to calibrate the FE 
simulation. This allows the generation of data with more 
variance with less effort. However, there may still be a gap 
between the experiment and the simulation. The next step in 
the methodology is to use experimental and simulated data 
to train a ML model G which combines the accuracy of the 
experimental data and the high variance of the simulated 
data. After training G , it can generate more data to achieve 
the desired dataset. Furthermore, once the method of train-
ing G is developed, generating the database is accelerated 
since FE simulations are often time-consuming. Finally, the 
data can be used to train quality prediction models P.

In this study, the method is evaluated by generating data 
and training an ML model P to predict the material proper-
ties of different batches of sheet metal. This model is part 
of the ‘IWU-Werkstofftester’, which is explained in the pre-
vious section. In contrast to the method described above, 

Fig. 1   CAD model of the test tool for the ‘IWU-Werkstofftester’
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this study focuses on experiments, the FE simulation, and 
especially on its parametrization and the prediction model 
P . Hence, model G is not used here.

2.1 � FE Simulation

The FE simulation represents the ‘IWU-Werkstofftester’. 
Hence, it follows the structure of a conventional forming 
simulation. To speed up the FE simulation and take advan-
tage of the symmetry of the hemispherical geometry and 
the square blank (specimen), only a quarter of the geometry 
is used. Figure 2 illustrates the geometry and dimensions.

The simulation is conducted using the LS-DYNA explicit 
solver R16.0.0. The die, punch, and blankholder are modeled 
as rigid bodies using shell elements. The specimen is mod-
eled using fully integrated Belytschko–Tsay shell elements 
with five integration points in sheet thickness direction. 
The specimen’s mesh has an edge length of 0.5 mm in the 
relevant area. The ‘FORMING_ONE_WAY_SURFACE_
TO_SURFACE’ contact in LS-DYNA is used to model the 
contact between the tool components and the specimen. 
The contact definition uses the standard Coulomb friction 
model with one parameter � . Barlat et al. YLD-2000-2d 
anisotropic material model [7] is used to describe mate-
rial behavior in FE simulations. This model is widely used 
in sheet metal forming simulations and can represent mild 
and high-strength steels, as well as aluminum. The effort 
required for parametrization is reasonable because it only 
requires uniaxial tensile tests in three directions (0°, 45°, 
and 90°) relative to the rolling direction (RD), as well as a 
test to capture the material behavior in a biaxial stress state.

Calibrating the FE simulation with minimal experimental 
data is challenging. In particular, the goal is to calibrate the 
FE simulation without conducting additional experiments to 
capture material behavior in a biaxial stress state. Instead, the 
idea is to use experiments from the ‘IWU-Werkstofftester’. 
The following strategy is suggested to achieve this goal. 
First, the Young’s modulus ( E ), yield stresses ( �0, �45, �90 ), 
and Lankford parameters ( r0, r45, r90 ) are calculated based 
on uniaxial tensile tests. The values to capture the biaxial 
stress state ( �

b
, d

b
 ) are set to �

b
= �0 and d

b
= 1.0 . Second, a 

flow curve is parametrized according to the Hockett–Sherby 
law: �(�) = a − be

−c�d [8]. The four parameters ( a, b, c, d ) 
are determined using least-squares (LS) optimization. Third, 
inverse parameter identification is used to adjust the four 
parameters of the flow curve to overcome the gap between 
reality and simulation. Fourth, FE simulation of the ‘IWU-
Werkstofftester’ and experimental data from one material 
batch are used to inversely determine ( �

b
, d

b
 ) and the friction 

coefficient � . The biaxial values and the friction coefficient 
are parametrized separately in two iterations. In each itera-
tion, either the biaxial values or the friction coefficient is 
determined, while the other values remain constant.

2.2 � Experiments

Two experiments were conducted to generate data: quasi-
static uniaxial tensile tests and tests using the ‘IWU-Werk-
stofftester’. The material used in this study was a complex 
phase steel CR850Y1180T with a nominal thickness of 
t = 1.2mm . As previously mentioned, the prediction model 
aims to predict material properties and identify potential 
fluctuations. Accordingly, five batches of CR850Y1180T 
from a material supplier were examined in the experiments.

The uniaxial tensile tests were used, first, to determine 
the material parameters required for the prediction model 
P and, second, to parameterize the initial anisotropic mate-
rial model for the FE simulation based on the results from 
batch 1. The tests were conducted according to DIN EN ISO 
6892–1. Flat specimens used have an initial gauge length 
l0 = 120mm and a width b0 = 20mm . The specimens were 
manufactured by punching, and the cut edges were subse-
quently reworked by grinding. For each batch, three speci-
mens were tested at orientations of 0°, 45°, and 90° relative 
to the RD.

For the experimental investigations using the ‘IWU-
Werkstofftester’, the tool is shown in Fig. 1 and the cor-
responding test parameters were applied. The tool was 
operated on a hydraulic press with a nominal press force 
of 650 kN. The specimens were square blanks with an edge 
length of 100mm and were manufactured by punching. 
For each batch, three specimens were taken in proximity 
to the same sheet. No cleaning or controlled lubrication of 
the specimens was performed prior to testing. During the 

Fig. 2   A half cross section of the geometry and its corresponding 
dimensions used in FE simulation of the ‘IWU-Werkstofftester’
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experiments, the force–displacement curves were recorded 
and provided in an XML file. The resulting data were used 
to calibrate the initial material model for batch 1 and to train 
the prediction model P . In summary, tensile tests were per-
formed for each of the three orientations relative to the RD 
(0°, 45°, and 90°). Additionally, tests were conducted using 
the ‘IWU-Werkstofftester’. Three repetitions were made for 
each of the five batches.

2.3 � Data Generation and Prediction Model

The basis to train the prediction model P is data generated 
using FE simulation. Therefore, the material parameters are 
varied and the resulting force–displacement curves of the 
‘IWU-Werkstofftester’ are calculated based on these param-
eters. In this study, six parameters relevant to describing 
the behavior of materials from different batches are var-
ied: Young’s modulus ( E ), yield strength ( �0 ), and the four 
parameters ( a, b, c, d ) of the Hockett–Sherby flow curve. 
Thus, predictions from P can be used to estimate both scalar 
material parameters and the flow curve.

The dataset was generated using Latin hypercube sam-
pling, with the material parameter values varied by ± 10% 
across 1,001 samples. The ± 10% interval was selected to 
reflect realistic variability of mechanical properties within 
tolerances established by industrial standards. A virtual 
material testing framework was established to automatically 
generate synthetic force–displacement curves corresponding 
to systematically varied material parameter combinations. 
This enables rapid generations of large datasets while main-
taining full control over material properties and boundary 
conditions, ensuring consistent and reproducible data for the 
prediction model P.

The prediction model P was implemented as a fully con-
nected ANN. Each force–displacement curve was interpo-
lated to 300 points to standardize input, and the network 
predicts six material parameters ( E,�0 , a, b, c, d ). The archi-
tecture uses ReLU activations with batch normalization and 
dropout after each hidden layer [9], and weights were ini-
tialized using He initialization [10]. The complete network 
contains 121,446 trainable parameters.

The dataset was split into training (80%), validation 
(10%), and test (10%) subsets, with validation for hyper-
parameter tuning and test for final evaluation. The model 
was trained using mean squared error (MSE) loss function. 
During training, validation loss was monitored to detect 
overfitting. Early stopping was applied if no improvement 
in validation loss was observed over a predefined number of 
epochs. Model performance was evaluated on the test data-
set using coefficient of determination R2 for each predicted 
material parameter individually.

A hyperparameter search was performed to identify 
the optimal configuration for training the model. Several 

combinations of hyperparameters were evaluated, including 
the number and size of hidden layers, dropout rate, learning 
rate, and batch size. The Adam optimizer was chosen with 
a learning rate of 0.01. Based on the minimum validation 
loss, the best configuration consists of four hidden layers 
with 256, 128, 64, and 32 neurons, a dropout rate of 0.2, a 
learning rate of 0.01, and a batch size of 64. Training was 
carried out for a maximum of 1,000 epochs, with early stop-
ping (patience of 100 epochs) to prevent overfitting [11].

3 � Results and Discussion

The results are described in the following two sections. The 
first section covers the generation of the data and its cor-
responding FE simulation calibration. The second section 
describes the results of training the ML model using the 
data generated.

3.1 � Data Generation

The results of the tensile tests are shown in Fig. 3 using 
the example of the stress–strain curve at 0° to the RD. The 
yield strength is at an almost identical level for all batches. 
Batch 2 and batch 5 show slight hardening and thus reduced 
tensile strength. In summary, the batch fluctuations recorded 
in the five batches can be classified as minor.

Using experimental data, the mechanical properties rel-
evant for the present study ( E and �0 ) as well as the flow 
curve parameters were identified with LS optimization for 
each batch. The following initial values and parameter ranges 
were used for optimization: a0 = 1500 ; a ∈ [1,000, 2000] , 
b0 = 700 ; b ∈ [500, 1200] , c0 = 3 ; c ∈ [1, 5] , and d0 = 0.2 ; 
d ∈ [0.05, 1] . The resulting values are summarized in 
Table 1.

Figure 4 depicts the force–displacement curves resulting 
from experiments performed with the ‘IWU-Werkstofftester’, 

Fig. 3   Experimental stress–strain curves from tensile tests in 0° to 
RD for the five batches
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which correspond to those in Fig. 3. The force–displacement 
curves reveal fewer differences than the stress–strain curves 
in Fig. 3 for batch 2 and batch 5. Overall, the force–displace-
ment curves are very similar.

Data from the tensile test and the ‘IWU-Werkstofftester’ 
from batch 1 were used to calibrate the FE simulation. 

Figure 5 shows the calibrated flow curves based on LS opti-
mization and subsequent inverse calibration.

Figure 6 shows the force–displacement curves for the 
‘IWU-Werkstofftester’. As can be seen, the inversely cali-
brated flow curve behaves similarly to the flow curve deter-
mined by LS optimization within the low strain range. How-
ever, higher strains result in lower stresses. This is caused by 
the strain limitation in tensile tests.

Figure 7 shows the force–displacement curves obtained 
from ‘IWU-Werkstofftester’ experiments for the five batches 
of CR850Y1180T in comparison with 1,001 results from 
the inversely calibrated FE simulation. The 1,001 curves 
were generated using the Latin hypercube sampling based on 
the six inversely calibrated parameters ( E,�0,a, b, c, d ) with 
a variation of ± 10%. The experimental curves (blue) are 
located within the scatter band of simulated curves (gray). 
Moreover, experimental curves follow the mean trend of 
the simulated curves up to the max. force level. Simulation 
curves increase until reaching a maximum force of approx. 

Table 1   Scalar experimental mean values (over repetitions) based on 
stress–strain curves from 0° to RD

Material Parameter Batch

1 2 3 4 5

E[GPa] 203,4 190,0 211,0 213,4 204,8
�
0
[MPa] 936 941 937 926 923

a [MPa] 1931 1806 1913 1766 1826
b [MPa] 1200 1200 1200 1200 1200
c [-] 1.875 1.509 2.046 2.539 1.805
d [-] 0.388 0.286 0.380 0.335 0.314

Fig. 4   Experimental force–displacement curves from ‘IWU-Werkst-
offtester’ for the five batches

Fig. 5   Flow curves in 0° to RD from batch 1: experiment, calibration 
(LS) and calibration (inverse)

Fig. 6   Force–displacement curves of ‘IWU-Werkstofftester’ from 
batch 1: experiment, calibration (LS), and calibration (inverse)

Fig. 7   Force–displacement curves ‘IWU-Werkstofftester’ from 
experiments (five batches) and simulation (generated 1001 samples)
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150 kN at around 18–20 mm displacement and decreasing 
indicates material failure or necking.

Figure 8 compares the true stress–true plastic strain 
curves obtained from experimental tensile tests conducted 
at 0° to RD for all five batches. Experimental curves indicate 
minor variations between batches and are located within the 
central region of the simulated curves.

The 1,001 generated flow curves, their associated Young’s 
modulus and yield stress, and the corresponding force–dis-
placement curves from ‘IWU-Werkstofftester’ represent 
synthetic data. The results demonstrate that FE simulations 
can significantly increase the variance of the initial dataset, 
which can then serve as the basis for training an ML model.

3.2 � Fast Prediction Model

This section presents the predictive performance of the ANN 
for estimating material parameters from force–displacement 
curves. Figure 9 shows comparison between predicted and 
true values for all six material parameters on the test dataset. 
The model indicates strong predictive accuracy on the test 
dataset for Young’s modulus (E), achieving a coefficient of 
determination of R2 = 0.98. The yield strength ( �0 ) shows 
good prediction performance with R2 = 0.89. Among the 
Hockett–Sherby flow curve parameters, the model achieves 
reasonable predictive accuracy for parameters a ( R2 = 0.88), 
b ( R2 = 0.71), and d ( R2 = 0.81). However, parameter c shows 
significantly lower prediction accuracy ( R2 = 0.23) with a 
higher presence of outliers, suggesting that this parameter 
is either less sensitive to the force–displacement signature 
or that additional input features are required to improve 
prediction.

Finally, the trained ANN is evaluated on experimen-
tal force–displacement curves from four different batches 
(batches 2–5) of CR850Y1180T steel material to assess its 
prediction accuracy. Each batch is obtained using the ‘IWU-
Werkstofftester’, with the force–displacement curves aver-
aged over three replicate tests per batch. Table 2 presents 
the prediction errors for each material parameter across the 
four batches. For Young’s modulus (E), the model exhibits 
errors ranging from 4 to 15%, while for yield strength ( �0 ), 
errors range from 15 to 17%. The Hockett–Sherby parameter 
d shows errors between 22 and 43%. The prediction accu-
racy decreases considerably for parameters a, b, and c. The 
large prediction errors for the Hockett–Sherby hardening 
parameters (a, b, c) demonstrate that the model trained on 
simulated data from batch 1 exhibits limited transferability 
to experimental force–displacement measurements.

4 � Conclusion

In this paper, a methodology for generating synthetic train-
ing data for the prediction of material properties was inves-
tigated. To this end, the relevant experimental studies were 
conducted on five material batches of CR850Y1180T. Only 
minor batch-to-batch variations were observed among the 
investigated batches.

Using batch 1, a material model was parameterized and 
subsequently validated based on the results of uniaxial 
tensile tests and the force–displacement curves obtained 
from the ‘IWU-Werkstofftester’. Using this material model, 
1,001 simulations were performed with systematically var-
ied material parameters. For this purpose, a fully automated 
simulation and post-processing workflow was developed. 
The resulting simulation data were then used to train a 
basic prediction model for estimating the Young’s modulus 
(E) , the yield strength 

(

�0

)

, and the Hockett–Sherby flow 
curve parameters (a, b, c, d) . High predictive accuracy was 
achieved for E , whereas moderate performance was obtained 
for �0 as well as the flow curve parameters a, b, and d . In 
contrast, only low predictive accuracy was achieved for 
parameter c . To assess how well a model trained exclusively 
on synthetic data can be transferred to real measurements, 
an initial validation was carried out using the experimental 
data from batches 2 to 4. High predictive performance was 
obtained for �0.

Overall, the results demonstrate that the proposed 
approach enables the efficient generation of large amounts 
of synthetic data and is principally suitable for data-driven 

Fig. 8   True stress–true plastic strain from experiments (five batches) 
and flow curves used in simulation to generate the 1001 force–dis-
placement curves for ‘IWU-Werkstofftester
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prediction of material parameters. To further improve pre-
dictive performance, future work should optimize the future 
engineering and the choice of ML model. In addition, the 
transfer to real data needs to be investigated more systemati-
cally, with a particular focus on mitigating the simulation-
to-reality gap.
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Fig. 9   Comparison of 
predicted and true values 
for material parameters of 
E, �

0
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Table 2   Prediction errors [%] 
for CR850Y1180T material 
parameters across experimental 
batches 2–5

Mate-
rial 
param

Error [%] for each 
batch

2 3 4 5

E 15 7 4 11
�
0

16 15 17 17
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c 145 95 48 122
d 22 40 43 33
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