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Data—driven Approach for Extracting Steady-state Data from
Unsteady-state Flow Stress without Material Modeling
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Abstract. To accurately calculate the deformation behavior in forming simulations, it is essential to collect
steady—state material properties and input them into the simulation software. For instance, in heated sheet
metal forming processes, the temperature and strain rate change significantly. Hence, collecting data under
isothermal and constant strain-rate conditions is crucial for representing such complex deformation
behaviors. However, collecting steady—state data requires appropriate experimental apparatus or specimen
geometry and precise control of the experimental environment. An alternative approach is the inverse
analytical method, which identifies steady—state data by comparing forming simulation data with
experimental measurements. However, this method requires material modeling that accurately represents
the unsteady—state of a target. To overcome these challenges, we propose a simple method for directly
extracting steady—state data by interpolating unsteady—state data using a machine learning method without
material modeling. This paper describes a case study on the extraction of steady—state flow stress from high—
temperature tensile experiments on a magnesium alloy sheet (AZ31) using Gaussian process regression. The
results demonstrated that the flow stress extracted using the proposed method has predictive accuracy
equivalent to that obtained through inverse analysis with a predefined material model that can express the

dependency on the temperature and strain rate.
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1 Introduction

Shortening the product development period is important
to flexibly and quickly develop products in response to
changes in societal demand. Numerical calculation
methods such as forming simulations are effective in
shortening the development period because they enable
the consideration of countermeasures for potential
problems in the early phases of development [1]. In
recent years, there have been reports on the use of
regression models called surrogate models that are
trained on the results of hundreds to thousands of
forming simulations, to more quickly determine
appropriate manufacturing conditions compared to
standard forming simulations [2]. High—precision
forming simulations are essential for shortening the
development period.

To accurately calculate the deformation behavior in
a forming simulation, it is necessary to collect the
steady—state material properties and input them into the
simulation software. For example, in heated sheet metal
forming processes, such as hot stamping [3],
temperature and strain rate significantly change during
the forming process. Hence, collecting data under
isothermal and constant strain—rate conditions
corresponding to each moment of the unsteady state is
important for expressing such complex deformation
behaviors. During the forming process, the high—
temperature material comes into contact with cold dies,
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leading to a partial temperature decrease and strength
distribution within the material [4]. In addition, it is
important to consider the effect of the strain rate on the
formability to conduct high—precision forming
simulations [5].

However, when collecting steady—state data for
forming simulations, it is difficult to devise an
appropriate experimental apparatus and specimen shape
to conduct steady—state experiments [6] and precisely
control the tensile speed, temperature, and atmosphere
[7]. In another approach, an inverse analytical method is
used to identify the parameters of the material model or
steady—state material properties set in the forming
simulation by comparing the forming simulation data
with the experimental measurement data [8]. However,
this approach requires a material modeling that can
accurately express the unsteady state of the target [9]. In
the study by Li et al. [10], a neural network—augmented
mixed Swift—-Voce strain hardening law was employed
as a material model to capture the temperature— and
strain—rate—dependence of aluminum alloy sheets. The
implementation of this approach requires advanced
expertise in material modeling and iterative simulations
for inverse analysis.

To address these difficulties, we propose a simple
method that enables us to directly extract steady—state
data by interpolating unsteady—state data using machine
learning methods without material modeling.

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution
License 4.0 (https://creativecommons.org/licenses/by/4.0/).
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Specifically, as shown in Fig. 1, if unsteady—state data
can be interpolated using regression analysis in machine
learning, it would be possible to directly extract steady—
state data without designating a material model. This
paper describes a case study for extracting steady—state
flow stress (true stress and logarithmic plastic strain
relationship) from measurement data in high—
temperature tensile experiments of a magnesium alloy
sheet (AZ31) using a statistical inference method called
Gaussian process regression (GPR) [11]. To discuss the
usability of the proposed method, it was compared with
a regression model—the temperature— and strain—rate—
dependent power—law hardening model (hereinafter
referred to as the reference regression model) reported
by Tari et al. [12].

1st step: Collecting unsteady—state data

y: output variable

(ex. stress) Experimental data

27/ (unsteady-—state)

X,: input variable 1
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v (ex. temperature)

2nd step: Data interpolation
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v X2
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X

Fig. 1. Procedure for extracting steady—state data by
interpolating unsteady—state data using the regression model.

2 Methods

Assuming that the true stress is determined by the
logarithmic plastic strain, temperature, and strain rate,
the flow stress under isothermal and constant strain—rate
conditions was extracted via the following three steps.

- 1st step: Collecting unsteady—state data (Section 2.1)
+ 2nd step: Data interpolation (Section 2.2)

+ 3rd step: Extracting steady—state data (Section 2.3)

2.1 Collecting unsteady—state data

High—temperature tensile experiments were conducted
on heated specimens in a room-temperature

environment without atmospheric or constant—
temperature control. A 1.0 mm thick magnesium alloy
sheet (AZ31) was used as the specimen. As reported in
[12], the flow stress of a magnesium alloy sheet depends
on the temperature and strain rate. To accurately
evaluate the formability at elevated temperatures in
forming simulations, it is necessary to collect flow stress
data that depend on the temperature and strain rate.
Therefore, in this study, experiments were conducted in
a warm forming temperature range (25-300°C),
assuming actual press forming speed ranges (strain rate:
0.25-0.025 s7").

The dimensions of the specimens are shown in Fig. 2.
A specimen with a parallel section width of 8§ mm and
length of 22 mm was used. The configuration of the
experimental apparatus is shown in Fig.3. A
thermomechanical processing simulator (Thermec—
mastor—Z, Fuji Electronic Industrial Co., Ltd.) was used
as the tensile experimental apparatus. The specimen was
heated via Joule heating. The heating rate was set to
20 °C/s. The heating rate was controlled by
proportional—integral—differential (PID) control using
an R—type thermocouple welded to the center of the
specimen.

Rolling direction

Unit: mm
Fig. 2. Specimen dimensions.
Tensile direction
Ram
N
) Load cell
Joule heating
electrode Camera

Specimen

Thermocouple
(Type R)

Digital image
correlation

Thermecmastor—Z PC
Fig. 3. Schematic diagram of the tensile experimental setup.

The experimental conditions are listed in Table 1. A
total of 12 experiments were performed under different
temperature and strain conditions (Nos. 1-12). Nos. 1, 5,
and 9 were conducted at room temperature (25°C)
without heating the specimens. For other experimental
data, high—temperature tensile experiments were
conducted during air cooling after heating to 400°C. The
tensile experiment was started when the temperature
dropped to around 300, 200, and 100°C, based on the
cooling history shown in Fig. 4. The ram speed was set
to 5.5-0.55 mm/s, so that the apparent strain rate (ram
speed/parallel section length) matched the actual press
forming speed range (0.25-0.025 s™!). Based on the
cooling history in Fig. 4, the estimated temperature drop
to a nominal strain of 0.1 for experiment No. 4
(approximate initial tensile temperature: 300°C and
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apparent strain rate: 0.25 s7!) is approximately 10°C
over a tensile duration of 0.4 s. In contrast, for
experiment No. 12 (approximate initial tensile
temperature: 300°C and apparent strain rate: 0.025 s7'),
the temperature drop is approximately 70°C over a
tensile duration of 4 s.

The in—plane displacement distribution during the
tensile experiment was measured using the digital image
correlation (DIC) method, based on the transformation
behavior of a black random pattern. This random pattern
was applied by spraying the specimen with a black spray
from a certain distance. Strain analysis of the in—plane
displacement distribution was conducted using the
image correlation analysis software VIC-2D
(Correlated Solutions, Inc.). The deformation behavior
was recorded using a digital camera that captured full
HD videos at a frame rate of 59.94 fps. Additionally, the
field of view in the longitudinal direction (tensile
direction) was set to 85-90 mm, so that each pixel
represented 50 pm.

Table 1. Experimental conditions.

Apparent strain Approximate tensile starting
rate [s7'] temperature [°C]
(Ram speed
[mm/s]) 25 100 200 300
0.25(5.5) No. 1 No.2 No. 3 No. 4
0.1(2.2) No. 5 No. 6 No. 7 No. 8
0.025 (0.55) No. 9 No. 10 | No. 11 | No. 12

450
400
350 \
300 -

2501
200 200°C

150 | 0
100 100°C
50 i3si9s 21s
0 ; . .
0 10 20 30 40 50 60
Time [s]

300°C

Temperature [°C]

Fig. 4. Cooling history.

Fig. 5 shows an example of a camera image captured
during the deformation of experiment No. 4 and an
image in which the nominal strain distribution is
mapped by DIC. In this experiment, the specimen was
heated via Joule heating; thus, the areas other than the
parallel section were barely heated. Therefore, the
temperature was distributed along the longitudinal
direction during the experiment, which led to strain
distribution along the same direction. In other words,
when calculating the true stress precisely, a uniform
deformation should not be assumed across the entire
parallel section. In this experiment, to calculate the true
stress, deformation in the tensile and width directions at
the position with the largest deformation in the
longitudinal direction was determined using an image
correlation method. The logarithmic plastic strain range
of 0-0.1, where data exist for all experiments, was
targeted to examine the interpolation method of the
experimental data in this study. The logarithmic plastic
strain was obtained by subtracting the elastic strain from
the measured data, using the temperature—dependent

Young’s modulus of the magnesium alloy sheet as
described in reference [13].

0 Nominal strain in tensile axis 0.2

(a) Camera image  (b) DIC processed image
Fig. 5. Strain map analyzed by DIC. (No. 4: approximate
tensile starting temperature, 300°C; apparent strain rate,

02551

Fig. 6 shows the flow stress data obtained from each
experiment. The interpolation method based on the
unsteady—state data is described in the following section.
Fig. 7 shows the results of No. 11 (approximate initial
tensile temperature: 200°C and apparent strain rate:
0.025 s7!) as an example of the changes in temperature
and strain rate during the tensile experiment. During the
tensile experiment, the temperature decreased from
186.6 to 131.2°C, and the strain rate increased from
0.006 to 0.022 s7%.
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Fig. 6. Flow stress data collected by tensile experiment.
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Fig. 7. Temperature and strain rate changes during tensile 6,

experiments (No. 11: approximate tensile starting
temperature, 200°C; apparent strain rate, 0.025 s71).

2.2 Data interpolation

The collected unsteady—state data were interpolated by
applying the GPR [11], which is a machine learning
method, without material modeling. The GPR model
was implemented in Python using the GPy library. The
experimental data of Nos. 6 and 7 were used as test data,
and the remaining ten data were used as training data.
The test data were selected within the range of the
training data. The root mean square error (RMSE)
shown in Eq. (1) was used as the evaluation index for
prediction accuracy.

n
1
RMSE = |~ (=907, (1)
i=1

where y; is the i—th test data out of n data points, and ¥;
is the i—th predicted data point.

The GPR is a regression model that uses the
probability distribution of a random function called the
Gaussian process. One advantage of GPR is that it does
not require the specification of a functional form for the
regression model. This flexibility allows GPR to adapt
to various types of data without a predefined material
model. The GPR predicts the output values for new
inputs by assuming that the outputs follow a normal
distribution. It uses the relationships between known
data points to make predictions, providing both the
predicted mean and variance. In other words, given the
training data (xq,y;), (x2,¥5), -+, (xn, V), the mean
U(xpew) and variance o2(x,,,,) of the output value
(Vnew) to be predicted for a new input (X, ) can be
expressed by Egs. (2) and (3), respectively.

1 (Xnew) = Kl K~1y ()

0% (Xnew) = k(Xnew> Xnew) — KnewK™ "Knew 3)

Here, K is the covariance matrix consisting of kernels

k(xl-, x]-), which represents the relationship between the

two input values x; and x;. The ii component is 0,2, and

the ij component is k(xl-, xj). k. 1s a vector formed by

arranging the kernel values between the new input x,,,,,

and training data inputs x, which can be represented as
[k (xnewv xl)v k(xnew’ xz)’ Y k(xnewr xn)]T~

Kernel k expresses the similarity between two data
points, and the three commonly used types of kernels are
shown in Egs. (4), (5), and (6).

Here, 6, and 6, are hyperparameters. These can be
determined using the maximum likelihood estimation
method provided by the GPy library in Python, without
requiring any manual adjustments.

In this study, the GPR models were trained using
each of the three kernel types, and the model with the
smallest prediction error for the test data was selected.
As the numerical scales of the input variables differed,
the data were normalized to values between 0 and 1 for
each variable. Additionally, an automatic relevance
determination (ARD) feature was used to optimize the
hyperparameters of kernel k for each input variable.

To discuss the usability of the method extracted
using the proposed approach, the parameters of the
reference regression model in Eq. (7) [12] were
determined using the training data, and the prediction
error for the test data was compared with that of the
selected GPR model.

Ostress = F(T) * (50 + gp)n(T) x gm@) @)
Here, Og¢ress is the true stress [MPa], and &, is the
logarithmic plastic strain. g, is a material constant, and
it was set to 0.002. The reference regression model is a
power—law—based material model that depends on the
temperature and strain rate. Furthermore, F, n, and m
are functions of temperature T [K], as shown in Egs. (8),
(9), and (10), respectively.
F(T) = Ao+ Ay * (1 —exp(Az * (T = T,)/Ty))  (8)
n(T) = Az + Ay * (1 —exp(As * (T = T,)/Tp))  (9)
m(T) = Ag* (1 —exp(4; * (T —T,)/Ty))  (10)
Here, T, and T, are the room temperature and melting
temperature of Mg, respectively, which were set to 298
K (25°C) and 923 K (650°C), respectively. In this study,
for each measured data point, the error was defined as
the difference between the "true stress calculated using
Eq. (7) from the measured logarithmic plastic strain,
temperature, and strain rate" and the "true stress
obtained experimentally." The coefficients 4p—A47 were
determined by minimizing the sum of these errors.

2.3 Extracting steady-state data

All the trained regression models in the previous section
take the values of logarithmic plastic strain, temperature,
and strain rate as inputs, and output the true stress value.
These regression models can predict the true stress
values within the design space (logarithmic plastic strain
range: 0-0.1, temperature: 25-300°C, and strain rate:
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0.025-0.25 s7). In this study, several flow stresses
under constant temperature and strain—rate conditions
were extracted as examples.

prediction accuracy but the smallest fitting error, as
noted in Table 3. The results obtained using this kernel
indicate that it overfits the training data. Thus, an
appropriate kernel type must be selected according to
the test data. However, by setting the test data as in this
study, the kernel with the smallest prediction error for
the test data can be selected.

3 Results and discussion

Table 2 lists the parameters of the reference regression
model described in Section 2.2. Fig. 8 shows the
prediction results of the test data obtained using this
reference regression model. The prediction error

Table 3. Prediction error on test data and fitting error on
training data in GPR for each kernel.

(RMSE) of the test data was 9.513 MPa. Considering Kemnel types | 4iction error Fitting error on
. i . for Gaussian .2
that the maximum true stress within the design space of process on test data training data
the test data was approximately 2.50 MPa, the prediction regression [MPa] [MPa]
error was estimated to be approximately 4%.
RBF 9.221 3.308
Table 2. Reference regression model parameters.
Matern 5/2 9.189 3.254
AO Al AZ A3
Matern 3/2 25.975 0.944
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A A A A 400
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Fig. 8. Prediction results for the test data, obtained using the
reference regression model.

To select an appropriate kernel function, the

prediction errors of the test data obtained using the GPR

models trained with the three different kernel functions
were compared. Table 3 lists the prediction errors of the
test data and fitting errors of the training data for the
GPR models. The prediction error (RMSE) for the test
data was 9.189 MPa when the Matern 5/2 kernel was
used, which was the smallest among the three compared
kernel functions. The Matern 3/2 kernel resulted in a
larger prediction error for the test data than the other two
kernels. However, the fitting error for the training data
was small, which may indicate overfitting. Fig. 9 shows
the results of the test data prediction obtained using the
GPR model with the Matern 5/2 kernel, which exhibited
the highest prediction accuracy. This prediction error
was comparable to that of the reference regression
model. Notably, the predicted results of No. 6 in Fig. 9
show better agreement with variations in true stress
around a logarithmic plastic strain of 0.02 compared to
the predictions in Fig. 8. These results suggest that the
proposed method has the potential to train a regression
model with a high prediction accuracy without a
predefined material model. For reference, Fig. 10
displays the prediction results of the GPR model with
the Matern 3/2 kernel, which exhibited the lowest

400
E Prediction error on test No. 6
300 : ’
E data (RMSE): 25.975 MPa ved O Pred.
v
S 200 sesseess 0807 U1 @ Exp.
g 830"‘” g000© °° ° 03 |l No.7
o 00 °
2100 jpe @22 sei oeecc e O Pred.
= o ® @ Exp.
0 1 1 1 1

0 0.02 0.04 0.06 0.08 0.1
Logarithmic plastic strain [—]

Fig. 10. Prediction results for test data using the GPR model
with the Matern 3/2 kernel.

The results of extracting the steady—state flow stress
using the GPR model with the Matern 5/2 kernel are
shown in Fig. 11. Fig. 11(a) shows the isothermal flow
stress at a constant strain rate of 0.1 s~ (25, 100, 200,
and 300°C), and Fig. 11(b) shows the extracted flow
stress at constant strain rates (0.025, 0.1, and 0.25 s7') at
isothermal conditions of 100 and 200°C. The results
show that the higher the temperature, the lower the true
stress, and the higher the strain rate, the lower the true
stress, which is consistent with the findings of previous
studies [12].

Fig. 12 shows the measured unsteady—state data of
No. 11 and extracted steady—state data (isothermal flow
stress at 100-200°C at a constant strain rate of 0.025 s™').
The unsteady—state flow stress exhibited a steeper slope
of true stress increase with increasing logarithmic
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plastic strain compared to the extracted isothermal and
constant—strain—rate flow stresses. This result suggests
that this method can extract the flow stress, while
excluding the effects of temperature decrease and
strain—rate increase.

Strain rate: 0.1 s
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(a) Effects of temperature on flow stress at
strain rate 0.1 s~!
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(b) Effects of strain rate on flow stress at
100°C and 200°C

Fig. 11. Examples of the extracted steady—state flow stress.
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—: Extracted flow stress at strain rate 0.025 s!
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Fig. 12. Comparison of measured unsteady—state data with
extracted steady—state data.

4 Conclusions

We propose a simple method that enables the direct
extraction of the steady—state flow stress necessary for
high—precision forming simulations by interpolating the
unsteady—state data using a machine learning method
without material modeling. This paper describes a case
study for extracting steady—state flow stress from
measured unsteady—state data in high—temperature
tensile experiments of a magnesium alloy sheet (AZ31)
using a statistical inference method called GPR, a
machine learning method. The proposed method
demonstrates the potential to extract steady—state data

directly from unsteady—state data without using a
predefined material model.
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