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Abstract: The multi-pass caliber rolling (MPCR) of Mg alloy has attracted much attention due to its
engineering and manufacturing advantages. The MPCR process induces a unique microhardness
variation, which has only been predicted using a finite element analysis thus far. This study employed
machine learning as an alternative method of microhardness prediction for the first time. For this
purpose, two machine-learning approaches were evaluated: the artificial neural network (ANN)
approach and that aided by generative adversarial networks (GANSs). These approaches predicted
microhardness variation in the most difficult case (i.e., after the final-pass MPCR deformation). The
machine-learning approaches provided a good prediction for the center area of the cross-section,
because the prediction was relatively easy due to the small deviation in microhardness. In contrast,
the ANN failed to anticipate the shifted hardness variation in the side sections, leading to a low
predictability. Such an issue was effectively improved by integrating the GAN with the ANN.

Keywords: magnesium; caliber rolling; hardness; machine learning; artificial neural network;
generative adversarial networks

1. Introduction

Multi-pass caliber rolling (MPCR) is a metal-forming process used to fabricate a rod-
type product. A metallic material is inserted into a “caliber” between a pair of rolls, by
which it goes through redundant strains as well as shape change. Although the idea of
MPCR was reported in the early 2000s [1], it gained significant attention because of the study
of Kimura et al. [2] published in 2018. These authors compared the mechanical properties
of Fe-0.4C-2Si-1Cr-1Mo steels subjected to either the MPCR process or a conventional
method. The MPCR-processed steel presented peculiar fracture behavior resembling that
of bamboo, leading to 16-fold higher impact toughness compared with conventional steel.
Such a remarkable improvement was attributed to ultrafine elongated grains and nano-
sized carbides fabricated by the MPCR process. The mechanical improvement by the MPCR
process has attracted a large amount of attention, leading to a number of related studies
using not only steels [3-6] but also nonferrous metals, such as Ti [7-10], Nb [11], and Mg
alloys [12-17]. In addition, the MPCR process enables the continuous manufacturing of
bulk product, while inducing either ultrafine elongated or ultrafine equiaxed grains. For
example, the authors fabricated a 2 m long Mg rod with an ultrafine-grained structure
using an optimized MPCR process [13]. These engineering advantages are a novelty of the
MPCR process contrasted by severe plastic deformation processes.

A unique feature of the MPCR process is its strain distribution on the cross-sectional
area, which varies with the type of calibers. The difference in local strain induces a hetero-
geneous grain structure and resultant variation in mechanical properties, particularly the
Vickers microhardness [18,19]. Despite its importance, no studies have attempted to predict
the microhardness variation on the MPCR cross-section using a constitutive approach for
two reasons. First, these approaches (e.g., the Hall-Petch equation [20,21]) were made for
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a uniform grain structure, which mean they are inapplicable to the issue of interest. Second,
the size of the microhardness database is smaller than that of other mechanical properties,
such as flow curves, each including thousands of data points [22]. Accordingly, all related
studies [18,19,23] used finite element analysis (FEA) to predict the microhardness variation
in MPCR-processed alloys.

Our research group has employed a machine-learning approach as an alternative
resolution to predict the microhardness variation, because it is appropriate to solve a multi-
variant nonlinear problem [24]. This approach has recently proven its usefulness for other
types of process and material. Khalaj et al. [25] developed a microhardness model for oxide
precipitation hardened steel using machine learning, which provided good productivity
with an R? of 0.95. Sembiring et al. [26] anticipated the microhardness values of Ni alloy
subjected to ultrasonic nanocrystalline surface modification depending on the chemical
composition and processing parameter. Their machine-learning model yielded an R? of
0.98 from 37 testing datasets. However, it should be noted that such an approach has not
been verified for either MPCR or Mg alloys. Therefore, this study aimed to predict the
microhardness variation in MPCR-processed AZ31 Mg alloy depending on the position as
well as the processing parameter. A predictive model were constructed using an artificial
neural network (ANN), one of the most frequently used machine-learning approaches,
with hyperparameter optimization. Furthermore, generative adversarial networks (GANs)
were validated to confirm if it could resolve the issue of a small database.

2. Materials and Methods
2.1. Experimental Procedures

Commercially extruded AZ31 Mg alloy was prepared for the present research. The
chemical composition of the alloy was 3.6 wt.% Al, 1.0 wt.% Zn, 0.5 wt.% Mn, and balance
Mg. This alloy exhibits a tensile yield strength of 248 MPa, compressive yield strength of
109 MPa, ultimate tensile strength of 339 MPa, and elongation to failure of 20.2% [27]. Eight
cylindrical samples were machined from the single extruded alloy which were 15 mm in
diameter and 175 mm in length and aligned with the extrusion direction. These samples
were homogenized at 673 K for 10 h and then subjected to the MPCR process in an ambient
atmosphere. The samples were soaked in a furnace at 673 K for 1 h before being inserted to
the first pass of MPCR. For each deformation pass, the samples were heated for 1 min at
the sample temperature, rotated 90° with the axis of extrusion, and then inserted into the
next caliber. The eight samples were deformed up to the first to the eighth MPCR passes,
respectively, to induce various microhardness levels and distributions.

Variations in Vickers microhardness values were obtained per MPCR deformation
pass (HM-220, Mitutoyo, Kawasaki, Japan). The cross-sectional areas were mechanically
polished with #1200 and #2400 emery paper to increase the data reliability. The microhard-
ness values were measured along two directions of horizontal and vertical axes with a step
size of approximately 500 pm.

The experiments yielded 1610 instances with five features: microhardness, MPCR
deformation pass, and the position of measurement in three-dimensional Cartesian coordi-
nates. Before the machine learning, all data (x) were standardized with an average (1) and
standard deviation (¢) to minimize the scale effect of each feature:

i
z=— 1
- M)
Seventy-one instances after eight-pass MPCR deformation were designated as the test
dataset. It is noted that such a designation requires extrapolation, which increases the diffi-
culty in prediction on purpose. The remaining 1539 instances were arbitrarily divided into
the train and validation datasets at a ratio of 8:2 (i.e., 1231 and 308 instances, respectively).
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2.2. Finite Element Analysis

FEA was performed using commercial software ANSYS to calculate the strain distri-
bution on the cross-sectional area subjected to eight-pass MPCR deformation (Figure 1).
The workpiece consisted of a brick element to account for deformations in the element.
Hexahedral meshes were generated to account for the large geometric deformations. To
guarantee the element shape test, the element size was controlled for more than ten ele-
ments per unit length. The workpiece was assumed to be isotropic with a Poisson’s ratio of
0.3. The same element type was applied to the pair of rolls, although they were considered
as a rigid body. The friction coefficient was set to 0.3 assuming the dry contact, which was
a nominal value to maintain the stick condition between the workpiece and the roll during
the compression as well as the slip condition. It provided better stability for the solution
convergence, since a slip motion was allowed right before and after the loading.

0.000 10.000 20.000 (mm)

100.00 (mm)

25.00

75.00 5.000 15.000
Figure 1. Scheme of the finite element model used in this study and meshes for the cross-section.

2.3. Machine Learning

An ANN can be constructed with hidden layers as well as input and output layers. The
numbers of hidden layers and units are determined by the researcher, which directly affects
the prediction of the performance of the ANN model. In this work, these hyperparameters
were optimized using an algorithm called ‘hyperband’ [28] in the range of 1-10 hidden
layers and 4-32 hidden units per layer. The optimum ANN architecture for this study
consisted of 224, 200, 192, 72, 184, 72, 152, and 176 units in the first to eighth hidden
layers, respectively. In addition, the learning rate was also optimized using the same
method between 10~ and 103, for which the hyperband yielded an optimum value of
10738, The LeakyReLU [29] and mean square error were chosen as the activation and
loss functions, respectively. The adaptive moment estimation [30] was employed for the
stochastic optimization.

The GAN [31] generated fake data similar to the genuine ones using two competing
functions called a discriminator and generator. Both functions used a multilayer perceptron
model similar to an ANN, which consisted of two hidden layers. The size of latent space
was determined as 1 x 64 by trial and error. The discriminator had 128 hidden units,
while adopting the LeakyReLU and sigmoid for the activation functions. The generator
required more complex architecture than the discriminator as it generated fake data from
the noises. Accordingly, 256 hidden units were allocated to the generator, which doubled
those of the discriminator. The generator also used the LeakyReLU for the activation
function. Binary cross entropy was employed as the loss function for both models. Only
the training dataset was provided for the learning of the GAN model at a rate of 3 x 10~*
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for 5000 epochs. The mini-batch method was adopted to make the machine learning stable
and robust through iterations. The batch number was set to be 41, which was an aliquot
part of 1230 instances; note that one of 1231 instances was arbitrarily excluded to avoid
the overfitting of the last batch. As a result, the training dataset doubled to 2462 instances
through the GAN approach. The architecture of the final model, GAN-aided ANN, is
presented in illustration (Figure 2).
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Figure 2. Graphical scheme of GAN-aided ANN model developed in the present study.

3. Results and Discussion

Table 1 summarizes the side length of caliber cross-section (s) measured by a microme-
ter, accumulated reduction in area (r), and equivalent strain (e,;) per MPCR deformation
pass. The relation between the latter parameters is expressed as follows:

€0 = —1n(1 - L) 2)

Table 1. &,; and shape factors for its calculation for each deformation pass of MPCR process.

Pass 1 2 3 4 5 6 7 8
s (mm) 5.30 491 4.56 4.17 3.89 3.50 3.29 3.04 2.79
r (%) 0 13.6 26.6 37.7 46.4 56.8 61.8 67.5 72.4
Eeq 0 0.15 0.31 0.47 0.62 0.84 0.96 1.12 1.29

 The number of applied MPCR passes.

Increasing the number of MPCR passes imposed an increasing amount of plastic
deformation, leading to the positive correlation between the &, value and pass number.
However, these calculations are insufficient to describe the precise trends of plastic defor-
mation for two reasons. First, the results assume the uniform distribution of strains on the
cross-sectional area, which is not applicable to the present case. Complex three-dimensional
stress states induced by the MPCR process caused a significant difference in deformation
behavior [32]. Second, the actual strain is remarkably higher than the theoretical ¢, value
as the latter cannot consider the redundant strain [17]. Such a disparity was confirmed in
various materials including both steels [18,32] and nonferrous alloys [23,33].

FEA provided deeper insight into the two drawbacks of theoretical calculation men-
tioned above (Figure 3). The FEA-based ¢, values were remarkably higher than the
theoretical value calculated using Equation (2) (1.29), as aforementioned. Furthermore,
the eight-pass MPCR process gave rise to a significant inhomogeneity of ¢, values on the
cross-section. The & value for the corner sections (2.08) was significantly higher than that
for the center (1.78). This type of ¢, distribution arose from the MPCR process, rather than
from the material, because the similar distribution was reported from 0.15C-0.35i-1.5Mn—
0.01P-0.002S steel subjected to the MPCR process [18]. Specifically, diamond calibers led to
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Eeq

=2.08

the given & distribution [18,23]. The FEA also demonstrated the significant local strain at
the interface between the rod surface and roll, as shown in Figure 3b. Conversely, oval and
circular calibers accumulate strain on the center, leading to different ¢, distribution [32,33].

I: Static Structural

Type: Equivalent Elastic Strain
Unit: mm/mm

Time: 10s

2.156 Max

2.0064

1.8565

1.7067

1.5568
1.407
1.2572
1.1073
0.95747
0.80763 Min

(@) (b)

Figure 3. FEA contour maps of &, for AZ31 Mg alloy subjected to the eight-pass MPCR deformation:
(a) on the cross-section and (b) on the lateral view.

Vickers microhardness values were measured along the transverse direction on the
cross-sectional areas (Figure 4). The hardness increased with increasing amounts of MPCR
deformation from the first to fourth pass (Stage I). It became steady at ~83 HV from the
fourth to sixth pass (Stage II), and then increased again up to the eighth MPCR pass
(Stage III). The suppressed hardness increment between the fourth and sixth passes can
be understood using microstructural evolution. Dynamic recrystallization occurs during
the MPCR process for Mg alloy, which consists of (i) the formation of fine arrays sur-
rounded by low-angle grain boundaries and (ii) the conversion of them into recrystallized
grains with high-angle grain boundaries [13]. Stages I and II correspond to these steps,
respectively. The first dynamic recrystallization was completed in Stage 1II, leading to the
steady state of microhardness. Further straining in Stage III induced the second dynamic
recrystallization including the subgrain refinement, and thus increased the hardness again.
Inoue et al. [23] confirmed the microstructural evolution of MPCR-processed Mg alloy
based on these stages.
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Figure 4. Variation in Vickers microhardness values depending on the number of applied MPCR
deformation passes.

The expected and predicted microhardness values were arranged along the distance
across the cross-section (Figure 5). The experimental data exhibited V-shaped variation,
where the center exhibited low hardness and the two edges showed high values. These
results were rationalized by the aforementioned inhomogeneity of ¢,; values, as shown in
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Figure 3a. Compared with the FEA results as well as the literature [18,23,32,33], the actual
hardness distribution was shifted towards the regime of higher distances. The hardness at
the left edge of the cross-section (115 HV at a distance of 0 mm) was higher than that of the
right edge (110 HV at a distance of 7.5 mm). In addition, the lowest hardness was confirmed
not at the center but at the point pushed over towards the right edge (89 HV at a distance of
6 mm). Such a result arose from the imperfect rolling including the imbalance of lubrication
and the disparity in rotation speed between the two rolls. This is also supported by the bent
rod after the eight-pass MPCR deformation. The significant shear on the rod surface, as
shown in Figure 3b, barely changed in spite of the imperfect rolling conditions. Therefore,
the V-shaped variation in microhardness was maintained with the slight movement of
the center.

120

—=— Experiment
—=— ANN
—=— GAN-aided ANN

-
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o

Y
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Vickers Microhardness (HV)
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0 1 2 3 4 5 6 7
Distance (mm)

Figure 5. Line profile of Vickers microhardness values along the distance across the cross-section
subjected to the eight-pass MPCR deformation. The data predicted by ANN and GAN-aided ANN
approaches were also presented in the same format.

The predictability of machine learning was evaluated in three groups: the center, the
left section, and the right section (Figure 6). The left and right sections indicate 25% distance
from each edge. As shown in Figure 6a, the data were shown in the form of the root mean
squared error (RMSE) for a quantitative analysis, expressed as:

®)

where # is the total number of data, y; is the genuine datum, and ; is the predicted one. The
ANN approach provided good predictability for the center area with a low RMSE of 3.03 HV.
Integrating the GAN hardly enhanced the predictability with an RMSE of 2.98 HV. The
ANN prediction for microhardness in the side sections was more difficult, as characterized
by a significant increase in the RMSE to 7.33 HV for the left and 3.18 HV for the right. It
should be noted that the GAN-aided ANN remarkably improved the predictability for
this case. The RMSE was more than halved to 3.18 HV for the left side, although it was
slightly increased to 4.76 HV for the right. Comparing the error rates of two models also
provided a consistent conclusion, as shown in Figure 6b. The GAN-aided ANN model
showed similar or lower error rates compared with the ANN in all experimental positions,
except for the points at 2.5 and 7.5 mm. In particular, the GAN integration remarkably
reduced the error rates from 10% to 5% at maximum in the left section.
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Figure 6. Comparing predictability for Vickers microhardness between ANN and GAN-aided ANN
approaches: (a) RMSE values for the left section (0-2 mm in distance from the left edge), center
(2-5.5 mm), and right section (5.5-7.5 mm); (b) the variation in error rates per datum as a function
of distance.

The different effect of the GAN integration in relation to cross-sectional position can
be understood in light of the shifted hardness distribution. The center area had a uniform
distribution of hardness ranging from 91 to 99 HV. This condition was easy to predict for
both approaches, resulting in the similarly low RMSE values. In contrast, the side sections
were significantly more difficult to predict due to the shifted hardness distribution as well
as the large hardness variation from 89 to 115 HV. The ANN prediction was insufficient for
these areas, as clearly seen by the symmetric hardness distribution in Figure 5. However,
integrating the GAN with the ANN plotted the shifted distribution towards the regime of
higher distances reflecting the trends of experimental data. This resulted in the considerable
reduction in RMSE by integrating the GAN. The improved predictability stemmed from
the doubled amount of microhardness samples generated by the GAN approach. The
slight increase in RMSE in the right side was attributed to the overfitting for the hardness
shift towards the higher distance. In conclusion, integrating the GAN with the ANN can
improve the predictability of hardness distribution that is even distorted by the imperfect
manufacturing condition.

4. Conclusions

There have been no studies that exploit machine learning to model the mechanical
properties of MPCR-processed Mg alloys. This study employed two machine-learning
approaches (i.e., the ANN and GAN-aided ANN) to predict the effect of the MPCR pro-
cessing parameters on the microhardness of AZ31 Mg alloy. The ANN approach was
prepared by hyperparameter optimization. A constitutive approach failed to provide pre-
cise equivalent strains as it disregarded the complex stress states and redundant strains of
MPCR deformation. FEA suggested the radical V-shaped distribution of strains induced by
diamond calibers, resulting in the similar distribution of microhardness values. The center
of V-shaped distribution was shifted towards the higher distance owing to the imperfect
manufacturing, thereby increasing the predictive difficulty for the present study. The ANN
provided a good prediction for the center area where the microhardness values showed
the uniform distribution with the small deviation (5 HV). Integrating GAN gave rise to
the negligible improvement in prediction, since the ANN itself was sufficient to predict
this regime. However, the predictive difficulty exceedingly increased in the side sections
due to the increased deviation (+13 HV) and the shifted center of V-shaped hardness
variation. The ANN plotted the symmetric hardness variation, suggesting that it failed to
provide a useful prediction for this regime. In contrast, the GAN-aided ANN successfully
anticipated the shift with the reduced RMSE compared with the ANN approach. Thus,
integrating the GAN with the ANN can improve the predictability of hardness distribution
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even when it is distorted by imperfect manufacturing conditions. The applicability of the
GAN-aided ANN approach needs to be confirmed for other mechanical properties, such as
mechanical strength, ductility, fatigue limit, and toughness.
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