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Abstract: Dual-phase (DP) steel has been widely used in automotive steel plates with a balance of
excellent strength and ductility. Grain refinement in DP steel is important to improve the properties
further; however, the factors affecting grain growth need to be well understood. The remaining
problem is that acquiring data through experiments is still time-consuming and difficult to evaluate
quantitatively. With the development of materials informatics in recent years, material development
time and costs are expected to be significantly reduced through experimentation, simulation, and
machine learning. In this study, grain growth behavior in DP steel was studied using two-dimensional
(2D) and three-dimensional (3D) Monte Carlo modeling and simulation to estimate the effect of some
key parameters. Grain growth can be suppressed when the grain boundary energy is greater than the
phase boundary energy. When the volume fractions of the matrix and the second phase were equal,
the suppression of grain growth became obvious. The long-distance diffuse frequency can promote
grain growth significantly. The simulation results allow us to better understand the factors affecting
check for grain growth behavior in DP steel. Machine learning was performed to conduct a sensitivity analysis
updates of the affecting parameters and estimate the magnitude of each parameter’s effects on grain growth
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alloys. Regarding grain size, the finer the grain size, the better the mechanical properties of the
material, according to the Hall-Petch relationship [1,2]. Great efforts have been made to form
- a fine grain structure and suppress grain growth [3-6]. Grain growth is a process through
which the average grain or crystal size in a fully crystalline material increases with time. This
grain size increase occurs through competition in which some grains shrink and disappear
while other grains grow to fill the volume formerly occupied by the shrinking grains [7].
conditions of the Creative Commons  EXPeTimental approaches to suppress grain growth in DP steels have been carried out for a
Attribution (CC BY) license (https;// 10N time to improve the properties of the material itself [8]. Experimental research on grain
creativecommons.org/licenses/by/  Tefinement in DP steel has focused on elucidating the mechanism of grain growth [9]. However,
40). the affecting factor determining grain growth cannot be identified through experiments.
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Computer simulations have been used to conduct detailed analyses that consider
various histological factors included in polycrystals [10]. Experiments, computer simula-
tions, and machine learning have become a trinity in recent years. Integrated materials
research is being actively conducted, and materials informatics, which combines materials
science and data science, is attracting attention. Computer simulation of grain growth
behavior has been studied in the early years [11-18]. The Monte Carlo (MC) computer
simulation technique is one of the most promising methods for detailed information on the
topology and kinetics of microstructure evolution and retains a number of features that
derive from the closely related Ising and Potts models [14,15]. The potential for nonuniform
grain boundary mobility to act as a persistence mechanism for abnormal grain growth was
investigated using MC Potts model simulations [16]. In addition, grain growth in the weld
heat-affected zone of multipass welds in 314 stainless steel was successfully studied using
the MC model [17]. A three-dimensional (3D) MC model with nucleation in each MC step
was applied to simulate the grain growth during the friction stir welding process [18]. In
these studies, MC simulation results and experimental data on the radii of austenite and
ferrite grains in dual-phase low-alloy steel and duplex stainless steel agree well with the
proposed relation using two-dimensional (2D) simulation [19]. The grain growth process
resulting from local grain boundary movement is modeled using MC simulations that can
reproduce the actual structure well. It has become possible to reproduce the temporal
changes and morphology of grain growth using 3D simulation [20]. Grain growth is driven
by the decrease in interfacial energy.

Due to the aforementioned trends in the development of MI, there is a need for
efficient data acquisition of material structures, and these conventional studies are again
attracting attention. Therefore, this study aims to use the MC method to construct a grain
growth behavior model of DP steel and propose a research strategy to speed up the material
structure analysis of steel materials combined with machine learning. Two-dimensional and
3D MC models will be developed, and the corresponding simulations will be performed
to compare the results and differences for quantitative clarification. Furthermore, based
on the simulation results, performing machine learning will clarify the factors governing
grain growth. Machine learning could be performed to conduct a sensitivity analysis of
the affecting parameters and estimate the magnitude of each parameter’s effects on grain
growth in the model. Combining MC simulation and machine learning will provide one
promising research strategy to gain deeper insights into grain growth behaviors in metallic
materials and accelerate the research process.

2. Monte Carlo Simulation and Machine Learning

Figure 1a,b shows the developed models, indicating the initial microstructures for
two-dimensional (2D) and three-dimensional (3D) simulations, respectively. In Figure 1a,
the microstructure is generated based on a 2D 100 x 100 array of square cells for the 2D
simulation. In Figure 1b, the microstructure is generated based on a 3D 30 x 30 x 30 array
of square cells for the 3D simulation. Positive integers from 1 to 1000 and negative integers
from —1 to —1000 were randomly assigned to the matrix and the second-phase cells,
respectively. These integers correspond to crystal orientations; a collection of unit cells with
the same integer represents a grain. The proportion of negative numbers was determined
according to the volume fraction of the second phase.

Grain growth behavior simulations were performed by considering two elementary
processes: grain/phase boundary movement and Ostwald growth accompanied by long-
distance diffusion [21]. The boundary energy of a random cell is expressed as follows.

Eq= ZZ#B {Eghl (1 — 55A58)€A3 + pr(l — gAB)} (SA > 0) (1)

Eq = ZIA#B {EgbZ(l —05,5,)€aB + Epp(1 — fAB)} (5S4 <0) 2)
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Here, Egp1, Egpa, Epp are the matrix grain boundary energy, the second-phase grain
boundary energy, and the matrix/the second phase boundary energy, respectively. S4 and
Sp are the crystal orientations of cell A and the kth neighboring cell B, respectively. és s, is
settol when S4 = Sp and O when S4 # Sp. €4p is set to 1 when cell A and B belong to the
same phase and 0 when they belong to different phases.

-200
-400
-600

-800
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Figure 1. (a) Two-dimensional and (b) 3D models representing the initial microstructure in the Monte
Carlo simulation. The integers in the color scale indicate the crystal orientation of the cells. The
positive and negative integers represent the matrix and the second phase, respectively.

Growth through grain/phase boundary migration proceeds by changing the orien-
tation of a randomly selected cell or by exchanging the orientation of a selected cell with
its neighboring cell, so the boundary energy calculated by Equations (1) and (2) is mini-
mized. If the energy of the one cell of interest is lower or the same after the orientation
change or swap, then the swap operation is valid. In other cases, the orientation of the
target cell is restored to its initial orientation. The difference between growth due to
grain/phase boundary movement and long-distance diffusion is that in the former, the
focused cell attempts to change and exchange orientation with adjacent cells, whereas in
the latter, the focused cell attempts to change and exchange orientation with distant cells.
Table 1 lists some parameters for the 2D and 3D simulations. The boundary energy ratio
of Egp1 ¢ Egpp : Epp = 1:1: 3 indicates the grain boundary energy in the matrix and the
second phase is the same, but smaller than the matrix/the second phase boundary energy.
The ratio of Egyy : Egpo : Epp = 1:1: 1indicates grain boundary energy in the matrix and
the second phase is the same as the matrix/the second phase boundary energy. The ratio
of Egp1 + Egpo : Epp = 3 : 3 : 1 indicates the grain boundary energy in the matrix and the
second phase is the same, but greater than the matrix/the second phase boundary energy.
The long-distance diffusion frequency (LDDF) is 0, 0.5, and 1. LDDF of 1 indicates the growth
by long-range diffusion was attempted in all loops. When all sites are updated, that is, several
trials of the model size, the unit time is 1 MC, which is taken as the time parameter.

Table 1. Some parameters used for 2D and 3D MC simulations.

Grain and phase boundary energy ratio 1}?
(Egn1:Egpa:Epp) 331
Volume fraction of the second phase (f) 0.3~0.7
Long-distance diffusion frequency (LDDF) 0~1
2D: 10

Monte Carlo steps (MCs) 3D: 3
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Machine learning was performed using the simulation results to conduct forward and
sensitivity analysis based on an Artificial Neural Networks (ANN)-created model. Bayesian
optimization was used to optimize the number of nodes and hyperparameters of the middle
layer in the neural network. The input was the six variations used for simulation, as shown
in Table 1, and the output was the average grain size. Based on the simulation results,
90% of the data was used as training data and 10% as test data to construct the model.
Shiny MIPHA was used for model construction and analysis [22]. Sensitivity analysis
quantifies the influence of input variables on output. In this study, the connecting weight
algorithm [23] was used for the sensitivity analysis. The influence of hidden neuron 4 on
an input neuron i is expressed by the following equation:

|wip|
F P )y AR S 3)
Y Jwi]

where w is the weight coefficient. The influence of input neuron i on output neuron o is
expressed by:

Fijo = Y1 [Sin X [pol] ()

The value £;), represents the magnitude of each parameter’s effects. The larger the
value, the more influence the parameter has on the model.

3. Results and Discussion
3.1. Monte Carlo Simulation and Affecting Factors of Grain Growth

Figure 2(al-a3) shows the 2D simulation results of the microstructure after 10 MC
steps under the condition that the volume fraction of the second phase f is 0.56, Egp : Egpy
Ep =1:1:3 and the LDDF is 0, 0.5, 1, respectively. Figure 2(b1-b3) shows the
2D simulation results of the microstructure after 10 steps under the condition that the
volume fraction of the second phase f is 0.56, Egp1 : Egpp + Epp = 1 :1: 1, and the
LDDF is 0, 0.5, 1, respectively. Figure 2(c1-c3) shows the 2D simulation results of the
microstructure after 10 steps under the condition that the volume fraction of the second
phase f is 0.56, Egp1 @ Egpp : Epp = 3 : 3 : 1, and the LDDF is 0, 0.5, 1, respectively.
It is obviously can be found that the two variations of Eg;; : Egpp : Ep, and LDDF
significantly affect the microstructure evolution. At given ratios between grain boundary
energy and phase boundary energy, the grain sizes of both the matrix and second phase
also increase slightly with increasing LDDF, as shown in Figure 2(al-a3,b1-b3,c1—3).
The microstructure, as shown in Figure 2(c1-c3), just displays the initial stage of grain
growth to explore the affecting factors clearly and does not show the equilibrium state.
Figure 3a shows the corresponding 2D simulation results of the average matrix grain size
as a function of MC steps on the conditions of the volume fraction of the second phase
0.56, various ratios of grain boundary energy/phase boundary energy, and various LDDFs.
With increasing MC steps, the average matrix grain size increases gradually and reaches
an obvious state after 10 steps. The detailed simulated results after 10 MC steps are also
summarized in Figure 3b. With increasing LDDF, the matrix and second-phase grain sizes
increase under any proportion between grain boundary energy and phase boundary energy.
Without consideration of the LDDE, the growth extent of the matrix and the second-phase
grains decrease with the increasing ratio of grain boundary and phase boundary energy.
Considering the LDDF and the value of 0.5, the growth extent of the second-phase grain
decreases with the increasing ratio of grain boundary and phase boundary energy, while
the growth extent of the matrix grain is maximum when the grain boundary energy equals
the phase boundary energy. When the LDDF is 1, the growth extent of the matrix and the
second-phase grain is maximum when the grain boundary energy equals the phase boundary
energy. This is considered to be caused by grain growth decreasing the grain boundary and
increasing the interface when the grain boundary energy is larger than the intergranular
energy. When the grain boundary energy is greater than the phase boundary energy, the
tendency of grain growth will be weakened. When the grain boundary energy is smaller than



Materials 2023, 16, 7536 50f16

the phase boundary energy, the tendency of grain growth will be greater without consideration
of the LDDF. Furthermore, the LDDF and the ratio between the grain boundary energy and
the phase boundary energy may affect the growth behavior comprehensively.

EopyEqpyEpp=1:1:3

Figure 2. Two-dimensional simulation results after 10 MC steps of microstructure under the condition
that the volume fraction of the second phase is 0.56. The ratios of Egy1, Egpp, and Epy, are 1:1:3 in
(al-a3), 1:1:1 in (b1-b3), and 3:3:1 in (c1-¢3). LDDF ranges from 0 to 1.

(a) 1.8
E!,,,:Eg,;:Epn
1.6 L3 | Lkl | 3:3:
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14 || LDDF | 05 ® ° ®

Average matrix grain size / pix

0.4
0 2 4 6 8 10 12
Monte Carlo steps / MCs
(b) #0.56, 10MCs
Egbr: Egpa: Epp 1:1:3 1:1:1 3:3:1
LDDF 0 0.5 1 0 0.5 1 0 0.5 1
Matrix (pix) 1.008 | 1.2075| 1.343 | 0.945 |1.2385|1.3935 | 0.917 | 1.1025| 1.212
Second phase (pix)| 1.1005 | 1.289 | 1.369 | 1.0275 | 1.2515| 1.468 | 0.8195 | 1.1275 | 1.2805

Figure 3. Two-dimensional simulation results of (a) the average matrix grain size as a function of
MC steps and (b) the average grain size of the matrix and second phase after 10 MC steps on the
condition that the volume fraction of the second phase is 0.56, with various ratios of Egy1, Egpz, Epp,
and LDDFs.

Figure 4(al-a3) shows the 2D simulation results of the microstructure after 10 MC
steps under the condition that the volume fraction of the second phase f is 0.32, E¢j1 : Egpo :



Materials 2023, 16, 7536

6 of 16

pr = 1:1: 3, and the LDDF is 0, 0.5, 1, respectively. Figure 4(b1-b3) shows the
2D simulation results of the microstructure after 10 steps under the condition that the
volume fraction of the second phase f is 0.32, Egp1 : Egpp @ Eppy = 1 :1: 1, and the
LDDF is 0, 0.5, 1, respectively. Figure 4(c1-c3) shows the 2D simulation results of the
microstructure after 10 steps under the condition that the volume fraction of the second
phase fis 0.32, E¢py © Egpp : Epp = 3:3: 1, and the LDDF is 0, 0.5, 1, respectively. Similar
to the previous case, the two variations of Egj1 : Egpn @ Eppy and LDDF significantly affect
grain growth behaviors. With increasing LDDF, the grain sizes of both the matrix and
second phase increase slightly and correspondingly, as shown in Figure 4(al), (a2), (a3),
Figure 4(b1), (b2), (b3), Figure 4(c1), (c2), (c3), respectively. The microstructure, as shown
in Figure 4(c1-c3), just displays the initial stage of grain growth to explore the affecting
factors clearly and does not show the equilibrium state. Figure 5a shows the corresponding
2D simulation results of the average matrix grain size as a function of MC steps on the
condition that the volume fraction of the second phase 0.32, with various ratios of grain
boundary energy/phase boundary energy and LDDFs. The matrix grain grows with the
increasing MC steps, and the average size after 10 MC steps varies with the conditions.
The detailed simulated results after 10 MC steps are also summarized in Figure 5b. With
increasing LDDF, the matrix and second-phase grain sizes increase under any proportion
between grain boundary energy and phase boundary energy. When LDDF is 0 and 0.5, the
growth extent of the matrix and the second-phase grains decrease with the increasing ratio
of grain boundary and phase boundary energy. When LDDF is 1, the growth extent of the
second-phase grains still decreases with the increasing ratio of grain boundary and phase
boundary energy; however, the growth extent of the matrix grain is maximum when the
grain boundary energy equals the phase boundary energy.

E

g[rl:Egb

Egp 1 EgyyEyy=1:1:1 E gy EgpyiE,=3:3:1

Figure 4. Two-dimensional simulation results after 10 MC steps of microstructure under the condition
that the volume fraction of the second phase is 0.32. The ratios of Eg1, Egpa, and Epp, are 1:1:3 in
(al-a3), 1:1:1 in (b1-b3), and 3:3:1 in (c1-¢3). LDDF ranges from 0 to 1.
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Figure 5. Two-dimensional simulation results of (a) the average matrix grain size as a function of
MC steps and (b) the average grain size of the matrix and second phase after 10 MC steps on the
condition that of the volume fraction of the second phase is 0.56, with various ratios of E¢p1, Egpa, Epp,
and LDDFs.

Figure 6(al-a3) shows the 3D simulation results of the microstructure after three steps
under the condition that the volume fraction of the second phase f is 0.56, Egp1 @ Egpo :
Eyp = 1:1:3, and the LDDF is 0, 0.5, 1, respectively. Figure 6(b1-b3) shows the 3D
simulation results of the microstructure after 10 steps under the condition that the volume
fraction of the second phase f is 0.56, Egp1 : Egpp @ Epp = 1:1: 1, and the LDDF is 0,
0.5, 1, respectively. Figure 6(c1-c3) shows the 3D simulation results of the microstructure
after 10 steps under the condition that the volume fraction of the second phase f is 0.56,
Eqp1 © Egro : Epp = 3 : 3 : 1, and the LDDF is 0, 0.5, 1, respectively. Similar to the
previous case, the two variations of Egp; : Egpp ¢ Epp and LDDF significantly affects
grain growth behaviors. With increasing LDDF, the grain sizes of both the matrix and
second phase increase slightly and correspondingly, as shown in Figure 6(al), (a2), (a3),
Figure 6(b1), (b2), (b3), Figure 6(c1), (c2), (c3), respectively. The microstructure, as shown
in Figure 6(c1-c3), just displays the initial stage of grain growth to explore the affecting
factors clearly and does not show the equilibrium state. Figure 7a shows the corresponding
3D simulation results of the average matrix grain size as a function of MC steps on the
condition that the volume fraction of the second phase is 0.56, with various ratios of grain
boundary energy/phase boundary energy and LDDFs. Regarding the LDDF effect on
grain growth, the 3D simulation results are similar to those of 2D simulation. The detailed
simulated results after three MC steps are also summarized in Figure 7b. With increasing
LDDF, the matrix and second-phase grain sizes increase under any proportion between
grain boundary energy and phase boundary energy. With increasing grain boundary energy,
the average grain size of the second phase decreases gradually. When the grain boundary
energy is greater than the phase boundary, the maximum average matrix grain size in the
LDDF case is 0 and 0.5. When LDDF is 1, the average matrix grain size is maximum for
higher phase boundary energy. The effect of boundary energy on the 3D simulation results
of matrix grain growth behavior is more complicated than that of 2D simulation based on
the different contributions of LDDF and boundary energy.
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Figure 6. Three-dimensional simulation results after three MC steps of microstructure under the
condition that the volume fraction of the second phase is 0.56. The ratios of Eg;1, Egp2, and Ep, are
1:1:3 in (a1-a3), 1:1:1 in (b1-b3), and 3:3:1 in (c1-c3). LDDF ranges from 0 to 1.
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Figure 7. Three-dimensional simulation results of (a) the average matrix grain size as a function of MC
steps and (b) the average grain size of the matrix and second phase after three MC steps on the condition
that the volume fraction of the second phase 0.56, with various ratios of E¢p1, Egpa, Epp, and LDDFs.
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Figure 8(al-a3) shows the 3D simulation results of the microstructure after three MC
steps under the condition that the volume fraction of the second phase f is 0.32, Eg; :
EgbZ tEp=1:1:3, and the LDDF is 0, 0.5, 1, respectively. Figure 8(b1-b3) shows the 3D
simulation results of the microstructure after 10 steps under the condition that the volume
fraction of the second phase f is 0.32, Egp1 : Egpp : Epp =1:1:1,and the LDDFis 0, 0.5, 1,
respectively. Figure 8(c1-c3) shows the 3D simulation results of the microstructure after 10
steps under the condition that the volume fraction of the second phase f is 0.32, E¢j : Egpp
pr =3:3:1,and the LDDFis 0, 0.5, 1, respectively. Similarly, with increasing LDDF, the
grain sizes of both the matrix and second phase increase slightly and correspondingly, as
shown in Figure 8(al), (a2), (a3), Figure 8(b1), (b2), (b3), Figure 8(c1), (c2), (c3), respectively.
Figure 9a shows the corresponding 3D simulation results of the average matrix grain size
as a function of MC steps on the condition that the volume fraction of the second phase
0.32, with various ratios of grain boundary energy/phase boundary energy and LDDFs.
The detailed simulated results after three MC steps are also summarized in Figure 9b. With
increasing LDDF, the matrix and second-phase grain sizes increase under any proportion
between grain boundary energy and phase boundary energy. When the LDDF is 0 and 0.5,
the average matrix grain size decreases when the grain boundary energy is greater. When
the LDDF is 1, the average matrix and the second-phase grain sizes are maximum when
the grain boundary energy equals the phase boundary energy. When the LDDF is 0 and
0.5 for the second-phase growth behavior, the greater grain boundary energy promotes
second-phase growth.

gb2*

By By B p=1:1:3 B BgiBgy=131:1 B ot B st B=3:3:1
LDDF=0 .

1000
800
= o= i w0
e — & o =2 1
S & =R 3 j
& = = A T y 400
- § 2 S g ==

200

Figure 8. Three-dimensional simulation results after three steps of microstructure under the condition
that the volume fraction of the second phase is 0.32. The ratios of Eg1, Egpo, and Eyp, are 1:1:3 in
(al-a3), 1:1:1 in (b1-b3), and 3:3:1 in (c1-c3). LDDF ranges from 0 to 1.
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Figure 9. Three-dimensional simulation results of (a) the average matrix grain size as a function of
MC steps and (b) the average grain size of the matrix and second phase after three MC steps on the
condition that the volume fraction of the second phase is 0.32, with various ratios of Egbl, Egbz, pr,
and LDDFs.

Besides the above-mentioned affecting factors of boundary energy and LDDF, the
volume fraction of the second phase still needs to be analyzed. With the increasing volume
fraction of the second phase in 2D simulation, the average grain size of the second phase
also increases, as shown in Figures 3b and 5b. In addition, the average grain size of the
matrix decreases when the grain boundary energy is equal to or is smaller than the phase
boundary energy. When the grain boundary energy is greater than the phase boundary
energy, with increases in the volume fraction of the second phase, the average grain size
of the matrix increases in the case where LDDF is 0 or 0.5 and decreases in the case where
LDDF is 1. In 3D simulation, according to Figures 7b and 9b, with increases in the volume
fraction of the second phase, the average size of the second phase increases while the
average grain size of the matrix decreases when the grain boundary energy is equal to or
smaller than the phase boundary energy. For greater grain boundary energy, the average
grain size of the matrix increases with the increasing volume fraction of the second phase.
Moreover, the average grain size of the second phase decreases when LDDF is 0 and
increases when LDDF is 0.5 and 1.

Figure 10a—f shows the 2D and 3D simulation results of the matrix grain distribution
behaviors with time evolution on the condition that the volume fraction of the second phase
is 0.5, Egbl : Egb2 : pr =1:1:1, LDDFis 1, and MC steps are 4, 6, 8, respectively. The
maximum size is 2.5~3 times larger than the average size for both 2D and 3D simulation
results. The grain distribution behavior follows the Rayleigh distribution based on the
2D simulation results and the lognormal distribution based on the 3D simulation results.
According to the 2D and 3D modeling and simulation, the grain distribution behaviors are
consistent with previous studies [24].
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Figure 10. (a—c) Two-dimensional and (d—f) 3D simulation results of the distribution behav-
ior of matrix grains under the condition that the volume fraction of the second phase f is 0.5,
EgbliEgbzipr =1:1:1, LDDF is 1, and Monte Carlo steps are 4, 6, 8, respectively. The first left bar in

each figure indicates the initial number of matrix grains at the beginning of simulation.

The correlation of the grain size in a two-phase structure has been demonstrated [24,25].
In a two-phase microstructure, the matrix (), the second phase (s), and their average grain
sizes of the two phases (Ry;, Rs, Ry + R;) are the basic parameters. Here, the distribution
of the matrix grain and the second phase are completely random. The matrix grain is
adjacent to the second-phase grain randomly, forming a phase boundary. The volume
fraction of the matrix and the second phase are f,; and fs. Sy, /m, Ss/s, Smys are the areas of
the matrix/matrix grain boundary, the second phase/second phase grain boundary, and
the matrix/second phase boundary. S, and S; are the total areas of the matrix and the
second phase.

3V 1
Sm/m:Sm'fmZT'R:'f% (5)
m
L. 3V 1,
Ss/s - Ss fs = ) R—S fm (6)
3V 1 1
Sm/s—sm'fS“‘SS'fm_Z‘(R+R>'fmfs ()
m s
The total interface energy
Einterface = Sm/m'Egbl + Ss/s'EgbZ + Sm/s'pr (8)
JE;
mﬂ’ace — A ai (9)
IR, oR,,
aEinterface _ /\.ai (10)
oRs oRs

By substituting Equation (8) here, the correlation between particle sizes can be derived
as follows.

1/2

R/ (For [ (Eqn/Epp) fn+ £:]) ' = Rt ([ (Baa/ ) S+ 4] ) )

According to the above correlations, Figure 11a,b shows the relation between the
matrix grain size and the second-phase grain size based on 2D and 3D simulations under
the condition of various volume fractions of the second phase, various ratios of Egbl, Egbz,
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Epp, and LDDF is 0.5, respectively. It can be found that the correlation is best fitted for both
2D and 3D simulations when the volume fraction of the second phase is 0.5. For other
volume fractions of the second phase, the correlation goes away. A similar correlation
can be obtained when the LDDF is 0 and 1. Here, the correlation of the grain size in a
two-phase structure shows that the arrangement of grains in the matrix and the second
phase is completely random, and the matrix grain is adjacent to the second-phase grain,
forming a phase boundary. Considering that it is derived based on the assumption that the
correlation is proportional to the volume fraction of each phase, the correlation was not
satisfied in cases other than the volume fraction of the second phase being 0.5, which may
result from the assumption of collapsed microstructure.

(a) g 2D simulation (b) 5 3D simulation
B P .
4 & - o 4 7
% X 2 /,1’ 5 5 .
% ’p” {; * ; ~
les * +° » le o 0
2 . ,,»’ v 2 o X
/./ v ,‘ * v "
’/, - ’“r
1 -l Egin: Egpa: Epy=1:1:3, 1121, 3:3:1 1 W v Egn Egpzt gy 1:1:3, 1121, 3:3:1
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Figure 11. Relation between matrix grain size and the second-phase grain size based on (a) 2D and (b)
3D simulations under the condition of various volume fractions of the second phase f, ratios of E ob1/
EgbZ/ E,p, LDDF is 0.5, respectively. The green, red, and blue colors indicate different grain boundary
and phase boundary energy ratios.

The length scale in the MC model can be converted to an absolute length scale in a
simple linear manner by defining the grid point spacing A as follows.

R = ARpc (12)

Here, R is the average size determined from the experimental results, and Ryc is
the average size determined from the simulation results. There is a certain degree of
freedom in setting the parameter A, but it is the one that provides the spatial resolution of
the simulation. The size is preferably smaller than the typical size of the particles being
investigated so that the simulation can capture the shape and size of the particles at the
required resolution.

Grain growth with time evolution in experiments and theory studies are expressed
as follows.

R' =Ry =kut (13)

Here, R is the average size, Ry is the average when grain growth begins to progress
steadily, t is the heating time.

In the MC algorithm, the time evolution of physical processes is modeled on the
simulation time scale measured in the MC step. Therefore, the grain growth law in the MC
simulation is expressed as the following equation.

Rymc' — Romc = knmc thic (14)

Here, R is the calculated average grain size from the MC simulation results, Rq pc is
the initial size of the MC simulation, 7 is the power-law indeX, kpsc is the grain growth rate,
tpmc is Monte Carlo step (MCs). t), is the fitting result of #5c using the fitting parameter .

thie = Ktmc (15)
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From the theoretical equation of the grain growth law and Equation (13), the MC time

th1c can be expressed as follows. )
thic = Y

Here, A is the value set earlier in the spatial scaling, and k and k¢ are determined by
regression analysis using grain growth experiment and simulation data, respectively.

Figure 12a,b shows the 2D and 3D simulation results of the average matrix grain size
changes with MC steps using the above value under the condition that volume fractions of
the second phase f =0.56, and LDDF is 0, 0.5, and 1, respectively. In the 2D simulation, when
the LDDF is 0, the simulation result slightly deviates from the curve of the experimental
results; considering the theory of grain growth in a two-phase structure, it is possible
to obtain results that closely match the experimental results. This result is considered
valid because the second phase cannot grow unless long-distance diffusion occurs. The
3D simulation result has become clear under these conditions where LDDF is 0.5 and 1,
matching well with the experimental results.
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Figure 12. (a) Two-dimensional and (b) 3D simulation results of the average matrix grain size changes
with MC steps under the condition that volume fractions of the second phase f = 0.56, and LDDF is 0,
0.5, and 1.

3.2. Machine Learning

In this study, we performed machine learning using simulation data to quantitatively
evaluate the parameters that affect grain growth. The correlation between the 2D and 3D
simulation results and the ANN forward estimated analysis results is shown in Figure 13a,b,
respectively. The coefficient of determination is close to 1, and a relatively accurate model
has been constructed. The results of the sensitivity analysis performed using the model
constructed above are shown in Table 2. In the 2D simulation, the LDDF is the most
important factor in grain growth, and in the 3D simulation, the second phase volume
fraction is the most important factor in grain growth. From the above, it was possible to
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quantitatively analyze the influence of each parameter used in the experimental results,
and it became possible to rank the influence of each parameter.

RMSE(train)= Va
0.1237 o0

RMSE(test)= -~
0.3291 QFQ
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0.9917 (80
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0.9791 @G@()
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Figure 13. Correlations between (a) 2D (b) 3D simulation results and ANN estimated results.

Table 2. Sensitivity analysis results of each parameter in 2D and 3D simulations.

2D 3D

Volume fraction of the second phase (f) 0.90 2.94
Long-distance diffusion frequency (LDDF) 3.16 1.94
Matrix/matrix grain boundary energy (Egp1) 0.88 1.22
Second phase/second phase grain boundary energy (Egp2) 0.88 1.22
Matrix/second phase grain boundary energy (Ep;) 0.16 1.05

The temporal evolution and morphology of grain growth in 2D and 3D behaviors can
be successfully simulated by the MC method to explore the affecting factors. Combining
material informatics methods such as image engineering and simulation calculations to
obtain microstructure descriptors based on the structural parameter—process—performance
relationship obtained in the experiment and simulation. The affecting sensitivity of each de-
scriptor can be obtained with high efficiency and precision through the analytic method of
machine learning. Construct an optimized structural model through the inverse analytical
method of machine learning, and determine the optimal parameters for the required struc-
tural performance. This research strategy has achieved practical application and effectively
accelerates the design and development of advanced structural materials [26-28].
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4. Conclusions

In this study, grain growth behavior in DP steel was studied by 2D and 3D MC model-
ing and simulation to estimate the effect of some key parameters involving matrix/matrix
grain boundary energy, second phase/second phase boundary energy, matrix/second
phase boundary energy, volume fraction of the second phase, long-distance diffuse fre-
quency, and the Monte Carlo steps. The effects of each parameter on grain growth behavior
were discussed, and it was found that both 2D and 3D simulations could reproduce the
trends of the experimental results. When the grain boundary energy is greater than the
phase boundary energy, grain growth can be suppressed. When the volume fractions of the
matrix and the second phase were equal, the suppression of grain growth became obvious.
The long-distance diffuse frequency can promote grain growth significantly. Machine
learning was performed to conduct a sensitivity analysis of the affecting parameters and
estimate the magnitude of each parameter’s effects on grain growth in the model. The
simulation results obtain a better understanding of the affecting factors of grain growth
behavior in DP steel. This method provides deeper insight into speeding up the material
structure development of steel materials.
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