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Abstract

Koutarou HAYASHI* Kazumasa TSUTSUI

The patterns were analyzed based on the element concentration mapping data to clarify
the microstructure formation of ternary Fe-C-Mn alloys and quaternary Fe-C-Si-Mn alloys
using various data science techniques. Microstructural patterns in Fe-C-Mn alloys were
analyzed by histograms of each element concentration and scatter plots among element
concentrations. In particular, the equilibrium conditions of the two-phase microstructure
Jformation were estimated by comparing the scatter plots with the isothermal cross-sections
of phase equilibrium. Principal component analysis of element concentration mapping data
in Fe-0.20%C-1.5%Si-1.5%Mn alloys shows that the patterns of the two-phase microstruc-
ture formation can be expressed by principal components. Knowledge of computational
science and microstructure formation theory was required to understand this pattern.

1. Introduction

When considering the materials science of steel, in addition to
chemical compositions, heat treatment, and characteristics, micro-
structure is also a major focal point of research. In particular, as mi-
crostructure has an influence on various characteristics like
strength,' researches on the formation of the microstructure of
steel continue to attract attention, and have achieved great academic
progress.*® On the other hand, since the microstructure is non-uni-
form in the steel, the recognition of patterns and the interpretation
thereof are difficult. To clarify complicated patterns, data science
employing machine learning and so forth are widely utilized in vari-
ous industries.”

As an example of applying data science to materials science,
materials informatics is one particular area of focus.®') Data sci-
ence in microstructural formation research is shown in Fig. 1. Con-
ventional materials science has consisted of three elements, experi-
mental science, computer science, and theoretical science. Data sci-
ence has been newly introduced, and materials science has made
further progress.” In the research on the microstructure formation
also, the combination and fusion of data science with these three ex-
perimental sciences such as element and structure analysis, >
computer science represented by the Calculation of PHAse Diagram
(CALPHAD),'® and microstructure formation theory such as that of
precipitation and/or phase transformation'” need to be considered.
As stated in Chapter 3 and beyond, the accumulation of the series of
analysis of the experimental data of element analysis with descrip-

tive statics, the study on the correlations of data based on thermody-
namic equilibrium calculation, and the penetration into the micro-
structure formation have developed data science in the materials
science field.'®'” However, materials informatics is at the dawn,
and the research on such data science remains scarce.

Experimental science has the role of producing data, and in ad-
dition to mechanical properties, the experimental data like element
concentration mapping developed by Field Emission Electron Probe
MicroAnalysis (FE-EPMA) is also obtainable. In order to extract
microstructure formation patterns from the data, various kinds of
data analysis become necessary. Table 1 shows the outline of the
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Fig.1 Data science in microstructural formation research field
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Table 1 Machine learning models in the analysis of materials data

Approach Algorithm

Classification

Supervised learning R -
egression

Clustering

Unsupervised learning

Dimensionality reduction

machine learning models utilized for the analysis of material data.>”
The models are divided roughly into two approaches, “supervised
learning” and “unsupervised learning”. Furthermore, algorithms are
developed to achieve various objectives. The first is the classifica-
tion of the “supervised learning” category which enables the analy-
sis of the microstructure in the steel.?'> The second is the “regres-
sion” of the “supervised learning” category which enables the pre-
diction of the starting temperature of transformation to martensite or
the completion temperature of transformation to austenite.?®2” The
third is the “clustering” of the “unsupervised learning” category, and
the segmentation of microscopic images using the algorithm has
been developed.? The fourth is the “dimensionality reduction” of
the “unsupervised learning” category, and the high dimensional in-
formation of microstructure is compressed through principal com-
ponent analysis, and visualized.?”

In this research, three test pieces were prepared, each having dif-
ferent alloy chemical compositions and different microstructure.
The first test piece is the ternary Fe-0.3%C-0.5%Mn alloy which
was heat-treated for a long time, and the microstructure is consid-
ered to be in the state of near to equilibrium. The second test piece
is the ternary Fe-0.1%C-2.0%Mn alloy which was heat-treated for a
short time, and the microstructure is in the state of non-equilibrium.
The third test piece is the quaternary Fe-0.2%C-1.5%Si-1.5%Mn al-
loy in the state of non-equilibrium. Each of the element concentra-
tion mapping data was analyzed by using various methods of data
science, clarifying the pattern of the respective data, and the micro-
structure formation was studied based on the patterns. Particularly,
with respect to the quaternary Fe-0.2%C-1.5%Si-1.5%Mn alloy, vi-
sualization of data with dimensionality reduction was studied. Thus
the viewpoint of data science was introduced, and the latent features
in the microstructure formation, or patterns, was studied based on
the element mapping data.

2. Experimental Method

Test piece materials of high purity were vacuum-smelted, and
three test piece alloys were prepared. The chemical compositions of
the test piece alloys are shown in Table 2. Hot-rolled sheets each
with a thickness of 3.5 mm were produced by using a slab heating
furnace and hot rolling equipment. After removing scale from the
hot-rolled sheets by mechanical grinding, the hot-rolled sheets were
cold-rolled to 1.2 mm thick sheets.

The cold-rolled sheets of the three alloys were heat-treated under
the conditions described below, and the test pieces were prepared.
The cross sections of the test-pieces were buffed with alumina and
corroded with Nital. The microstructure of the corroded cross sec-
tion was observed with a scanning electron microscope. FE-EPMA
was used to calibrate the elemental distribution of the test piece. A
standard test piece was used to determine the C, Si, and Mn concen-
trations. The acceleration voltage, irradiation current, probe diame-
ter, and the measurement intervals were: 15kV, 1.0x107 A, 0.1 um,
and 0.2 um, respectively.

For data analysis of the material, the data analysis and Al devel-
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Table 2 Chemical composition of the alloy studied

(mass%)
Alloy C Si Mn
Fe-0.3%C-0.5%Mn 0.29 <0.01 0.5
Fe-0.1%C-2.0%Mn 0.10 <0.01 2.0
Fe-0.2%C-1.5%8Si-1.5%Mn 0.20 1.5 1.5

Fig. 2 SEM images of the cross-sectional microstructure for Fe-0.3%C-
0.5%Mn alloy annealed at 650°C for 72 h

0
C concentration (mass%)
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Mn concentration (mass%)

7.0

Fig.3 C and Mn mappings for Fe-0.3%C-0.5%Mn alloy annealed at
650°C for 72h

opment platform NS-DIG™ was used.>”

3. Microstructure of Ternary Alloy Heat-treated for

Long Time

To decrease the strength of steels, in some cases, long time heat
treatment under A | is provided.’” According to thermodynamic
equilibrium calculation, the formation of two-phase structure of fer-
rite (o) and cementite () is predicted under such heat treatment.?
This chapter analyzes the microstructure formation due to long-time
heat treatment below A | using the descriptive statistics of element
concentration mapping data.

Figure 2 shows the cross-sectional microstructure of the test
piece of the Fe-0.3%C-0.5%Mn alloy annealed at 650°C for 72 h.
Spherical 6 is dispersed in the parent phase a.

Figure 3 shows the C and Mn concentration mappings of the
test piece by FE-EPMA analysis. The phases of dispersion of re-
gions of high C concentration and Mn concentration are observed.
The regions are of 0, and the surrounding area is of the parent phase
a.

The aforementioned element concentration mapping data consist
of 75625 points of the quantitative variables of the Si concentration
and Mn concentration. Figure 4 shows the histograms of the C con-
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Fig. 4 Histograms of C and Mn concentrations for Fe-0.3%C-0.5%Mn

alloy annealed at 650°C for 72 h

centration and Mn concentration of the test piece of the Fe-0.3%C-
0.5%Mn alloy annealed at 650°C for 72 h. The vertical axis of the
figure shows the logarithm values of frequency, and the horizontal
axis shows the C concentration and Mn concentration. Peaks on the
parent phase a appear at the lower sides of the C concentration and
Mn concentration. As shown by |, a small peak of 4 is also recog-
nized.

Figure 5 shows the scatter plot of the C concentration and Mn
concentration of the test piece of the Fe-0.3%C-0.5%Mn alloy an-
nealed at 650°C for 72 h. According to the figure, the C concentra-
tion and Mn concentration maintain a positive correlation with each
other. The correlation coefficient of the two is 0.84. In the figure, the
blue broken line is the tie line of o and 6 which runs through the Fe-
0.3%C-0.5%Mn alloy.’® The lower left plots and the upper right
plots represent the C concentration and Mn concentration of « and 6,
respectively. The tie line inclination is positive, and data are distrib-
uted along the tie line. The distribution like this shows that, under
annealing at 650°C for 72 h, the microstructure is near to the state of
equilibrium of o and 6. Thus, microstructure formation reaching an
equilibrium state has been clarified by mapping data of the C con-
centration and Mn concentration.
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Fig. 5 Scatter plot of C and Mn concentrations for Fe-0.3%C-0.5%Mn
alloy annealed at 650°C for 72 h

4. Microstructure of Ternary Alloy after Short Time

Heat Treatment

In order to increase the strength of steels, sometimes heat treat-
ment is provided in the austenite (y) single-phase region. During its
heating process, y is formed from a and @ structures, and the two-
phase structure of o and y is formed. Furthermore, when the heat
treatment time is short, the structure is considered to be in a state of
non-equilibrium. In this chapter, the microstructure formation in
short time heat treatment above A | is analyzed with the descriptive
statistics of element concentration mapping and image processing.

Figure 6 shows the C and Mn mappings for the Fe-0.1%C-
2.0%Mn alloy annealed at 750°C for 1000 s. According to the fig-
ure, a two-phase structure consisting of regions a of low C concen-
tration and low Mn concentration, and y having high concentrations
are clearly recognizable. y becomes martensite (M) by cooling after
being isothermally retained. Herein, in addition to the analysis of
the C concentration and Mn concentration mappings as explained in
the previous chapter, the information of the microstructure of o and
y is also utilized.

Table 3 shows the mean values and the standard deviations of
the C concentration and Mn concentration in the mapping data. The
mean value and the standard deviation of the C concentration are
nearly equal. In the meantime, the standard deviation of the Mn
concentration is smaller than its mean value. This is because the dif-
fusion coefficient of C is higher than that of Mn,*» and therefore the
distribution of C between o and y precedes the distribution of Mn.

Figure 7 shows the scatter plots of the C concentration and Mn
concentration for the Fe-0.1%C-2.0%Mn alloy annealed at 750°C
for 1000 s. According to the figure, a positive correlation between
the C concentration and Mn concentration is found. The correlation
coefficient between the two is 0.54. In addition, bimodal distribution
each responding to o and y is formed. By separating the distribution,
information concerning the equilibrium condition and so on between
o and y is obtained. Then, the bimodal distribution was separated ac-
cording to the following method.

As the element concentration mapping data is of tensor form
consisting of the information of space and concentration, analysis in
the same way as that of image data is possible.?» Then, the Mn con-
centration mapping having high contrast was transformed to a gray-
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scale image. Specifically, a grayscale image with 256 gradations be-
tween 0 and 255 tone steps has been prepared. With this transforma-
tion, the binarization processing based on the characteristics of
brightness has been made possible.?> 39

Figure 8 shows the gray scale image and its binary image. The
gray scale image on the left side was processed with the adaptive bi-
narization method. The purple regions and the yellow regions on the
right binary image become a and y, respectively. From the binary
image, the area fraction of microstructure of a and y are obtained,
which are 38% and 62%, respectively. In the meantime, according
to thermodynamic equilibrium calculation, the histodifferentiation
rate of a is 59% and the rate of y is 41%,3? which are different from
the values obtained from the binary image. This is considered to be
attributed to the non-equilibrium state of the test piece, causing de-
lay of Mn in distribution between a and y.

0O EET 05
C concentration (mass%)

O T 50
Mn concentration (mass%)

Fig. 6 C and Mn mappings for Fe-0.1%C-2.0%Mn alloy annealed at
750°C for 1000s

Table 3 The mean value and standard deviation of C and Mn concen-
trations for Fe-0.1%C-2.0%Mn alloy annealed at 750°C for

1000s
Element Mean value Standard deviation
C 0.108 0.111
Mn 2.05 0.396

OTOCED LY

8 TR R

Mn concentration (%)

0080

0.2 0.3
C concentration (%)

04

Fig. 7 Scatter plot of C and Mn concentrations for Fe-0.1%C-2.0%Mn
alloy annealed at 750°C for 1000s
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From the above analysis, information of element concentration
and microstructure was obtained. By incorporating the two, micro-
structure formation like that of the two-phase equilibrium of o and y
can be analyzed. With the binary image, the bimodal distribution of
the element mapping data was separated into  and y distributions.
As Fig. 9 shows, such distributions were laid over the isothermal
cross-section for the ternary Fe-C-Mn at 750°C.

Purple color plots and yellow color plots denote o and y, respec-
tively. According to the figure, although the distributions of « and y
overlap with each other, the a distribution is situated at the lower C
concentration side and lower Mn concentration side, and the y distri-
bution is situated at the higher C concentration side and higher Mn
concentration side. Furthermore, the right side edge of the y distri-
bution falls in line with the y side of the o—y phase boundary line.
This suggests that the formation of the two-phase structure of o and
y follows local equilibrium. In the figure, the blue broken line is the
tie line of & and y going through the Fe-0.1%C-2.0%Mn alloy.?
The left bottom point and the right top point of the tie line show the
C concentration and Mn concentration of a and y, respectively. As
aforementioned, when the microstructure reaches the state of equi-
librium, data are distributed along the alloy tie line. However, many
of the data in « and y are distributed away from the tie line. Distribu-
tion like this means that the microstructure is in a state of non-equi-
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Fig. 9 Overlay of the isothermal cross-section for the Fe-C-Mn ternary

system and element mapping data of a and y at 750°C
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librium. Thus, by integrating the information of the C concentration,
Mn concentration, and further, the information of microstructure of
o and y, the formation process of non-equilibrium microstructure
has been clarified.

5. Microstructure of Quaternary Alloy

For certain high tensile strength steel, microstructure is con-
trolled by heat treatment like austempering after being heated at a
high temperature.? By heat treatment like this, microstructure of the
non-equilibrium state is formed. Furthermore, in order to enhance
the characteristics of steels, various alloy elements are added.
Among them, Mn and Si are vital alloying elements for high tensile
strength steel, and quaternary alloys or of higher dimensions are
used.?” As shown until now, in order to understand the microstruc-
ture formation of the ternary Fe-C-Mn alloy, both CALPHAD and
data science analyses have been effective, including the use of iso-
thermal cross sections. However, in the isothermal cross-section, the
information of the solute elements is limited to two kinds, and the
analysis of microstructure formation of the quaternary Fe-C-Si-Mn
alloy becomes difficult. With the dimensionality reduction described
in Chapter 1, the quaternary Fe-C-Si-Mn alloy data can be expressed
on scatter plots. In this chapter, information of element concentra-
tion is compressed with the principal component analysis of the ele-
ment concentration mapping data, and with the analysis of the po-
tential features of the data, the relationship between its features and
the microstructure formation is studied.

Figure 10 shows the C, Si, and Mn concentration mappings of
the Fe-0.2%C-1.5%Si-1.5%Mn alloy test pieces, each heat-treated
under the respective conditions. Figures of the left column show the
data of the test piece intercritically annealed at 800°C for 100 s. In
the said test piece, regions with low C concentration are like islands,
and scattered, and the C concentration within the test piece is inho-
mogeneous. The regions with low C concentration are of o, and the
regions with high C concentration are of M, or y during intercritical
annealing. In addition, the Si concentration and Mn concentration
are also heterogeneous. Regions with a high Si concentration and
low Mn concentration are of @, and the regions with a low Si con-
centration and high Mn concentration are of y during intercritical
annealing. In the thermodynamic equilibrium calculation for the Fe-
0.2%C-1.5%Si-1.5%Mn alloy, concentrations of C, Si, and Mn of a
at 800°C are 0.011%, 1.7%, and 0.90%, respectively. Concentrations
of C, Si, and Mn of y are 0.32%, 1.4%, and 1.9%, respectively. Ac-
cordingly, the features of the element distribution at 800°C agreed
with the result of the thermodynamic equilibrium calculation.

Figures of the right column show the data of the test piece iso-
thermally held at 400°C for 10000 s after intercritical annealing at
800°C for 100 s. According to the comparison of this test piece with
the one intercritical annealing at 800°C for 100 s, C is unevenly dis-
tributed by the isothermal holding at 400°C. This uneven distribu-
tion is considered to be attributed to the formation of C-rich y or the
precipitation of € through transformation of y to bainite. In addition,
according to the Si and Mn concentration mappings, change in
phase due to isothermal holding at 400°C is not recognized.

Figure 11 shows the 3D scatter plots of the C, Si, and Mn con-
centrations of the test piece isothermally held at 400°C for 10000 s
after intercritical annealing at 800°C for 100 s. According to the fig-
ure, the extent of scatter of the C concentration is large. However,
since the plots are concentrated, it is difficult to understand from the
3D scatter plots the features of data like the relationship between the
Si concentration and Mn concentration. Thus, dimensionality reduc-
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tion becomes necessitated in the analysis of element concentration
mappings of quaternary alloys.

The principal component analysis is the method of introducing
new variables expressed by the linear combinations of the variables
obtained by analyzing the observed data of multi-dimensional vari-
ables. The new variables are termed as principal components, and
the background of data, or specifically, the causes of the scatter are
defined. Furthermore, with focus on the principal components hav-
ing high contribution ratios, dimensionality reduction of data also
becomes possible.

The relationship between the observed variables and the latent
variables in the principal component analysis of element concentra-
tion mapping is described. The observable variables in the data are
C, Si, and Mn concentrations. The principal components are consid-
ered as latent variables as they influence the observable variables.
Since the scattering of element concentration is produced by the

Intercritical annealing at
800°C for 100 s

Austempering at 400°C for
10000 s after annealing

0 HET
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.

2.0
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.
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Mn concentration (mass%)

Fig. 10 C, Si, and Mn mappings for Fe-0.2%C-1.5%8Si-1.5%Mn alloys.
One is intercritically annealed at 800°C for 100 s. The other is
isothermally held at 400°C for 10000 s after intercritical an-
nealing at 800°C for 100s.
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Fig. 11 3D scatter plot of C, Si, and Mn concentrations for Fe-0.2%C-
1.5%8i-1.5%Mn alloy isothermally held at 400°C for 10000 s
after intercritical annealing at 800°C for 100s

structure formation, the principal components of latent variables are
considered to represent the microstructure formation. Namely, with
the principal component analysis of element distribution data, the
factor of structure forming can be estimated.

For the principal component analysis, a method of using the cor-
relation coefficient matrix is shown below.?® The variables of the C,
Si, and Mn concentrations are expressed as w,, w, and w,, , respec-
tively. The unit is mass%. These variables are standardized with the
respective mean value and standard deviation. The concentration of
the respective solute i so standardized is denoted with s,.

The first principal component of z, is expressed as below.

z=a.S.ta, s.ta.s

1 117C 1278i 137 Mn
where a,, a,,, and a,, are the coefficients which maximize the scat-

ter of zl.“Thelzcombinations of these coefficients are expressed by the
inherent vector of the maximum inherent value in the correlation
coefficient matrix of w, wg, and w, .
Similarly, the &, principal component z, is expressed as below.
Zk - a/d SC + akZSSi + ak3sMn
where a,, a,,, and a,, are expressed by the inherent vector of the &
inherent value in the aforementioned correlation coefficient matrix.

The element scatter plot data of the test piece of the quaternary
Fe-0.2%C-1.5%Si-1.5%Mn alloy isothermally held at 400°C for
10000 s after intercritical annealing at 800°C was provided for prin-
cipal component analysis. For the analysis of the principal compo-
nent, scikit-learn of the machine learning library was used.?”

The contribution ratio of the first principal component, of the
second principal component, and of the third principal component
was 0.55, 0.27, and 0.18, respectively. Since the accumulated contri-
bution ratio up to the second principal component is 0.82, the first
principal component and the second principal component contain
about 82% of the information of the element distribution data.

Table 4 shows the coefficient of the respective principal compo-
nents. In the first principal component, the absolute value of the re-
spective coefficient is similar, and the signs of the coefficients of the
C concentration and Mn concentration are positive, while the sign
of the coefficient of the Si concentration is negative. According to
the aforementioned thermodynamic equilibrium calculation, due to
structure formation at an intercritical annealing at 800°C, the C con-
centration and Mn concentration in y are high, and the Si concentra-
tion becomes lower in . The features of the element distribution in
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Table 4 The coefficients of the principal components for Fe-0.2%C-
1.5%8Si-1.5%Mn alloy isothermally held at 400°C for 10000 s
after intercritical annealing at 800°C for 100 s. The principal
components contain standardized concentration terms

Primary component z, z, z,
Coefficient of S. 0.48 0.88 —0.05
Coefficient of S —0.62 0.37 0.69
Coefficient of S, 0.63 —0.30 0.72

SEM images of the cross-sectional microstructure for Fe-
0.2%C-1.5%8i-1.5%Mn alloy isothermally held at 400°C for
10000s after intercritical annealing at 800°C for 100s

Fig. 12

y correspond to the respective coefficient of the first principal com-
ponent. Accordingly, the first principal component is considered to
represent the structure formation in the two-phase temperature re-
gion. In the second principal component, the absolute value of the
coefficient of the C concentration is larger than those of other coef-
ficients. If @ precipitates during isothermal-holding at 400°C, due to
distribution of C between a and 6, the C concentration scatter be-
comes larger. Accordingly, the second principal component is con-
sidered to represent the structure formation during isothermal hold-
ing at 400°C, namely the precipitation of cementite.

Figure 12 shows the cross-sectional microstructure of the test
piece of the Fe-0.2%C-1.5%Si-1.5%Mn alloy isothermally held at
400°C for 10000 s after intercritical annealing at 800°C. According
to the left figure, the test piece is of o and bainite microstructure.
The figure on the right shows the enlarged photography of the left
figure. According to the right figure, the precipitation of & from the
bainitic structure is found. Thus, the aforementioned second princi-
pal component is confirmed to relate to the precipitation of cement-
ite.

Secondly, the C, Si, and Mn concentration data were standard-
ized, and the first principal component scores and the second princi-
pal component scores were calculated. Figure 13 shows the scatter
plots of the test piece of the Fe-0.2%C-1.5%Si-1.5%Mn alloy iso-
thermally held at 400°C for 10000 s after intercritical annealing at
800°C for 100 s.

The upper figure shows the scatter plots of the test piece of the
Fe-0.2%C-1.5%8Si-1.5%Mn alloy intercritically annealed at 800°C
for 100 s, and the horizontal axis and the vertical axis show the first
principal component scores and the second principal component
scores, respectively. According to the figures, regarding the distribu-
tion of data, the scores of the first principal component spread in the
lateral direction. In the figure, the blue broken line is the tie line of a
and y going through the Fe-0.2%C-1.5%Si-1.5%Mn alloy. The upper
left plot and the lower right plot respectively show the plot of the
first principal component score and the second principal component
score calculated respectively from the equilibrium density of o and y
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Fig. 13 Scatter plots of the first and second primary component scores
for Fe-0.2%C-1.5%8i-1.5%Mn alloys. One is intercritically an-
nealed at 800°C for 100 s. The other is isothermally held at
400°C for 100005 after intercritical annealing at 800°C for 100 s

at 800°C. According to the figure, the respective equilibrium con-
centration lies at the edge of the distribution. Accordingly, this dis-
tribution is considered to be formed by the distributions of C, Si,
and Mn in the formation of two-phase structure at 800°C.

The lower figure shows the plots of the test piece of the Fe-
0.2%C-1.5%Si-1.5%Mn alloy isothermally held at 400°C for 10000
s after intercritical annealing at 800°C. According to the comparison
of the plots and the aforementioned 3D scatter plots, the principal
component scores plots is a method which visualizes the features of
data for easy understanding. According to the figure, two types of
distribution are recognized across the first principal component
scores and the second principal component scores. The first distribu-
tion is A which stretches from upper left to lower right. The second
distribution is B which resides at the upper right above A. The dis-
tribution A was produced in the aforementioned two-phase structure
formation. The blue broken line is the trajectory of the first principal
component scores and the second principal component scores when
the C concentration is arbitrarily changed with the Si concentration
and Mn concentration fixed at 1.5%. In the direction of the arrow
mark (—) in the figure, the C concentration increases. Along this
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trajectory, the distribution B expands. With the formation of bainite,
the C concentration in y increases, and furthermore, 0 becomes pre-
cipitated. Therefore, the distribution B represents the data of y and 6,
and is considered to be formed in the decomposition of y. In this
way, with principal component analysis, the multidimensional ele-
ment distribution information is compressed to two dimensional dis-
tribution, and two-phase structure formation of a and y, and further,
the features of the precipitation process of § become visualized.

6. Conclusion

The element concentration mapping data of the ternary Fe-C-Mn
alloy and quaternary Fe-C-Si-Mn alloy were analyzed using various
methods of the data science technique, and the patterns of the re-
spective data were clarified, and the relationship between their fea-
tures and the microstructure formation was studied. The microstruc-
ture patterns in the ternary Fe-C-Mn alloy were analyzed based on
the histogram of each solute element concentration, and further
based on the scatter plots of the C concentration and Mn concentra-
tion. When the Fe-0.3%C-0.5%Mn alloy is annealed at 650°C for
72 h, its microstructure consists of two-phase of « and #, and the el-
ement distribution is close to the equilibrium state. In the case that
the Fe-0.1%C-2.0%Mn alloy is annealed at 750°C for 1000 s, its
microstructure consisted of two-phase of a and y. According to the
comparison of scatter plots of the C concentration and Mn concen-
tration with an isothermal cross-section of phase equilibrium, it is
suggested that the formation of the two-phase microstructure of a
and y follows local equilibrium. According to the principal compo-
nent analysis of the element mapping data of the quaternary Fe-
0.20%C-1.5%Si-1.5%Mn alloy isothermally held at 400°C for
10000 s after intercritical annealing at 800°C for 100 s, the signs of
the coefficients of the first principal component of the C concentra-
tion and Mn concentration are positive, while the sign of the Si con-
centration is negative. The respective coefficient of the first principal
component corresponds to the element distribution developed by the
isothermal-holding in the two-phase region of a and y. The absolute
value of the coefficient of the second principal component of the C
concentration is larger than those of other coefficients, and its fea-
tures correspond to the C enrichment in y and the precipitation of §
due to bainitic transformation. This microstructure was confirmed
through observation with a scanning electron microscope. Thus, the
first principal component represents two-phase microstructure for-
mation, and the second principal component represents bainite
structure formation. Furthermore, in the scatter plots of the first
principal component scores and the second principal component
scores, two types of distribution appeared, each depending on the
respective microstructure formation. Thus, by analyzing the element
concentration mapping data with various data science techniques,
patterns which represent microstructure formation have been clari-
fied.

In this paper, we describe the development of experimental sci-
ence, including high-resolution analysis by FE-EPMA, as well as
the spread of data science, which has deepened the interpretation of
microstructure. Incidentally, in the “Introduction to Thermodynam-
ics of Microstructures”®, a quotation from Saint Exupéry states: “It
is only with the heart that one can see rightly. What is essential is
invisible to the eye”*”. Mapping data of high dimensions is dimen-
sionally reduced by principal component analysis, and data genera-
tion is visualized on scatter plots. However, the interpretation of
principal components requires viewpoints of CALPHAD. Thus, ele-
mental research such as computational science is at the heart of the
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material researcher, and this heart gives insight into the microstruc-
ture formation, and enables us to understand its essence.
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