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Abstract

Steel materials exhibit a broad range of mechanical properties, depending on alloy composition
and heat treatment. It is therefore important to grasp such information given that these varia-
tions originate from the metallic structure in the micron-scale. The microstructure of steel can
be determined by scanning electron microscopy (SEM) and electron backscattering diffraction
(EBSD). Since analyses by SEM and EBSD require deep expertise in morphology and crystallog-
raphy, respectively, this can sometimes lead to individual differences in identification results. We
sought to leverage machine learning algorithms to automate and standardize the identification of
microstructures in steel, with the objective of eliminating inter-individual variations. In this paper,
we present the findings from the application of various machine learning algorithms to EBSD and

SEM data collected from low-carbon steel.
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Tsutsui et al. (2025) 4 & V), FFENDITEE
Schematic of thermal processing patterns of specimens
Source: reproduced from Tsutsui et al. (2025)'¥, with
permission
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Information for the specimens of martensite fraction and
types of microstructures

Label Martensite fraction (%) Microstructural type
T1 0 UB
T2 2.1 UB and LB (UB rich)
T3 63.6 UB and LB (LB rich)
T4 63.9 UB and LB (LB rich)
T5 62.2 UB and LB (LB rich)
T6 70 LB
T7 97.8 LB and MS
T8 100 MS

(a)

111

001 101

2 IPF <y 7Ol

(a) T1(UB), (b) T6(LB), (c) T8 (MS)
Examples of IPF maps of (a) T1 (UB), (b) T6 (LB), and
(c) T8 (MS)
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(a) T1 (UB) (b) T2 (UB rich + LB) (¢) T3 (UB + LB rich)

(d) T4 (UB + LB rich)

(¢) T5 (UB + LB rich) (f) T6 (LB) (g T7 (LB rich +MS) (h) T8 (MS)

3 FE-SEM E{& D4
Tsutsui et al. (2025) 4 & V), FFENDTTERE
Examples of FE-SEM images
Source: reproduced from Tsutsui et al. (2025)'4, with permission

(d) T4 (UB + LB rich)

(a) T1 (UB) (b) T2 (UB rich + LB) (c) T3 (UB + LB rich)

(¢) TS (UB + LB rich) (f) T6 (LB) - (g 7(L rich +MS) (h) T8 (MS)

4  W-SEM E& D1
Tsutsui et al. (2025) ' &), FFFEDITERE]
Examples of W-SEM images
Source: reproduced from Tsutsui et al. (2025)'4, with permission
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Low-carbon steel: martensite, upper and lower bainite

SEM dataset (8 categories)

W-SEM

EBSD

dataset (S categories)

Classification by crystallographic features

(1) Feature extraction-based approach

v N
(2) Deep learning-based approach

Classification and interpretation
Important area

Crystallographic
analysis:

variant densities |:>
KAM value

(total 5 features)

ML

EBSD map

H---B

SEM image prediction: T8

Classification by morphological features

GLCM:

microstructural diagram

homogeneity - prediction Ei; GAN
. E:> entropy etc. ML . ifmportant E>
eatures
— (total 21 features) WSEM =gy
\ A preventing accuracy drop of the conditions y,

—ssensitive to SEM imaging conditions

Translation of imaging conditions (FE—~W)

X6 AHFZRICTERLERERS 70885 0OEH
Summary of our study on identification for low-carbon steel microstructures
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Tl WRELT HEH20°OKMAKATH L VI-
V6 DN T v MNERERE L KAMEDSEIRE 20, F72,
EBSD 7— %t v M & v/ 3 7 mlikaks) clE, <7
A NERWPEEED T3, T4, B L O TS & 1557 K Chtk

(a) Classification of test image

splitting into mini-images
ML: 4x4,DL:4 x5

entire test image

@ separately input

i
DL or ML !
classifiers !
1

[true(T6) 18120

: false(else) 2/20 :

W52 EDWETH-720 Z2T, INLOH T IV %
[f—tAZl GF5A773)), ML ETIVOFFRICAL 72,
B ML ETVIZIESVM 2 Hv, =3 IVIZIE#IE S —
AN EFIRNL 720 5 MOREMGEORR, 55 N72i#5E
T IVDOFEEL 87.5% TH 70

ke SVM 1, VI-V6 & KAMEDEE AJ1$ 52
ETC, IO T I R TFEIT S, ThbD, 2K
TEOFE FIZFM TNV EEE TSI LT, FEmZEmh
THEIED I 7 OO L 25 Z T L TE %, M9 I
FORERER LT FHAOWIIEI V-7, K% I/ 1
KR LIFAT WS, T X ) R ER T A2 LT,
FRICHUS L 723 B5 T — 2 2y MO LD 3 7 ol
IV BT 5 2 LA HEE 25, BlZIE, RFEN
ZefFE I U CERNC S 7 ORI 2 R L TB L 2T,
FBELOMEL Z FEET T ABR1S, oz 7 oA L D X
AR IO EAET A E—HTHITE %,

4.2.2 FEERR
Al
FE-SEM B & O W-SEM Wi{§ D 7 — % £ v MIXL,
GLCM 2 X Wi L7251 19 =% T, RF B
L lightGBM % M2l L 720 £ DEfIZI%, FE-SEM

HAEBEZHVWAESEM T -2ty bO

(b) Score evaluation

Individually treating the results
of classification for mini-images.

|T1:0 T3: 1 T5: 1 T7:0|

T2: 0 T4: 0 T6: 18 T8: O

voting
Integrating results of classification
for mini-images by majority voting.

T:0 T8:0 T5:4 T4
T2: 0 T4: 0 T6: 1 T8: 0

7 AHRICHITE SEMTF—2ty xRV EERIAROBEX
Schematic of the classification strategy for SEM dataset in this study

(a) Normalization (b) Outlier rejection (c) Reorganizing categories (T3, T4, and T5)
2.5 2.5 2.5
e Tl e Tl °
§ v R § v R %‘ v
B o RE] T3/T4/T5
£ 15 - * £ = 15 - * 8 £ 15 P + &
™ ta x TS T Q £ o T +
5 - c ®500 % o o0 5 . Tog® 000 5 o™ *09° % 6 0
£ o5/ 07T o B+ % @ & 2 o5lem LTI ° 2 .y 2% PSP
s o ° ..-‘?‘ s © o ™ 'E'Q = 0.5 AAA:
2 q 2 !vMAl % N 80 o
S -05 x >k 205 :’3?, $ 05 ol
>g v v v -g v : v >g v v v
v v
€ 1s v €15 v g s v
S &, S DS < &,
-2.54 —2.53 -2.5
25 -15 -05 05 15 25 -25 -15 -05 05 15 25 =25 -15 -05 05 15 25

KAM value (normalized)

KAM value (normalized)

KAM value (normalized)

X8 VI1-V6IEREE L KAM EDETHIX
(a) ERMETE, (b) HANfERRER, BLU () T3, T4, LU T5 DHFSDE—LE
The scatter plot of V1-V6 density and KAM values procced after (a) normalization, (b) outlier rejection, and (c) treating T3,

T4, and TS as the same category.
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BIOW-SEM B{EOT—% v b M IZHW 2, T A
N =R T HETIVOREEYR 10 12R 7. 1ZL

DI, JFET—5 &7 A M7= OWESMDH— D086
121, RF BL O lightGBM 1B UICENE L T b T & H%E

HTED, MEEX LTIE, RF L1 lightGBM 2S5\ ikl
K% Z8H 9 A Th o720 72, non-voting B L
voting ER DK% LT 2 L A EDH LT 10% 2L B
<, voting EXOAMED R TE S HOBNEEZE T
FEL7-01%, W-SEM %58 L7 lightGBM TH ), voting
X T8IS% TH o7z ZEFTIZ, RITHY LT/
SEM 7—#% v MIxt LT LBP & % Flvw CRB O]
ZAEML72A%, KEEEIE 80% I TH Y, GLCM iz Hwv
7 a Z D VBN TH o7z,

F72, T =2 LT AN T =Y OHFe MR
Hl2iE, WIhoETN, #BHOER LMD, HEIE
LETTHZENRTHNS, F72, voting DFE/E 2% non-
voting LD BT LTCWAEIEbbhb, 2O LI, 1L
DICHRIZIE S Z/NEGEOFEFFERDIZE A EDAIEET

55 SVM classifier(linear):

e T
v R
A T3T4TS
1.5 + T6 . +
L a4
L] \\‘+_ ~ . ..
Age
i

V1-V6 pair density (normalized)

-05 05 15

-15
KAM value (normalized)

—2.5 25

9 VI-V6IEREE L KAM EDRZZEIZH T B ExE
MICH T2 I OE/RRS
Microstructural diagram for low-carbon steel
The space of visualization is spanned by V1-V6 pair density
and KAM value?.

(@)
Accuracy of models trained by FE-SEM
100
83.3 854
. 80 71.2 717 W non-voting
X ]
= Hvotl
g 60 voting
Q
e
3 40
Q
©
20 9.5 7.4
21 2.1
o N m_
RF lightGBM RF lightGBM

test dataset : FE-SEM test dataset : W-SEM

HY, WIFERERAETHIETESRLIBERT 2H0V
722l T\ 5,

1212, RE B XU lightGBM 25#killc B\ CHEAM L 724
BEAPFAL/2E S, WTNOFIFSZT D homogeneity
VERELFHEL L TERENTWE I L bh oz,
homogeneity (ZFI{ROEKE L CHFHEIEET 22 TH
bo KTF—5ty FOHRT, PFHSIZHGTHDIE, £l
KR FALMOKREETH D, ZDZ &I, 212 HIZTHER
TIEERRI 2 Bk B 1D BT, T AR D o KR ALY
DRMVEETHLILLELGT D, 2DLHIZ, GLCM
FHEOM E EEEOFMIC L > T, HRIZX 5512
WD L 7238 EY, MBI X3 B W THEE
ThHhiHIEDbhrotz,

4.3 FBZEBETIVERVI 7 OB

4.3.1 ResNet50 (2 & 3 EFIVESRIFERE

ZZTld, SEM EEDT— %t v b &Il L 72 ResNet50
DFHFEEEZDOWTR 11 (TIRT 2, H10 ResNet50-FE
B LU ResNet50-W (X, FE-SEM B XU W-SEM % ZLZ
NAIFEL 72 ResNet50 259, AM» o, JET—2 &7
A NTF =8 O S5 —3 L T A 54121, non-voting
& voting DA T, ResNet50 (& 94% LI EOREBIFEE % 56
HLTWBZEWbNb, T72, DTN TIEHSA, voting
OB & 2R ED BCTling,

F72, T —5 & T A NT =5 OFEEMD R b
BITIE, 422 HTORR LRI, #BHEEIRA L 225
7o BT, TIN5 D ResNet50 O HITIEAHE A S4BTz
Hr[# 77 % t-distributed Stochastic Neighbor (tSNE) {3:4 %
WCTFGAI) YT LIz h, IBBITTANT—%
DESHEMED T —DHEIZIE, T AN TF— 2 DKEED T
Oy MIB 7 7 AT EICRIEL 7z — /i TlfiE 7 A b
T =8 DM RN R 26120, MIGd 578y M
W T A LR CIRELZD, TROHORFI, FE

(b)
Accuracy of models trained by W-SEM
100 87.5 87.5
80 ® non-voting 73.7 753
T _
= M votin,
= 60 ¢
Q
e
é 40
© 189 18.8 20.6 20.8
|
0
RF lightGBM RF lightGBM

test dataset : FE-SEM test dataset : W-SEM

10 GLCM 5 E(IC THIFR I © 7= lightGBM H & U RF (C & B RIHEE
(@) FESSEM ¥ —%t v MITIEEINAEETIL, (b) W-SEMTF—%2 1y MITIES N AETILOFER
Accuracies of RF and lightGBM trained by GLCM features
(a) accuracies from models trained by the FE-SEM dataset and (b) those from models trained by the W-SEM dataset
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Accuracy of ResNet50s

100
97.5
36.84147
29.2 - i
241 non-voting
I W voting

ResNet50-FE ResNet50-W ResNet50-FE ResNet50-W
test dataset : FE-SEM test dataset : W-SEM

SEM F—%t v MI Tl X h /- ResNet50 D7
¥EE
ResNet50-FE (ResNet50-W) &, FE-SEM(W-SEM) E[{&(C
Tilfgashi-c&£2RT,

Accuracies of SEM dataset by ResNet50s
The notations of ResNet50-FE (ResNet50-W) mean the
model trained by FE-SEM (W-SEM) images.

943979

accuracy (%)
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v\\: 3

12 T1(UB), T6(LB), LU T8(MS)D A SEM El%
EXIET 3 LIME =0EAiER

(@), (), BEU (c) ((d), (e), BLUV () EZNhZh AN (B

) Eif& %R T, Maemura et al. (2025) 12 &), EFHEDT

Bndy

Input SEM images and LIME output images of T1 (UB),

T6 (LB), and T8 (MS)

(a), (b), and (c) ((d), (e), and (f)) correspond to the input

(output) images of T1, T6, and T8, respectively.

Source: reproduced from Maemura et al. (2020)'2, with

permission

A\

Accuracy of ResNet50s

100

100

95.0

accuracy (%)

W non-voting

W voting

ResNet50-FE
test dataset : W2FE-SEM

13 cycleGAN (Z & W ZEHR S W - EHRIZ3T T % ResNet50
DFEE

Accuracies of ResNet50 models for the translated images

by cycleGAN

ResNet50-W
test dataset : FE2W-SEM
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B, —J, ARERIE, 224x224px (2TY Y HE N7z
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BOBEDIES DXL 72D TH D, ZDHIZEL
T, WEOATITA X2 RELT LD, 7=y M
OIEEDIEL DX R MR T AL L TUETEXLEEZLN
%o



HHFE (C & 2 I 7 OERE OB

(a) upper bainite (UB, T1)
T1

W2FE-T1 (ResNet50-FE) FE2W-T1 (ResNet50-W)

N

(b) lower bainite (LB, T6)

‘W2FE-T6 (ResNet50-FE)
36 \ie i 6

FE2W-T6 (ResNet50-W)
A \

(c) martensite (MS, T8)
FE-T8

14 SBHEMEAHFICH TS (@) UB(TI), (b) LB(T6), LV
(c) MS(T8)® FE-SEM & & U' W-SEM &g
TEEO2EGIEA) TSIV, TERIZA 2 IVEHRED FE-
SEM & & UW-SEM B, FHEDFEE L 7=/ NE&IE B Ha %
DRAALIZTIFEE h /- ResNets0 » 255 L =6 D,

Tsutsui et al. (2025) 19 &), FFEDITERS

FE-SEM and W-SEM images obtained from the same field
of view of (a) UB (T1), (b) LB (T6), and (c) MS (T8)

Two pictures at upper side in (a), (b), and (c) correspond
to the original FE-SEM and W-SEM images, and those of
the lower side correspond to the translated images (left:
W2FE, right: FE2W generators). Mini-images with a red
dashed line represent incorrect prediction by the ResNet50
trained on the corresponding domain.

Source: reproduced from Tsutsui et al. (2025)'4, with
permission
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