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Abstract: The paper aims to analyze the current application status, development trends, and existing prob-
lems and challenges of data—driven methodologies and investigation paradigms in high—temperature structural
strength and life assessment. In particular, it emphasizes on data processing and quantitative identification of im-
ages, the prediction of material/structure life under the coupling effect of multiple factors and the constitutive
modeling method for microstructure evolution of high—temperature structures in service. It summarizes four typi-
cal application modes of data—driven methods, namely, the complete replacement of existing theoretical meth-
ods, the improvement of coupling—driven existing methods, the exploitation of potential regularities between vari-
ables and the quantification of qualitative understanding. Lastly, it points out the current shortcomings of data—
driven methods, including weak generalization ability, poor extrapolation ability and weak correlation with physi-
cal mechanisms. Furthermore, the potential directions for future research are explored with a view of promoting

the cross—application of data—driven new paradigms in the field of high—temperature structural integrity.
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Fig.1 Data-driven based process of material microstructure recognition and characterization method
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Fig.2 Framework of convolutional neural network for recognition of metal alloys microstructure constituents™
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Fig. 3 Extraction and quantification of microstructure features of Ni-based superalloy via cross-correlation algorithm
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Fig. 6 Machine learning based life prediction framework

N 0% 725 7 i T AR Y, X AR B Ay L B BE S R
S5 48 52 ) R 28R B0 A5 R 00 27 AN AR B HEAT T RRAE B
BEVE BT, HET T 5 R P R e R R DG Y 5 AN TROW
28
3.2.2 MM T A

UEAE SR, N TR 28 IR 400 R A A o 4120
I8 B it 2 I 245104 36 B M 2 ) 451000 A X e IR
2T ST B AR 9T o R R AR LTI N
Gao %50 58 £ 7 S it 4 2 I 4 e 307 T 0 o AR O
T — R B Bl A Tk ke T 22 A% 55 A A O i Ak
F7 A B AN B 2P o Zhang 55 R FH IR B {5 2 R0 45 0k
PLERE SN RLy Rl 350, D&k B
THEEMNRIY J&FHFAa . Yang 53 o 4081 2 Hh
AT I AR S N AR KT 0 28 i AR R 57 AR
PR T — 3 TG B 2 O 445 1) 22 B 9 5 i T
PRERD T 75 iy B AR AE £ 1.5 IR ZH N . Bartosak'®
R P 0 10 A2 I 48 R 2 N T 28 ) 44 248 4 vy
T 4 AR A TR AV 9 55 AN AR HIL AR 57 75 i 0 A5
RY 55 5L U BT £ 9 B T ML 2 1 P45 A R g
i 5 PH I 5 2% BRATLBR AR AT T 9 F . Li 5570l
WL R 35 IR 2 P 28 I 2% 55 TR N G 4 AN Y e A -
55 F7 4w AR i KR 250 19.2% , T A7 i Al ik 1 IR
I ] 5 0 AR 9% 55 5w 2 ) A AE M 0GR . Seifi
SEIOURAE T B 3 K A 4 1 S I AR OR B R
B B 25 X 6 SI2 I 42 B b ) 3 Y Bk B RR AT 2LHR

BT A A W 57 PR RE T AN LA SR A i 5 T2 SR
MFE,
323 FlEYRLE B LS = T Uik

25 WAL 28 2% 2 7 vk A 20 R A T TR AN RE AR
7R MR RN R O N A R AL e = A B T
1117 490 B 24 TRA% 5] A A A5 A TR s A5 T T A A
R /INFEAR I 55 5 A TN AL T AT AT I O T L 5
— 7L B A A B HLERE I B A A T e
SV ol A5 TR 9 A1 9 i T B AL 7 A S BB T g F
— B T TUINRG SRS AR AT e R L i BR A HE
B 5I AT 3 A Y BT B A AL 2 > 55 iy 1
TR 3 L3 o 2 Ff o AR Ay IS 5] AW EL M ORI
YN 2ot #2510 AW HAE B, 2 51 an & 7 (a) F1(b)
IR

R A AR RS AW B A 2 R
(1) K5 328 560 0 0 5 220 e B H: W 45 21 9 9 215 L AR
N b T i S R 5] A B A 2] B W (AL B 2
) R G AR S R G . A, G B 3
il 3 A4 Rt 14 98 95 75 A B R, Wang 257 0RE B 8 4
1 S EH) CDM 5 45 458 B 95 77 i F000 45 SR A Sk 5 41
AR b i S B R B A B HL A 2 ST R
FEE T J0 4 BT B 2 SR 1 75 i 000 A R L A ) B
SN 2 AHL RS 2 2] 95 55 F5 i A T g ) R
1o (2) ) FH 20 iy BEOASE R AR Ol 2 o, X iy A AR R E
A7 0 1, O BA i A A% R 1 SC B BRRAE | 3R 7 T R

2304020-7



Faal HsH e it

#HoR

2023 4

AT DAAE S /N FE AR BIL g 2% 2T 80 AL % — b il 25 5K %
Gan 25 AR Ye—Wang 451 475 155 B0 Xt 45 @ R 95 228 1
XA O AN R AT AR E AR T E R R K
B i AR AR B AR T HIL 28 27 ) 185 A iy AR AR 4 B2,
DT A 4 AT WG Z R4 )8 MR 3 20 2%
T4 A7 A T o Lian 55700 22 50 240 551 A L&
HEZE R 28 596 28 X A4S 0 9 B4 2 CfG 3T R 1E ) 0
T I 7 G B AR AE R 00 458 E ) A A g A 722 52 )1
TRREE LR PR 2 BEA B SO T 7 A R A

B I 55 A7 A o

KA WOMEE RN E 8 R, Horb S, PR Ty
A1 8 Ca) AT T, 24 J5 — b B2 AE KT 1M, oA il 5 ) B8 £
SR HL AR 2 S AT B T A i o3 BT B O A 3
T 0 B S AT R s T RS ) BEAE R A AL AR o T
TS50 77 i 3 HOPE AT A 4 B AR A AT, &l 8 (b) BT
7N o Karolezuk 25707 5% F A4 1) 381 18 R B A9 7 S
] 5 3 A 8 ok 30 2 i 2 s T B 9% 57 A7 A, L
T T ARG 9 A5 . Zhan VR EE T — LT
SER; 1 2 WP g o T HESR, JF B 1 BE HIL AR AR AN
N T 228 () 245 A 8 1 3 5 4 B 97 7 i TN+ A
T A

DOEAAHE |
; 5 045
fmf § . Vo e S =-250MPa
S LY PLERSEIBIR e Hiyih \ — -~ 5 =0MPa
B i 040 - - == §=150MPa
| h
' JREHME 8 -l
| ISR | 2035 -.\!‘
__________________ g .
(a) Physical information introduced via model input variables §- '._\.‘\
gosof 2\ _aemmmm=es
w . B
Y B '-.\\\ B
_‘ - - . / b
+ 025 \,~ s L
AR A i 2 g . _— .
0 1 2 3 4
I B JE 2k S (Normalized strain)
RS 25N

(b) Physical information introduced via model modeling process

Fig. 7 Physics-informed machine learning framework

BT L5 R 51 A B2 SR 32 2008 1o 18 Pl AR o
>J BERL Y 29 R 05 A B T i 1 07 X Al i o
24 PR o 22 0 2% 14 i 22 AR H ) B 24 SR A A
KRB DRI YIS B a5 B A ]
DA DR 3t i 88, L I00AS JEE i T i = A ERAE R AR
(B 2 > BEAL . Zhang 557K 10 B -5 146 (B0 2
7 BR 28 RS O MR ZEAE W W BRZT 51N Relu 451 2% B
B, A RS W) B RN TR 22 R 2% N T 316 AR
CUIEOE R st 1 S wb s i F s RO 7/ B RS W Nl
e [T B R, R 3 R T A P E 2
5 20 T A A O B R 22 48 T AL &R o AT B AL
SR ON T2 I 2 S T R RS 2 0 % AL
MG B RCHE R AT S 40, D R DURE A EEAE B E
eI 22 [0 265 45 4 v %) AR SR fi 0T A5 B
v o 2 B B U G2 R 5 W B O 0 02 A — B
Chen 55700 85 13 1 T A i 23 BME /D B9 e 3 S LA
22 [0 2% 25 K v AR R g R R 2R T
7 i o3 WOVE 55 O /N B S B AR TR A R Y

(a) Without introduction of physical information

07 { ------ S, =-250MPa
— = S =0MPa
1 — == 8 =150MPa
5 0.6 ‘
I
g 05f
53
g |4
S 04t '(
wn
1!
o3r %
%,
0 i 2 3 r

S (Normalized strain)
(b) With introduction of physical information
Fig. 8 Machine learning predicted result of the variance-

strain diagram'

33 HEEIEGEENEEHRE

L2 3307 vk 1 ) A — R L 3Ah T 28
B B0 15 5 R 4% ISR E 5 A A B S B AR R
L5 2% 33 4557004 A 78 4% 4 PR PR
LT AR O 0 B R
WE LTI . (R A E L F P

2304020-8



a4k S

HOE TR B 89 IR A A R S A T A R S PR

2023 4

(1) 3 57 T 1) 22 R4 28 0 280 £ A5 50 ¢
— Ty ik

FEBHLE A [ 2 4 A58 20 T 089 2% 280 2 77 i
FHZEE R BN, B il 5 4 52 007 5 iz sl L EE Y
S, AN RS RS R AR AT A B XK i
RAFERER 2 IT R WA H B SL B A RMA &R 2 AT
158 3N 98 AT 25T G2 — B BFORL B B 5 A5 i DT A 5
R RARK R E R Z—.

Tan 45 % DA 55 IL 205 ¥4 38 2 55 77 i i oK Hh &,
5 B LA R L 2 e B XL T B A% 1R 57 A7 A
RPN T — Bl i e S Oy T (A LR B R IA
Z L 25 430 A A N BE AT A% 4R R B T BE ), 7E Al
A TR0 I R KA e SR PR R A i T Ok A
FRAESEAT T AL, 5 BRI AREAS AR LR 1 o AR
YR Fay AT AL RE REJE P R G A B9 17 4E 1)
i, BT SR i AR NS T 2 b A A 2 1
PO A g — A PN AR A R AR AN 9
IR

(2) 45 7 25 10 T BB (432 A A4 E g A e $i2 2

BT HL &2 2] AN 5 T R R R, B
JEAT AR R T IS0 B B T B LA A R AT
fie 5~ B0E T AT AR R ol AL . R,
M T AL As o7 > B 2 o) B )0 Tl okl W 2 B
AL A i LA LGN S OB B AE B A
£ I A L 0 O P BB A 2 T 2R A A I )R
JE AR E PR AT RE 2 AR . 4R Rz AL BE ) 197 ik
Z 0 Z2 R ) 0 R AR R R 5 e B R e 0 A B
PEIEM AL (AR AE S o Hao 557 25 51 AW BLHL I 1Y
7 ¥ W ARRE 2R A RO R 8 T — A R L
R R R B AR T B B R A o o) i 1R Y T
G — BN I 3k o XF L TR ElG W) BT B R AR T
W45 2R (P 10 Ca) ) TRl 0 B0 4 2L A0 L 2 27 > R
(1 10(h)) , AT L B & 4 IS LA AL = > Bl
A AN H] TR AT (B 10 Ca) H 2118 i 9 ) 119 H B
[ B R I 25 4 30 A Rl 25 ) B0 B RS TR T T8 B R
T 45 G W BEAE B R AL e 1 B B T, X B K

17 dimension features

114 vo AV S 95 57 3 i T0IORS B2 3k 3«3 A% 43 HOH , 1
10(Ce) 7N o

(3) 3 fA] B 2% 1 THT ) A 2 02 2% 2% 12 1) T 0 5%
TR Gy 4 7

o TR R R 2 K B R 5 5 i AT AT A — S TG vk
i3 I T A9 F0 AY Bl IR L A A TR B S 0 A AR AR
o AN BE B R R T R R 5 AT AR 9 oY
110 5 A HUHE . n o] ) BSCHE 9K 2l ik DA A7 2R 512
85 54 A T A 1 O 4 A B S IR A A R i
i 5 PERE U Y A IG A Rk

4 HIRRZRHERFRER

4.1 HIEEHAMEENFRSNATK

A5 ST A 114 728 T i 3 2 Xof 435 4 R AT A7 i PEA 1Y
KB LA o 22 AR R AR Y G PN RR A A T
A N7 A D R R AT IC A R AR B E R AL
PF R B AZTEAT N1 52 2 B OO AR T AL 4
S REEADRIE @A 2. A AL SR
MO B8 3 I, 2 BORU o i AR U E TR Y A A
iff L0

BL A 27 ~J A58 18 Sy A8 JE A7 S T 452 436 1 Al I8 A0 %
RO7 % o F 00 2 BA LA R AR N TR 28 0 2% 1
B, o BATIEAC SN 1 AT AT O U B 4 T SR
AT H o 0 G gk A b 28 T 2% R I I AL B 28 ) 2%
D47 A A0 P 550 45 R A g st i (] 200 i) a5 8L 3
Ee SRR AN N T R R U TR o Sl S8 v
FRAE o T AP CAZ R AR 1R G S T H A R AR T
Py SRR (9 AR K AT Sy A 5K o

B T HLAR o7 > BB 4R AR JE A7 S T S A 3
5 A5 o BN 26 L. 75 R R, A i R
B AR O AR WA R R AT O T BAT AR
Dy s R 2 AR TR BRI OG R o R A A
AR B EEA LU 2 X (D ALAS 7 2 I AT
T i Ak 2R R B B E HE S Y —
Ry B ] R T A A S0 B SR 4 A R B
#% XN B ALK s BE AL 1] &5 (2) HL AR~ 2 AT N

nsion FO
of a variable: X High dimensional ’ \\\
Material properties S features: X 10\
X0 (7. E, 5 7,0, 788, e Ly
022 b s ’ X0 Fo=( f(n f(i))T —p f(l) A > - y(f)~N
X, 7. 7, Bo.7,, A el = '
“mae i we 77 Where fO=k(x, x) \\ - _ ',
T Ac.R.R,v / N
i AE SRR X e L
Loading U 4 LE 4

Fig. 9 Supervised machine learning framework for fatigue life prediction of Ni-based superalloy family

186]

2304020-9



Faal HsH e it

2023 4

= GH4169

10| ® FGHY6
© @ FGH97
El 4 TALS

g | vTC4

& 107} < Ti6Al-4V
=| » TC11

g —+15

g 10°f---+20

5

(=9

<

o108 b

Machine learning model

10? 10° 10 10° 10°
Predicted life/Cycle

(a) Prediction results of unintegrating physical
information machine learning model

= GH4169
10¢ | ® FGHO6

s FGH97
& TAIS
v TC4
10° |« Ti-6Al-4V
> TC11
—%15
100 f---+2.0

Experimental life/Cycle

Physics informed
machine learning model

10? 10° 10* 10° 10°
Predicted life/Cycle

(b) Prediction results of physics-informed
machine learning model

= GH4133B
10°F o TC18
— 42
sy

10° f

Experimental life/Cycle

10* ¢

Physics informed
machine learning model

10° 10 10 10
Predicted life/Cycle

(¢) Prediction results of unseen material of
physics-informed machine learning model

Fig. 10 Comparison of prediction results of machine
learning model with and without physical information for

notch fatigue life™”

TR FH A A5 22 S AT 9042 " R I 22 19 2%

IR0 1% Bl 75 1 T A R A by A A i i 5
W A 3B — RO AILAR o ) B 5 A U 2R g
AR 11 (a) BT 7R o 55 b2 FI AL A o ) A
R 55 & 28 WA K S 58 AR T 47 S TN, 38 43 2 4
P HAR 22 LA R A5 TR ) P A AR T AR, A 11(h)
JIE 7S o B =0 U R P AL g 2 > AR TRU AR Ak
SRR R 28

42 ZAEEBEIELER

HLAS 2 > 1070 58 42 BUAR 28 LA ) 485 780 3 K A
V7 7 — 07 25 BT AE R B AN SR 0 AT i 4 R
N 7 AR B I R ) A o Sun 88
I B0 S 5t b 2 I 4 ST T BR A A AR AR AR TR A
B 27 B A ) fe 3 St N ) - I AR R AT 2E ), AT
DAAR S 1 90 00 9 2 102 7 Bl R A | Ny AR 5 E 1Y)
AL . 5 A A A RS A SRR BT
BLas 7 > 1 A8 T2 AT Sy 0000 > 5T % B0 A A . AE
RCRIE OLR 38 H R TR R 09 O ok T A B
SRS OC R . A0 Jang 25 ) ) 22 AR Fy B
55N TR 28 I 4% 326 4 A 1K St 0 2 85040 T A g A
R T
4.3 HEIRE T AR B AR EE

K FH LA 27 > A5 AU 35 43 8 4 350 BOAR P9 A o i Ak
J5 R AT LA 3 43 ke HE ML o 20 B8N B T A 42 4 1
B, NI T 4 B AR A AL AR ) A BEAL D, B AT I SR
JEEPR R FH PR T B T SR /N AR A Xu AR
A N T2 4 A 57 A% RN A far 28 580 0 T ) 2k
NI J3 5 B 1) Cholesky K-, 76 it Al B DAY 008 00t
BT ROR - AR L TR AR AR R I Zod B R 51 A
Yy 2y 5, i i )2 W RE R R X BR E S RN ) - g
A5 Bf ] — SCME , ORAIE TR AR BE 0 55 1k DA T T
7 M0 S b RHAE T2 B HAlL HI 96 . Masi 2500 36 F 34 07 2%
N T A2 X 45 Fn N AR 1 BRSSO E LT 5 Nk
W EM RN 2, PRI R 2R, Al T
TR ol 398 B g 2 N T A 2 ) 2% A A P AR e B (] 32
LU AL, HE T AR ) A N TR I 4 B AL 2 A
WE 12077 B F50A T NS & N8 A bRl ik, 3
IR T A 2 46 0] L[] Bl A A Rk AR TE
M) o7 R GOUE AR T Wl 1 o SR T A R A A TR B S R
A 2 [R] BI B B2, Weber 257 T — Fp 3% T HL 2R 2%
2] B2 5038 50 A b AR B A R ) 22 RO AR AE 4
I L TR L R & T B 4 Rene 88DT 2 R A #4
FAR, SEAR AR AN 13 BT o AR DR BR L PR
A SO vy MG THE BB JF H 5%
WL iy A 98 e AR g A R I B A L R B TR IS H T
A S AMEBNA ) T H, He G H T —Fpa]
N A RL AR S 1 B A58 A G B ORE Y AL 25 2% ) 1 3B A
IK BN A b AR 7 1 o T IR R 2R 5 — o AR AR
B R Sl I R R T E AR M SR T Y
A, LA RNN FU iy o8 A8 5 36 2% 14 7 7% A B 1 25
DNN > 0 45 52 25 78 T 19 Helmholtz [ 1 88, 1M 45
o B AR A AR B A R

2304020-10



44t s HOE TR B 89 IR A A R S A T A R S PR 2023 4F

resd (0 €886, ) .,

KIS : (0, €)

(a) Classical constitutive models completely replaced by machine learning models

SIS ok SEA HORL PR 0 155, )
A bt
i eI WA AL TR S
e PR
Bl B prr e

(b) Classical constitutive models partially replaced by machine learning models
Fig. 11 Physics-informed machine learning constitutive model

Data-driven discovery of z Free energy density
[ X3 R
2 0¢ £0.0:-00 0 . OrY EG, F,z)
E ey .. LA Feail 4 — 0w} 0, F, 2)
My
Evolution equations
z=h(§)
d N
Lo\ N
5 7
a
EOO-09
i / . Data-driven
O e 2=20:h(§)- € discovery of Z

0 £=0:9(2) 2

1€ -9 (@) +|€-2:9(2) 2| +]2 = 7 O.F. 2]+ ¢ - b 6. F, 2)|| +
N e/ N e’

X — N——
reconstruction loss e 5 loss in 2 loss in'4

|(@:9 6, F,2) - 2}

‘d-kﬁgﬁ(ﬂrF,z)-i”+-Amg

~

7]+391$(9,F,Z)H +

HP—%%@F¢M+

loss in grad ¢ regularization

Fig. 12 Evolution thermodynamics artificial neural networks framework for identification evolution of internal variables and

of control equations "

2304020-11



Faal HsH e it

EV S 2023 4

Experimental
FIB/SEM mlcrographs

SERVE analysis

/

7=y’ model
development

Virtual microstructure
reconstruction

[ Statlstlcal

H

SERVE
generation

_{

Dislocation density-
based CPFE model

characterization

Machine learning integrations

\

k-means
clustering

Symbolic
regression

Support vector
regression

Artificial neural
network

Single crystal PHCPM construction

-

/ u Mechanical experiments ]/

Fig. 13 Machine learning-enabled self-consistent parametrically-upscaled crystal plasticity model framework””

44 FHEBRSEIRFSMHL
1% Gt 1 A My BB 2 808 IO vk A P A 1
SYR S B M F 2GR T . Guo B ST
NS YR iy Y (DA I e K % W (= B ) SN DA
A 5 7E 290 47 FF R 5 02 N BT B 42 3 W i i B
ZWE GG . N T S IRAE G TR R L, Guo 5513k
T2 PR 28 I 205 RN B P 8 X 5 A T — b
AR e 2 B0 P TR A TR, DL A% 1) [ 1 B Ak A 0
A BT S HOR ], R B T 2B R AT DL S i AR A
KA S8, Wang 55 F) H & W ad B S T —
ol 2 R Ty s 0 A B 2 B0 O kO R
AT S (B 43 ik X6 07 0 Dy s ERHE R AT R 4, 32 0N ) T
SRR A G R . Yao Z ORI T — ML T
b 28 I 246 s AR B IR A S 80R B 5 i, X
FE A 450 000 0 Rt 8 1 A R A AR 1 v B R S S G 1T R
SE o Krari 5145 Rl G L3S 2% 2T (10396 1] 8590 35005
XF fe FE R A 0 AR K 2 B8 AR AT T A 1 2 B
AN o BE T LA 2 S B AR S HGR M I A TE S8
PO SRS IR TS A" B S TS
BUA B RS G MR & 2 A8 I8 47 S 50 5 i B
AL
4.5 RHBIERG|HH

M EGR 41~4. 475 o B ok & BUE B 3l 7 vk
BAORE B A8 T8 AT S TN B2 (1R T A 3E 0 S B R AR
o SCHERL104] IR A& 1 — A4~ 3 9 A A 45 40 5K 3l A<
e A TR Sk T A Rk A I AR S54RI RE %N HE ST Y A
IBVEAT A IR T Ti-6A1-4V & & 78 Z Fhik 5 i
[ 1 = R A< S DA B Al DA N 1 AR 3
4t 19 Johnson—Cook 11 B 4 Lb | X F &2 7% 19 9F 26 14 1

73— 7 7 Wi I3 503 K s AR AL AR TR A B ik KA T fE
T3, % T T A B R R SR e AR AT A AR S R A
U, AN 14 B 7%, BCHE 9K B0 A Ry A5 Y A DU v 3 728 R
P25 SR AR T J-C ALY o i % i A e R )
36 9% 8 7 1 A AR R R P R B B R B O A
(/208

-=- Experiment ! . (0.01/s tension)
-#- Data-driven simulation
1200 (-4 Johnson-Cook simulation
<
o
% 2001 Data-driven I
g
g 600 Yielding  Plastic stage
&
300 Johnson-Cook
0 . =0.01, U/1=0.04
0.00 0.04 0.08 0.12
True strain
(a) Strain rate: 0.01/s
-a- Experiment 4! 640/s tensi
1500 -e- Data-driven simulation ( s tension)
=4 Johnson-Cook simulation
<
2 1000 r Data-driven s
g
g Yielding Plastic stage
= 500
Johnson-Cook
0 , U/1=0.01, U/L=0.04
0.00 0.08 0.12
True strain

(b) Strain rate: 640/s
Fig. 14 True tensile stress-strain curves and strain
distributions simulated using the data-driven model and
J-C model"*™

2304020-12



a4k S

HOE TR B 89 IR A A R S A T A R S PR

2023 4

5 HERISTEEENRAATXKEFERR-E

50 FERAAK

B B 5T 2 e Rl D) e R, B 3K Bl 7 YA AR
e ik 235 ¥ R B 5 A A E S v i N O R A 4R

()5 AU BLA BIS Iy . 100 A% 25408 9K 3
J5 2 G HL A% 2 2) 7E 75 fw VEAR 9 L K 2 8D &
W 2 ke AR T IR R 5 A7 i 2 ) i A 2 P G
F o, LU B B i SIS B T AR AR R A ) R
3 3ok B AR K Bl 5 1 ok T N ) 5N AL R
[F1) F10 36 P R AR, DA T sl 52 2% 1% A 2 M A B 23 T 2

(2) A5 MK sh & A BB Dy ¥k ny e ik . — 7
THT, R O A A — AR R 5 v A 4 AR 1 E M Ak
5B IE , R A 28 1 2% A PR ASE A S AR A A5 L 2
By e ORI AR LA KRS 875 O — 7 L H A 2
CL A 119 Al G2 5l 5 4y PR U S Sk B T vy A 00 ORS B
TN B 3 S0 5 BRI Ll S T T 2k 04 45 A8 75 i T
45

(3) 42 41 748 o 22 [) ¥ e R o Bl 9K 3 O s B
i A 1 52 2% PR P 4 AL BB 8 1K B KR4l = 18] Y A L AE
FH 2SR DL K5 i A S | 3 ek ok B i mR R B 4R AE 11
PR OCHR S a3 B, DT 928 4l B 2 9 4 B 1 L
RN 5E 8 AT 09 3E 87 L L AN Nowell
SRR T ANN 2% & 3T sl g 55 A il RE
W 97 FF A IR T AR .

(4) MR FL AL o & 1 T AR RHE . & )8
BEFNE B B BHE IR A A i e v 52 310 2% A AR O 1
FH 23 T8 BURE S0RF 3R B TOU 28 ZURN 25 ), 38 3 B 2 =
2] 05 % 8 3 BT AR Ak BB R s ) SO0 TR AR
B Ak Sy g BN, HE T 7 AR AT T O 2 R A B
A L GEE T A G T AR SR B 5 R IR U o ROV
BAOGIBR B # J0 R DGR I B VA
52 HFHEKIE-E

LG O A& A I R OE S O e, B 5K B U5 i
T8 25 ¥ 5if B 5 75 i 40380 & 2 U T BUAE B WD A
FHRCHR R s & — 2R 2 5 R, R
WAL

(1) B8 MM P 5 3 CRE 7 55 o B8 8K 5 O ik
JR T RV T S S S s o i T T = T )
517 5 T R B0k A R = W R L R AE A BR L 2 A
AR AN TR IR B 32 B, DOl F
TN GUTE RO WA o B AAS B DA A — 2 Y
AR, DT BRI s BK Sl O v B B R R R

K AE

Q)M HEFMELISIA . ARBLEFHY)
B9 K JE 7 A A 1X ) B AN A L Sy AR A DA AR
RICAS ] 390 25 L Y 249 3R i K 0 9K 3l 77k A DL X X
g SURYBEE RS NN X € T N PS
K Xt 5 B0 vk AR A G AR e B U,
i 22 R A5 [

(3) I ik W AL MSNERE 0 55 o >4 R 72 45 1 7%
VAL, A TEAT R S0 LA K A5 475 S IR AT 5 v, I FH AL
i o 2 7 1 R 22 2 A T A BRIV A A R )1 it
Ferbopt © 2 0 2 4 1 IR B R R X BU7E
T XoF A 32 5 B R I R Y I RE ) A AR R
R A Wl 5 P R B A RE ) AN R S B 5 55 — D7 T
HI T Bk = R) AR S8 — fi A, R 22 B A ST A KA Bk
SRR AL AR FUEE of B — B ) BRI B R AT A%, S 2R
A [ 465 28 14 92 A 1A 3 RE ) XE LA T

(4) B A 1 1 2 AR o b i R0 3K 3
H5 T I i B S — B A5 ERRAE , A BE A5 AR IR A R Y
AT AR T o TS B B S A bl T A2 B e S
SRR ), 5 B0 B [R) R Y R IE O B, S
B 2 i AT A, T s B0 BRHE 4R i A S HL AT
AT 11 I

6 RESRE

B 98 U7 kA A M O A A e Ak B
A BT T RS K 7 i VAl LA K 2 W) B A A
TR AR AT S BN A O T2 2 R T B R
AR SR T E A AR FE Rz e M E A A
F 45 % G 0F 5 SO B A TR BT B R 22 S, O 2 O T R
P8 R S A T AN 2 B — [RR A, B A N R )
RERE % 18 2 N M & VR 0 U A A G i I R 3
M 45 R

B 9K B 7 1257 e il 45 A SR EE S T i R E 5
EEAFAE 4 N7 3, o0 50 0 < o8 AU BUA S
J7 s S FIIR Bl C A AR 5 vk B Sk SRR
(] P8R 7 WL 0 P DA TR A O 5 i R R [
I HE B B T i T I A 44T RS S Bk
A, 20 ) R« B RO 5 R HCRE T 5 L UL B
FEXE LI D5 05 B3z A R AN BE T 55 R ASE B Ay 2
& WA A

Sy ik — 20 4 Bl BN 9K Bl 7 A A R A R R S
75 i VAl AU A I AR

(1) JF % 2 F /N B R 9 KOs 3R 3 T vk o v
i 45 14 58 3 55 A i U A vy e R, nT T

2304020-13



Faal HsH e it

#HoR

2023 4

BT 2k i) e R D o A A B ST T MR A
KA B B B 2 ks A

(2) & JR Al & 2 WL W) BEOAL 1 Y i 40 9K 3l J7 vk
5 UL A B0 0 Hh K B T I AN AR R TR A )
S I o o SIS TN BRSO Rl % € R
R RE B LR ) RO TR TR ER
JEE 5040 9% B0 5 vk B4 TR IS, AN 07 T80 5 A% 4 0k T 2 oW
Py SEAIL A A 5 6 AR B BRI YL O R B AR + )
B UURZ 9% B 9 Bk 2 A T R R A e v L 4G
A TEBE T A IR A B BE 4 2% 26 R) B E ) o

(3) K RS G 2 W) B 05 B0 Bt 38 3 7 3% .
BARVE R B R & By R A5 AR
o Bl K g 5 kA U B {5 BT R T B
B R RY LU AT 5 Sy AR Al 114 FR ), DA T ]
PUNECH 5 B EBAE B A7 55 8 5 BUE B AR
Z Y B b o) RS BORHLE, SOk A B T
ey il 245 1 55 R 5 A i DA R Y A 58 35, T LU R
KRER T M Z—
O RSP R N INET P S P R o N
b JE AR R b H A BT

S % 3Tk

[ 1] Milne I, Ritchie R O, Karihaloo B. Comprehensive
Structural Integrity [M]. Amsterdam: Elsevier Science
Lid, 2003.

[2] B4, &5, et o7 [M]. dbat: Bl
1, 2014,

[ 3] Carter TJ. Common Failures in Gas Turbine Blades[J].

Engineering Failure Analysis, 2005, 12(2): 237-247.
ey a8 MURARIEARIM]. dt
e s Tolk iRt 2006.

VB 5% . Anss RPLEE sk S mpim]. Ak
5t B Tk R A, 2000.

WA . WSS R IIIM]. bt Bl
¥+, 2003.

BRoG, 1 24 . KBk AR 3 R N M. db
5 BTk AL, 2013.

X4 e . PR R o ) B [E I B i R BT M L
G RIGEFRIE IS AT AOEFEID]. dbat: bt = iR
K2, 2011.

LR BRI G S TR A G B 10 9% 55 ) U 5
[D]. dbmt: dEsifiss il KR4, 2011.

W e, BB, IhEEE, L BRI A HR S
P B R 5 s A A 9 95 S i IO Oy i [0 )L HERER R
2022, 43 (2) : 210531. (TAN Long, YANG Xiao—

[5]

[6]

guang, SUN Yan—tao, et al. Low Fatigue Life Prediction

[13]

[14]

[15]

[16]
[17]

[18]

[20]

[22]

[24]

2304020-14

Methods for Ni-Based Superalloys Considering Micro-
structure State in Service[ J]. Journal of Propulsion Tech-
nology, 2022, 43(2): 210531.)

Ackoff R L. From Data to Wisdom [J]. Journal of Ap-
plied Systems Analysis, 1989, 16: 3-9.

Agrawal A, Choudhary A. Perspective: Materials Infor-
matics and Big Data: Realization of the “Fourth Para-
digm” of Science in Materials Science [J]. APL Materi-
als, 2016, 4(5): 053208.

Al-Jarrah O Y, Yoo P D, Muhaidat S, et al. Efficient
Machine Learning for Big Data: A Review[J]. Big Data
Research, 2015, 2(3): 87-93.

SKIGESR, e, W E B KRBT BT IE
AR RE (] FeEshAs, 2014(8) - 83-91.
05 . Zegeitadrim]. dbat: 3R AL,
2016.

Blassrs g [M]. dent: A R, 2016.
Chowdhury A, Kautz E, Yener B, et al. Image Driven
Machine Learning Methods for Microstructure Recognition

[J].
187.

Computational Materials Science, 2016, 123: 176-

DeCost B L., Holm E A. A Computer Vision Approach
for Automated Analysis and Classification of Microstruc-
tural Image Data (1. Computational Materials Science,
2015, 110: 126-133.

lacoviello F, lacoviello D, Di Cocco V, et al. Classifica-
tion of Ductile Cast Iron Specimens Based on Image Anal-
ysis and Support Vector Machine[J]. Procedia Structural
Integrity, 2017(3): 283-290.

Sundararaghavan V, Zabaras N. Classification and Re-
construction of Three-=Dimensional Microstructures Using
Support Vector Machines [J]. Computational Materials
Science, 2005, 32(2): 223-239.

Bangaru S S, Wang C, Hassan M, et al. Estimation of
the Degree of Hydration of Concrete through Automated
Machine Learning Based Microstructure Analysis—a
Study on Effect of Image Magnification[J]. Advanced En-
gineering Informatics, 2019, 42: 100975.

Bostanabad R, Bui A T, Xie W, et al. Stochastic Micro-
structure Characterization and Reconstruction via Super-
vised Learning [J]. Acta Materialia, 2016, 103: 89—
102.

Zhang G, Song Y, Zhao W, et al. Machine Learning-Fa-
cilitated Multiscale Imaging for Energy Materials [J].
Cell Reports Physical Science, 2022, 3(9): 101008.
Cang R, Xu Y, Chen S, et al. Microstructure Represen-

tation and Reconstruction of Heterogeneous Materials via



a4k S

HOE TR B 89 IR A A R S A T A R S PR

2023 4

[25]

[28]

[31]

[32]

[34]

[35]

Deep Belief Network for Computational Material Design
[J]. Journal of Mechanical Design, 2017, 139 (7) .
071404.

Mosser L, Dubrule O, Blunt M J. Reconstruction of
Three—Dimensional Porous Media Using Generative Ad-
versarial Neural Networks[ J]. Physical Review E, 2017,
96(4-1).

de Albuquerque V H C, de Alexandria A R, Cortez P C,
et al. Evaluation of Multilayer Perceptron and Self-Orga-
nizing Map Neural Network Topologies Applied on Micro-
structure Segmentation from Metallographic Images [J].
NDT & E International, 2009, 42(7): 644-651.

Fu J, Xiao D, Li D, et al. Stochastic Reconstruction of
3D Microstructures from 2D Cross—Sectional Images Us-
ing Machine Learning—Based Characterization[J]. Com-
puter Methods in Applied Mechanics and Engineering,
2022, 390: 114532.

Knaup A, Jernigen J, Curtis M, et al. Application of
Deep Learning to Shale Microstructure Classification [Jl.
Marine and Petroleum Geology, 2022, 144: 105842.
Goodfellow I, Bengio Y, Courville A. Deep Learning
[M]. USA: MIT Press, 2016.

Albawi S, Mohammed T A, Al-Zawi S. Understanding
of a Convolutional Neural Network [C]. Antalya: 2017
International Conference on Engineering and Technology
(ICET), 2017.

LeCun Y, Kavukcuoglu K, Farabet C. Convolutional
Networks and Applications in Vision[ C|. Paris: Proceed-
ings of 2010 IEEE Snternational Symposium on Circuits
and Systems, 2010.

Zhao P, Wang Y, Jiang B, et al. A New Method for Clas-
sifying and Segmenting Material Microstructure Based on
Machine Learning[ﬂ. Materials & Design, 2023, 227:
111775.

Perera R, Guzzetti D, Agrawal V. Optimized and Auton-
omous Machine Learning Framework for Characterizing
Pores, Particles, Grains and Grain Boundaries in Micro-
structural Images [J]. Computational Materials Science,
2021, 196: 110524.

Warmuzek M, Zelawski M, Jatocha T. Application of the
Convolutional Neural Network for Recognition of the Met-
al Alloys Microstructure Constituents Based on Their Mor-
phological Characteristics [J]. Computational Materials
Science, 2021, 199: 110722.

Liu Y, Chen S J, Sagoe—Crentsil K, et al. Large Set Mi-
crostructure Reconstruction Mimicking Quantum Comput-

ing Approach via Deep Learning [J]. Acta Materialia,

[36]

[37]

[38]

[40]

[41]

[42]

[43]

[45]

[47]

2304020-15

2022, 230: 117860.

Ma B, Xu Y, ChenJ, et al. Deep Learning Based Object
Tracking for 3D Microstructure Reconstruction[ J]. Meth-
ods, 2022, 204: 172-178.

Menasche D B, Shade P A, Safriet S, et al. Deep Learn-
ing Approaches to Semantic Segmentation of Fatigue
Cracking within Cyclically Loaded Nickel Superalloy[J].
Computational Materials Science, 2021, 198: 110683.
Mishra S P, Rahul M R. A Comparative Study and Devel-
opment of a Novel Deep Learning Architecture for Accel-
erated Identification of Microstructure in Materials Sci-
ence[J]. Computational Materials Science, 2021, 200:
110815.

Liu X, Yan Z, Zhong Z. Predicting Elastic Modulus of
Porous La,(Sr,,Co,,Fe 0, ; Cathodes from Microstruc-
tures via FEM and Deep Learning[ J]. International Jour-
nal of Hydrogen Energy, 2021, 46(42): 22079-22091.
Heidenreich J] N, Gorji M B, Mohr D. Modeling Struc-
ture—Property Relationships with Convolutional Neural
Networks: Yield Surface Prediction Based on Microstruc-
ture Images [J]. [International Journal of Plasticity,
2023, 163: 103506.

Wang C, Shi D, Li S. A Study on Establishing a Micro-
structure—Related Hardness Model with Precipitate Seg-
mentation Using Deep Learning Method [J]. Materials,
2020, 13(5).

Fullwood D T, Niezgoda S R, Adams B L, et al. Micro-
structure Sensitive Design for Performance Optimization
[J]. Progress in Materials Science, 2010, 55(6) : 477~
562.

Fullwood D T, Adams B L, Kalidindi S R. Generalized
Pareto Front Methods Applied to Second-Order Material
Property Closures[J]. Computational Materials Science,
2007, 38(4): 788-799.

Kirka M M. Thermomechanical Behavior of a Directional-
ly Solidified Nickel-Base Superalloy in the Aged State
[D]. Atlanta: Georgia Institute of Technology, 2014.
Altschuh P, Yabansu Y C, Hétzer J, et al. Data Science
Approaches for Microstructure Quantification and Feature
Identification in Porous Membranes[J]. Journal of Mem-
brane Science, 2017, 540: 88-97.

Moore A W, Connolly A J, Genovese C, et al. Fast Algo-
rithms and Efficient Statistics: N—Point Correlation Func-
tions[C]. Garching: Proceedings of the MPA/ESO/MPE
Workshop, 2000: 71-82.

Fromm B S, Adams B L, Ahmadi S, et al. Grain Size

and Orientation Distributions: Application to Yielding of



Baate Hsh e R 2023 4
A -Titanium [ J]. Acta Materialia, 2009, 57(8) : 2339- [J]. International Journal of Fatigue, 2023, 168:
2348. 107361.
[48] Latypov M I, Kiihbach M, Beyerlein I J, et al. Applica- [61] Schneller W, Leitner M, Maier B, et al. Artificial Intel-
tion of Chord Length Distributions and Principal Compo- ligence Assisted Fatigue Failure Prediction [J]. Interna-
nent Analysis for Quantification and Representation of Di- tional Journal of Fatigue, 2022, 155: 106580.
verse Polycrystalline Microstructures[J]. Materials Char- [62] Bartosak M. Using Machine Learning to Predict Lifetime
acterization, 2018, 145: 671-685. under Isothermal Low-Cycle Fatigue and Thermo—Me-
[49] Caccuri V, Desmorat R, Cormier J. Tensorial Nature of chanical Fatigue Loading [J]. International Journal of
y' -Rafting Evolution in Nickel-Based Single Crystal Su- Fatigue, 2022, 163: 107067.
peralloys[ 1. Acta Materialia, 2018, 158: 138-154. [63] Chen J, Liu Y. Fatigue Modeling Using Neural Net-
[50] FanY S, Yang X G, Shi D Q, et al. Quantitative Map- works: A Comprehensive Review [J]. Fatigue & Frac-
ping of Service Process—Microstructural Degradation— ture of Engineering Materials & Structures, 2022, 45
Property Deterioration for a Ni-Based Superalloy Based (4):945-979.
on Chord Length Distribution Imaging Process[J]. Mate- [64] YangJ, Kang G, Liu Y, et al. A Novel Method of Multi-
rials & Design, 2021, 203: 109561. axial Fatigue Life Prediction Based on Deep Learning[J].
[51] Little R J A, Rubin D B. Statistical Analysis with Miss- International Journal of Fatigue, 2021, 151: 106356.
ing Datal M1. New York: John Wiley & Sons, 2019. [65] Seifi S H, Yadollahi A, Tian W, et al. In Situ Nonde-
[52] Van Buuren S. Flexible Imputation of Missing Data[ M]. structive Fatigue—Life Prediction of Additive Manufac-
London: CRC Press, 2018. tured Parts by Establishing a Process—Defect—Property
[53] Emmanuel T, Maupong T, Mpoeleng D, et al. A Survey Relationship [J]. Advanced Intelligent Systems, 2021, 3
on Missing Data in Machine Learning[J]. Journal of Big (12): 2000268.
Data, 2021, 8(1): 1-37. [66] # &, BUMNAS, SRaHT, 55 . JET RG240
[54] EL0o), XK, bk &, 5. Plas e I TEM Bk 7% iz R AL AR A A OO ()], HEBER AR, 2021, 42
PERETU Ay N I (D). A PR 5L T/, 2022(1): 11- (8): 1725-1734. (LI Jie, JIA Yuan-jie, ZHANG Zhi-
19. xin, et al. Remaining Useful Life Prediction of Aeroen-
[55] ¥, fhE R, SAEN] . T S350 3 HLAY I 57 ) gine Based on Fusion Neural Network[J]. Journal of Pro-
T4 R BT A 5 (0], LA TR AE 4, 2012 pulsion Technology, 2021, 42(8): 1725-1734.)
(4): 40-43. [67] Sun X, Zhou K, Shi S, et al. A New Cyclical Generative
[56] Zhang L, Wang Z, Wang Let al. Machine Learning-— Adversarial Network Based Data Augmentation Method
Based Real-Time Visible Fatigue Crack Growth Detection for Multiaxial Fatigue Life Prediction [J]. [International
[J]. Digital Communications and Networks, 2021, 7 Journal of Fatigue, 2022, 162: 106996.
(4): 551-558. [68] He G, Zhao Y, Yan C. Application of Tabular Data Syn-
[57] Teixeira M C, Branddo A L T, Parente A P, et al. Artifi- thesis Using Generative Adversarial Networks on Ma-
cial Intelligence Modeling of Ultrasonic Fatigue Test to chine Learning-Based Multiaxial Fatigue Life Prediction
Predict the Temperature Increase[ J1. International Jour- [J]. International Journal of Pressure Vessels and Pip-
nal of Fatigue, 2022, 163: 106999. ing, 2022, 199: 104779.
[58] Gan L, Wu H, Zhong Z. Fatigue Life Prediction Consid- [69] Zhang K, Fan C, Li S, et al. Fitting and Prediction for
ering Mean Stress Effect Based on Random Forests and Fatigue Crack Propagation of 7NO1 Aluminum Alloy Af-
Kernel Extreme Learning Machine [J]. [International ter Long—Term Service Based on Deep Belief Network
Journal of Fatigue , 2022, 158 106761. [1]. Engineering Fracture Mechanics, 2021, 258:
[59] LiuY, WuJ, Wang Z, et al. Predicting Creep Rupture 107980.
Life of Ni-Based Single Crystal Superalloys Using Di- [70] LiN, Yan W P, Ye F, et al. Creep—Fatigue Interaction
vide—and-Conquer Approach Based Machine Learning Life Prediction for P91 Steel Based on Improved Elman
[J]. Acta Materialia, 2020, 195: 454-467. Neural Network Model [C]. Yangzhou: International
[60] GaoJ, Wang J, Xu Z, et al. Multiaxial Fatigue Predic- Conference on Advanced Engineering Materials and Tech-

tion and Uncertainty Quantification Based on Back Propa-

gation Neural Network and Gaussian Process Regression

[71]

2304020-16

nology, 2012.
Wang H, Li B, Gong J, et al. Machine Learning—Based



a4k S

HOE TR B 89 IR A A R S A T A R S PR

2023 4

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[83]

Fatigue Life Prediction of Metal Materials: Perspectives
of Physics—Informed and Data—Driven Hybrid Methods
[J]. Engineering Fracture Mechanics, 2023, 284:
109242.

Gan L, Wu H, Zhong Z. On the Use of Data—Driven Ma-
chine Learning for Remaining Life Estimation of Metallic
Materials Based on Ye-Wang Damage Theory[]]. Inter-
national Journal of Fatigue, 2022, 156: 106666.

Lian Z, Li M, Lu W. Fatigue Life Prediction of Alumi-
num Alloy via Knowledge—Based Machine Learning[J].
International Journal of Fatigue, 2022, 157: 106716.
Zhang X, Gong J, Xuan F. A Deep Learning Based Life
Prediction Method for Components under Creep, Fatigue
and Creep—Fatigue Conditions [J]. International Journal
of Fatigue, 2021, 148: 106236.

Chen J, Liu Y. Probabilistic Physics—Guided Machine
Learning for Fatigue Data Analysis [J]. Expert Systems
with Applications, 2021, 168: 114316.

Karolczuk A, Stonski M. Application of the Gaussian
Process for Fatigue Life Prediction under Multiaxial Load-
ing [J].
2022, 167: 108599.

Karolezuk A, Skibicki D, Pejkowski A. Gaussian Pro-

Mechanical Systems and Signal Processing,

cess for Machine Learning—Based Fatigue Life Prediction
Model under Multiaxial Stress—Strain Conditions[J]. Ma-
terials, 2022, 15(21): 7797.

Zhan Z, Hu W, Meng (). Data-Driven Fatigue Life Pre-
diction in Additive Manufactured Titanium Alloy: A
Damage Mechanics Based Machine Learning Framework
[J]. Engineering Fracture Mechanics, 2021, 252:
107850.

Sun X, Zhou K, Shi S, et al. A New Cyclical Generative
Adversarial Network Based Data Augmentation Method
for Multiaxial Fatigue Life Prediction [J]. International
Journal of Fatigue, 2022, 162: 106996.

FIBRE, Boovk, £, A PLES S 2T 1 B A [H)
ML 1 HE 6005a-T6 5 & 4 9% 95 2L 80 J i A [J/OL].
o A 4 )8 =, hup : llkns. enki. net/kemsidetail/43.
1238.7G.20230310.1324.003.html, 2023-03-10.
RGBT 2R I £ 1 A A 5 A7 i TR g A 5
[D]. Kif: REMT K%, 2022.

Wang Y, Zhu Z, Sha A, et al. Low Cycle Fatigue Life
Prediction of Titanium Alloy Using Genetic Algorithm—
Optimized BP Artificial Neural Network [J].
al Journal of Fatigue, 2023, 172: 107609.
Lian Z, Li M, Lu W. Fatigue Life Prediction of Alumi-

Internation-

num Alloy via Knowledge—Based Machine Learning[J].

[84]

[85]

[86]

[87]

[88]

[90]

[91]

[93]

[95]

2304020-17

International Journal of Fatigue, 2022, 157: 106716.
Nowell D, Nowell P W. A Machine Learning Approach
to the Prediction of Fretting Fatigue Life [J]. Tribology
International, 2020, 141: 105913.

Gorji M B, de Pannemaecker A, Spevack S. Machine
Learning Predicts Fretting and Fatigue Key Mechanical
Properties [J]. [International Journal of Mechanical Sci-
ences, 2022, 215: 106949.

Tan L, Yang X G, Shi D Q, et al. Unified Fatigue Life
Modelling and Uncertainty Estimation of Ni-Based Super-
alloy Family with a Supervised Machine Learning Ap-
proach [J]. 2022,
275: 108813.

Hao W Q, Tan L, Yang X G, et al. A Physics—Informed

Engineering Fracture Mechanics,

Machine Learning Approach for Notch Fatigue Evaluation
of Alloys Used in Aerospace[J]. International Journal of
Fatigue, 2023, 170: 107536.

thoxoe, WOWR, RN, 5. &R S5 BORHE il
55 7 i T AL Y (g B g pE R L)) R ) R
2023, 44(1): 1-33.

Fan Y S, Tan L, Yang X G, et al. A Microstructural
Rafting State—Based Constitutive Model for Single Crystal
Ni-Based Superalloys at Elevated Temperature[J]. Inter-
national Journal of Mechanical Sciences, 2022, 228:
107484.

Schulte R, Karca C, Ostwald R, et al. Machine Learn-
ing—Assisted Parameter Identification for Constitutive
Models Based on Concatenated Loading Path Sequences
[J]. European Journal of Mechanics—A/Solids, 2023,
98: 104854.

M, & fE, kT, 5. ETHRFRKRMW
I8V A Y 2 B O R A (0] TR O 2 AR
2023, DOI: 10.19636/).cnki.cjsm42-1250/03.2023.016:
1-15.

Sun Y, Zeng W D, Zhao Y Q, et al. Development of
Constitutive Relationship Model of Ti600 Alloy Using Ar-
tificial Neural Network [J]. Computational Materials Sci-
ence, 2010, 48(3): 686-691.

Sun Y, Zeng W D, Zhao Y Q, et al. Modeling Constitu-
tive Relationship of Ti40 Alloy Using Artificial Neural
Network [ J]. Materials & Design, 2011, 32(3): 1537-
1541.

Jang D P, Fazily P, Yoon ] W. Machine Learning-Based
Constitutive Model for J2-Plasticity [J]. [International
Journal of Plasticity, 2021, 138: 102919.

Xu K, Huang D Z, Darve E. Learning Constitutive Rela-

tions Using Symmetric Positive Definite Neural Networks



Haats Hs fle #oH R 2023 4F
[J]. Journal of Computational Physics, 2021, 428. tive Model Using Gaussian Process Machine Learning[J].
110072. Journal of the Mechanics and Physics of Solids, 2021,

[96] Masi F, Stefanou I. Evolution Tann and the Identifica- 154. 104532.
tion of Internal Variables and Evolution Equations in Sol- [101] Yao D, Duan Y, Li M, et al. Hybrid Identification Meth-
id Mechanics [J]. Journal of the Mechanics and Physics od of Coupled Viscoplastic-Damage Constitutive Parame-
of Solids, 2023, 174: 105245. ters Based on BP Neural Network and Genetic Algorithm

[97] Weber G, Pinz M, Ghosh S. Machine Learning—Enabled [J]. Engineering Fracture Mechanics, 2021, 257:
Self-Consistent Parametrically-=Upscaled Crystal Plastici- 108027.
ty Model for Ni-Based Superalloys [J]. Computer Meth- [102] Ktari Z, Leitio C, Prates P A, et al. Mechanical Design
ods in Applied Mechanics and Engineering, 2022 402: of Ring Tensile Specimen via Surrogate Modelling for In-
115384. verse Material Parameter Identification[J]. Mechanics of

[98] He X, Chen J. Thermodynamically Consistent Machine— Materials, 2021, 153: 103673.

Learned Internal State Variable Approach for Data—Driv- [103 ] Zhang B, Endelt B, Lang L, et al. Identification of Con-
en Modeling of Path—-Dependent Materials[J]. Computer stitutive Parameters for Thin-Walled Aluminium Tubes
Methods in Applied Mechanics and Engineering, 2022, Using a Hybrid Strategy [J]. Materials Today Communi-
402: 115348. cations, 2021, 28: 102670.

[99] Guo Z, Bai R, Lei Z, et al. Cpinet: Parameter Identifi- [104 ] Xin L, Ziqi L, Yang C, et al. An Enhanced Data—Driv-
cation of Path—-Dependent Constitutive Model with Auto- en Constitutive Model for Predicting Strain-Rate and
matic Denoising Based on CNN-LSTM [J]. European Temperature Dependent Mechanical Response of Elasto-
Journal of Mechanics—A/Solids, 2021, 90: 104327. plastic Materials [J]. European Journal of Mechanics—A/

[100] Wang J, Li T, Cui F, et al. Metamodeling of Constitu- Solids, 2023, 98: 104996.

2304020-18

(% %% A5 B8L)



