Journal of Mechanical Strength

w # % &

2025, 47(2):44-52

ETYEEEMENZNEE SHES FailgRE

b3

Pt
(1. PEHRRARRKEHARARAS] TG LTS,

B e’
X 300457)

(2. REXF LT FR, RX#& 300350)

T ORI Z Rl 55 75 iy B A 52 RAUE SRR A SE SR A G R 2 — o I AP SR AR 27 ) JEHUR Bl 22 I 2%
TEJE 53 7 i B AU AS 2 7 )2 B o SR, 8 57 B8 A9 AN R BELA: 17l 22 I 26 A0 57 TU vpr ity 1k — 2B 1 o SR T i
ik — )L, 2% JEIRE 55 S U5 W BRI TR ) ) AR A 2 W 28 TR A2 B OCTE o 1 0, A T PR A o Tk I 2 2R K 2 N
IR 22 Tl 57 4 i U PP A ST o B, S SO T B R R 2 X 29% (4 RO 5 A i B VE S EAT T IR AR
vho fn, AR T W) BRAE BB R A KRR (5T 4 R B A0 400 % pR SR S TS T A S B0 00 28 HE SR T 2 545 34N 7 THT RS
Py BRAE B2 P 8RR (Y R SR EAT A 21 . SRR SE R B, e MR 22 i 57 75 i T 3o i v, W LA S8 22 0 26 T LA 3

I S 10 ) P — SO A T B

KGR WIME RN RL 2RI e Hldie ]
FE4ZES: THI4; 03462  DOI: 10.16579/j.issn.1001.9669.2025.02.006

0 355§

TE T RESCER P, HLAR S A (9% 57 R RO — A8 L
f 1) B8, F5 S5 31, K2 80%~90% 1) T4 1F Wi 2448 5
PO RN R, TRAWFIE 9% 557 G T 8 AR AL
SERTE AL I A P SEPE B OCHR 2E . [ 1854 4R %
9773 — MR KBRS DOk ST S A s BB
BT — A A I BFREAR R 9% 55 F5 4 TN 2 9 55 B
G EE B R 4y, 32 B ORI S5 ) 7 32 B R PR 4K
fap VE R 01 e A2 Ak R A5 A A, 5 I 24> L4
WA T12E MRRRE Gt

I 55 FF BN 5T 28 00 T 4 4> 3835 10 A R By
B, anfE 1 Rt fESE— BB, B 17 28 2 i, S
ARG 9 55 75 fiw B T 2 50 M S B gkdE . i T
M RFE AR KA B, AT JagiEd 2
S RS AR FXF AR 57 Rt A R iE AR
B B 17 122 31 20 40 50 4R 22 1, Bl Rl
J B G A BRI IR 2 GE i
T 43 B R 2 AR 4 7R b RL 9 55 (0 AL R A
— L B R BRI R AR 4Bl B L R S SRR 57
A WU A 5T B E T BRI AL 2R =B B M 20 1
20 S0 AR 21 2297, TR LR 3 = A U A A
BN AR E R . HE TR AR B Gk

Wk H 41 : 2024-04-23 Bl H ). 2024-06-20

J& Ntk B Bk 22 S T AL S &, AU
ST A7 FL o0 A 55 07 15 ok B AR S 2 1
T HYE ST A o XA RN T B A oA
TR, ik o fif DR S 2% 49 55 Tn) AL (4 7 0 i T
B BT U B, B 2000 45 2 A B IR 3h i 5
TN 5 7 i T AT 52 BB A e o ek — I
N IS BT 5 T B LEOR AR ES &, I8 i KA
I RIAILAS 27 ) S BOR T BOR LA B AR GX A
5 TR0 9% 3 ) T 7 9k RE FE 70 ) TS 56 K A
DA S, 2 i OO A o A PR AT SR, O TR S
P ) SRS GBS S

R 5 E

Data-driven

. paradigm
THEHLRNAE

Computer science paradigm

()
FET R R

Model-based theoretical science paradigm

® sk
Scientific empirical paradigm

BEl1 #RUESFamNgRME
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Development in metal multiaxial fatigue life prediction based on physics-

informed neural network

ZHANG Zhuanli' SUN Xingyue> CHEN Xu’
(1. Industrial Protection Engineering Center, CNOOC Energy Development Equipment Technology Co., Ltd., Tianjin 300457, China)
(2. School of Chemical Engineering, Tianjin University, Tianjin 300350, China)

Abstract: The research on multiaxial fatigue life prediction of materials is one of the critical elements in ensuring the
structural integrity of components. In recent years, machine learning, especially neural networks, has been widely applied in
fatigue life prediction. However, the scarcity of fatigue data has limited the further application of neural networks in fatigue
prediction. To address this issue, physics-informed neural networks that consider prior physical knowledge of fatigue have
gradually gained attention. Firstly, provided an overview of the classification of machine learning algorithms and the
application of neural-network models in multiaxial fatigue life prediction. Then, it focused on a deep exploration of the
research on material fatigue life prediction based on physics-informed neural networks. Finally, the development of physics-
informed neural networks was introduced from three aspects: physics-informed input features, the construction of physics-
informed loss functions, and physics-informed network frameworks. Relevant studies show that physics-informed neural
networks can exhibit better physical consistency and prediction performance in the process of multiaxial fatigue life
prediction of materials.
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