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Application of Machine Learning Technology in Computational Mechanics
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[ Abstract |

classification tasks with its strong learning ability and high versatility. The application of machine learning in computational structural

Machine learning technology is a hot research topic at present. It is widely used in various prediction, recognition and

mechanics was discussed, with emphasis on its role in material property prediction, structural damage analysis, improvement of tradi-
tional methods, constitutive equation establishment and differential equation solving. Through literature review, the advantages of ma-
chine learning algorithms such as neural networks, support vector machines and random forests in improving computational efficiency
and design process optimization were summarized. It is pointed out that the combination of machine learning and classical computing
methods provides a new way to solve engineering problems. Future research will focus on algorithm optimization, model improvement
and interdisciplinary technology integration.

[ Keywords ]

machine learing; computational structural mechanics; material properties; structural damage

B4 LA FIE N N TR RRMZ O AR, B
WA N T REE AR BIR 1 8 3h Jr . LA
Ty U, AR > B RS N IE AR AR SR AR G i )
S VEOR AR T, S S 2 TR IR AU 43 BT 5 B
HLarE THS B %,

Plassr ) X—E5 ARl A 20 fiE42 40 FUR
213 T3 80 AR K, I AL 4% B~ JC i
B o) Mk > 45 AR B B AR | IS ]
R, 222 Jroik , 1 S A AT & A
AR EFRR 5 TR 2 AU B2
Mo RE S22 A8 0 J1 58 s At AL 2

i B 2024-06-12 &ITHHE: 20250109
E£mA. ER XX THAINH (MJZ32N21(2)-5)

A2 USRS, A 20 42 50 4R LK B35 2
P12 AR T2 R 22 55 AR, T
J12EM R HERTE T T30 A 2R B Rk 2 3
SR 7 R A AR SRR IR oTTE  2E Tk
AR TC AL G it 55 01 % 7 IR AE T8 2 1) 81 L
87 B RO B A A A2 Z L] A R A
[ Il AT TET I Bk 0k Bl A AL 25 2 0 BT i iy
HLES 27 IR % 28 o A 45 4 01 24 i,
T e/ 2 T e PR A 2 FE 55,

T TR F TR E5 8 1 i
R AE A R BE TN | 45 K 540 4 B A% 48 7 vk

E—1EF . F/ME1973—) 20, DUR, BTV LN 181 BFFE R, WSS 05 ) HLas s ST AE By 2 PR B, AT AR R st BE AR . E-mail ;

niexiaohua@ 163. com,

EEEE . BB (2000—) , Lo, DUK BRVE PG BREWF5EAE . DRSSO 1) AL AR TR S R . E-mail ;2113766387 @ qq. com,,

Mtk . www. stae. com. cn



B A5 TR

5274 Science Technology and Engineering

2025,25(13)

it AR 7 A S A el o3 O SR i 45 D5 T, B
LR RS ZE B BT CR , ITRRALAS 27 > AR AE
TR 15 b B9 1 PR, 45 R BT T 1A
TS B 2 > AR A ) 2 i R SR TR, AR
TR RS = I TR B ) E R &% 2R A
B RTHLAS 7 ) S GT RINE M as & R
TSR R BB . e, TR AR KRBT T Tr 1H

1 HRFIEHENFLRAE

1.1 MSEFEIEZRHE
Plase=d AFh—T TR gt SRR
W2 PRI ok DK B B A5 R rh i R 1
BRI A A TR T A e ml g RS, RO
HARTE TRAUAZE 2= I LI, SE R B R S 4
REMER T, IR P2 Tt R Gtk RE ., A 20 22 40 4
R, it i — A 22 By i AL 22 D C Ak
B AL B 22 Fh A AR A 1 AR, S A A
Brag ] o ) FAb A o) =Rk
AW 2R IR T 20 4 30 41K, 1936 4F,
Fisher'" $& H} 17 2 0 50 40 #7120 ik 3 ok 2 kAR
G IR T A L = o N R E R O S =
Cox M HEH T I 5, FH T WU RE A (1) I 248K
Rosenblatt > $2 H T BHIERASERL, h Ji5 S50k 1 &
BEE T R 5 Cover 251 48 11 T 56 T 48 ZEHL I A BE
B A K-32 48 ( K-nearest neighbor, KNN) 8.1 | &
AATH PR ] BT Rz . 1980 4RAR, AL A%
%;‘M/ﬁy‘?ﬁiﬁ@ﬁiﬂﬁﬂﬁﬁﬁ,Quinlanisj .Gondy elel |
Breiman %7 23 BISCEL T HSRA AR TR [ 3 Foh LR A
R AIRZR N ; Rumelhart 255 J2 T S G 4% B2
BEAE T A 25 1) 5 35 AW FH A FE A Lecun 251
BT TE NG E MY IR > B8 1 HEAl,
90 44X LA ok, 3 45 M) 2 ML (support vector machine
SVM) . H i v 3 5% ( adaptive boosting, AdaBoost ) |
H319012 (long short-term memory , LSTM ) | B AL % Ak
(random forest , RF ) SR A0 Ak () 1
T2 2 R T 20 4l 60 AEAL, Ward ' 42 1
TR B HORIR SE 87 5 : SLINK Hl CLINK
F 70 444 B R Sibson' ") T Defays' ™ $24H , [FIAT,
K P {H ( K-means ) 5 7% F1HH 2 7 K AL (expectation-
maximum , EM) 520 iR, 20 205K 21 4t ),
Mean Shift 572 FE SR I AIETE R )@ b 15 2] 20
JEFH 4% PCA B3 7 07 5 AE e S50 SRy 3 A 15 42
S SRR SRR A S AR A AR
T AL 2 2 HOR AR AL L A
SRR SRS TR RS Tl ME &k
G MTAE 22U R G 5 R 1 Y T, #E S A G

Tk AR S SRR T
1.2 HEEMHZEERHTE

FEVHEALBAR [ Z 1T, o B vk ik 0y 2
W TR B MBS B RO B HE T — &
PUEZY R /N W W R S U P NS A i R
B R A R gk . SR, X A A Ab PR AT 4%
SERG ANFIIN 320 45 0 D K sl 2 | W S TR 264 ()
AR B T R R

20 120 40 ~ 50 4EAR, Bl T RAIL IR e A R 4
ARG & S, T3 13X — B 24 a BT iR R,
AT J12F BeERTENLUERE 200 TR AL
SN RIS I WAL=y KE VI SR nW e €18
H 20 20 60 4EAC 7, [ Fr 124 FEOF R e i 8
22 BEE AP AR 1) K AR E R S 1A
T2 8 TR LR, fEE R E R —T 1
BHE 20 22 70 FFRBITFIR K AR E B I
FHER T 24 [ RR A 46

RN R EIREZY, St RN TR |
25 A, AR AW N S,
THE 1207 A A R B & R A o8 38 45 A R JT
e R R ITIE RMAE 25 5

T 72440 3, A 1 by A P AR AR AR R K AR 2R A
SR ) AL 15 A kg 0 ) LR f M e, 8 2
LR T BUE ik, W BR T, SR I 5 o 7
W% 2 [n) 1 1004k, LA R fidf i T S ) L B
G MR J T 1R ) 24 1 oL FH S A g ke ]
g

2 HHFRFISHENFEMENA

YRIHLES 7 > AR AE TR S50 g 27 v i 1
ERAAR 2 TN BRI A 5, ey
G E R R T oy A R | R U Y TR =)
WO T I8 A T 2 v B4 45 R W) JS7 S0 R 45 £ A 0
g ST AR [ 0 TR o 2 BT A U AR AR AR A
TR ST B T A e By B | (25 R T T3
BRI T2 P TR LB T R RIS Sl
F AR R AR RS SR S B e L K 3
S 20y 3 0 AR TR R R A AR et
sy 5 R A R T W TR UL R Z b R
[ BRASAT g, TN R 2 14 DG B8 1 24 R

o A B R ) T 9 S AR A A 3 ) SR
BRAE IR APLA S 45 A T Y B A R 5 4L
fee ] PR T HER AT AR, BRI 2 A, )
HRAE A2 2500 o B 5 P DT AR S TR 2 ) L R
T Y BRLY A, Y TR R I R R AR
TH TR 2 AR RE 1, SR fige s 0 g B 5 A Y

Mtk . www. stae. com. cn



2025,25(13)

Fe/ME AR STR 1R LA > B 5275

i 1) RN T R A S T R R AT S
045 & 1 TR A DNN SVM, XGBoost -
P DU AR SCR T (I 2R R

AR 27 > A5 TR bR P T | 25 A4 461475 0
By A i AA 7 AR ST o T R R R A
J7 T AL X AL 2 ) FE LT A 45 4 g 2 i g

HEAT RS
| OEMERE bR P
mE
B i | k|
CJml Jml o
i I| Y% » XGBoost |
| |lersn i | |
| | :-M :
S . | | -
| ﬁ%%ﬁﬁw%ﬁ%&%hﬁ | ; B
AL i

Bl 1 BUAUROR BRI R e

Fig. 1 Training process of shale gas recovery prediction model ™’
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Fig.2 A depth learning method for constructing the allowable load space of notched laminated plates'™
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Fig. 5 Dynamic Bayesian network for crack growth analysis!®
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