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Figure 1 (Color online) The architecture of an artificial neural network. (a) Traditional network; (b) convolutional neural network
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Figure 2 (Color online) The scheme of the convolutional neural network for solving a linear elastic finite element problem
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Figure 3 (Color online) The scheme of the convolutional neural network for solving a linear elastic finite element problem

638



IR

43 100/ T i A BTG

WMEBFT A, HRIEER U5 i 540 R
FEMEKAITT 5 1 f . S5O B r A 30 ARG E —
HAPNURES SR, BT AT SRS ) LR (B AR &% )
R IERG R, bR IR IR 223k, W EE L BT
TR 22 PR B AT A RS ) 8, TR R X(6) T Hru.
WES2@Q) 7k, 1522 bR B (B BE % 1% AR OO iR
Wl s, 4% 228 T O, BIVA] SR A5 1) A5 p) 437 7% 1%
P S2(b) e 1 i 45 T 3% 45 I 45 20 A4 157 B £t T o) I 8 28
TERIRY. Bl AR R B 0, (RS Xt L (14 A5 T i 7Y
NGB IR

& S3%F b T A 7 ks Rk v A BR T Y 3 4
1S3 (a) Al (b) 73 B IR T 7K - F1 8 E T [ 57 % i 1) A+
SR 2. A7 B RS i 1 fie KA R 22 1K F0.05%,
AT S8 T HE k.

AR5 W 3 B Ao 28 T 4% ) 2 5 A 0 AL IO T
2R sPE A R G ) AR SR i e, a8 o — A s v B
WE T O R IE R (B, U5 RSN T I AT
M SR R, 1, IO KRR SR e 40 R e Ak )
R, 3 IR T R TR E bR eR B0 R ) B
HHEES. ZI el BHREL TR L)%, Bl
T GPUINEE, K A R AR T 3 T B SR i o7
B JAh, LS BR Ty R A NI R B e 4
TR 28 2% (1 i A 2B . 35 0RO 2% 174 28 B
il T2 O 0k H O R, X AR LA TR
JCT R SR (AT AR W E ) B8 11 T Bk AR DA B2
155 SRR AR Y ] 13

2 FE T GUE IR IRy R B B g 7k

e b —Tr, FEFREEAAE, B TR
KD TR A A FROCI 8. A &
PRV A B 22 X 28 B U 7E A 35 510 M 58 v i iz
Radlinski 25 A . Sahimi”®, Milliken F1 Laubach!”,
Blair%: A" AntonelliniZ A", Al-RaoushF1Willsont*”!
K FH A AT FVEE BRI 55 1 A RO 285 #4) 0 25 35064
BB Z RN EE R . IARR, HLas > Tk gag |
AJEX B R AFSE . Sundararaghavanil Zabaras'®!!
I SZ 43 1) AL R AT T 34k AR 2 A Ry 2 2 A
. Liu%e N S Rp ) BEHLION T 3R 2 5 A R 34k
R e i 13 A8 300 . KondoZs A B3R 4 B 48
D) 24 4 N7 R AR UL 245 ) 5 P S R R 2 T P B A
Cang%5 N\ BYILFA5 5 [ shsm it o & S8 T —Fh AR

MoRHE BE ML 7 . Bessafy A BRHY T — il it
TR S BA AT B T 2SR, R TE T SLg iRt
B B A ST RN AL AR 27 2 BRI 25 38 4. % AE SR 0T
DLk — 20 T TR 2 BOb ) (14 7 25 i 1 R o0 245
S

VB 3L T 65 B 2 I 45 45 0 — A T i 9 3
JEAE RS R T Z E TR AE SR S TE TR, BIET
0L RUBE B DU BORE, 8 FHZONE 28 1 57 R UE FEA
F14) 240 X0 245 A 5 S A0OR a2 [) ) B SS OC &R Ll R
HH, - I 73 8% (scanning electron microscope, SEM )7k 145
TU 1 4108 25 48 1 AR, JF 51— a7 A B 7
SEM KGR 4 R SAH M B AS . 351 ok, (RGN &
PRI TSR AR AR A R SR BEALFEAS, PR
A BRI TR BELFEAS i S i . BE T REML
FEAC I AL 25 F A e isi i, R T — N2 )26
P22 25, N7 A WL 45 A8 1) S5 A4S et ) R OC AR
56 WU 25 1 T 6% AT FH T 00000 3 52 DU R AR Y A A%
it e MR E 4R,

A 295 DURR A R 509 P87 2 0 R RE 1Y
JUAE— PRI A BUR DURE . KIS4(@ 2 —H T
SEH AT M EAE SUARE . AARRE TR IE
AT BAT U 0 0 2 DR 2540, An K] S4(b) i /s TUA 75
Sk AR5

INAE AR BER, DA R & Z R0 1 Loy 1
B MRL, WE B A A FEhA . EER
W, B A PSS R Y, BE R R
ji% (energy-dispersive X-ray spectroscopy, EDX). ® £
BT B (focused ion beam, FIB)FI4# i 7 i i3
B A5 T VR T IR BT ) 4y B AR TTA R S Y
Eﬁﬁ'ﬁm%%]-

WHREI, WIS NBIE . MRS # s
HALE BE P o5 DA 0 R ik, B A0l
LN 5 W 2 T 2 [ A R A TR S

YEH M SEMAF5E T SUAREAR Y 40 W45 4. oL
ARESAYR S L5 mmx1.5 mm. BEAFHE EZ A
S5@FR. AR E A KA WK riga .
Hzuf . msa . HRa AT AR L oy, &0
Y 4H 53 1 53 A B 28 B B i B AL, 3 AR % W DT
A REA ELAT ) S T R A 1) e

TR Ml S5 ) 2 3 R U R ELA AR AR R
FEMEM T WA A —25. —Fh 2 a2y
BB S5 T W2 5 43 AR ST B — R R R

639



4 % B B 201945638 He4ks HTH

EHE ﬁJﬁ*fLﬁ:—,m il BIRTRE

@
| w0
R !-. .-. i r 5
" . EBEyEs )
ik
12y

EEEIR

MR8

? TR R ;
- AN m : |
! 1. 5% + ZgEe || oA !
! 2. 58 ! X
[ I 5
' RIS mErE | ;

| &

B4 (FIZERARS () ey 4 B 22 IO 255 T D SR ) AR VAR

Figure 4 (Color online) The workflow of establishing a deep neural network for calculating the shale modulus
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Figure 5 (Color online) Mesoscale shale structure presentations. SEM image (a) and the corresponding simplified model (b)
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Figure 6 (Color online) The convolutional neural network to establish the implicit mapping between the mesoscale structure of a shale sample and its

effective modulus
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Figure 8 (Color online) The verification examples of the data-driven method"'”’. (a) One-dimensional elastic truss model; (b) three-dimensional
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Combination and application of machine learning and
computational mechanics
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With the steady development of computer science, machine learning and data science have made significant progress in
recent decades. These techniques generally rely on a substantial amount of data samples to extract the abstract mapping
hidden within the data. Hence, these technologies have gradually attracted the attention of researchers in the field of
computational mechanics. Combining the recent studies of the authors and other researchers, this paper aims to interpret
several forms of applications that integrate machine learning and data science with computational mechanics. In the first
application, the core algorithm of the convolutional neural network is implemented to solve the linear elastic finite ele-
ment problem. A standard finite element equation is transformed into an optimization problem in this method. The
method is verified by a plane strain linear elastic finite element problem. The method demonstrates promising accuracy
by comparing the results obtained by traditional finite element solver. However, some limitations of this method need to
be addressed. First, though the optimization process can be accelerated by GPU, the efficiency of the proposed method is
still lower than most mainstream numerical solvers. And, the framework of convolutional neural networks requires that
the input layer data should be a constant matrix. This is a major challenge for solving nonlinear finite element equations
whose stiffness matrices contain variables. These are the issues worth considerations in future studies. In the second ap-
plication, a method is proposed to establish the implicit mapping between the effective mechanical property and the
mesoscale structure of heterogeneous materials. Shale is employed in this paper as an example to illustrate the method.
At the mesoscale, a shale sample is a complex heterogeneous composite that consists of multiple mineral constituents.
The mechanical properties of each mineral constituent vary significantly, and mineral constituents are distributed in an
utterly random manner within shale samples. Large quantities of shale samples are generated based on mesoscale scan-
ning electron microscopy images using a stochastic reconstruction algorithm. Image processing techniques are employed
to transform the shale sample images to finite element models. Finite element analysis is utilized to evaluate the effective
mechanical properties of the shale samples. A convolutional neural network is trained based on the images of stochastic
shale samples and their effective moduli. The trained network is validated to be able to predict the effective moduli of
real shale samples accurately and efficiently. Not limited to shale, the proposed method can be further extended to predict
effective mechanical properties of various heterogeneous materials. In the third application, the authors discuss a da-
ta-driven computational mechanics framework proposed by Kirchdoerfer and Ortiz. The most outstanding feature of the
framework is that explicit material constitutive equations are no longer required. More specifically, experimental material
response data are employed in the framework to replace constitutive equations. Combined with traditional compatibility
and equilibrium equations, the framework is able to find the optimal stress-strain combination from a material response
dataset to best fit the current element. With this framework, the errors and uncertainties induced by the empirical consti-
tutive functions of traditional computational mechanics approaches can be avoided. The aforementioned applications are
only the tip of an iceberg in the recent advancement of computational mechanics. Hence, researchers have reasons to be-
lieve that there would be more application scenarios that integrate data science and machine learning with computational
mechanics in the future. Hopefully, computational mechanics methods with more robustness, efficiency, and fidelity will
be developed.

machine learning, data-driven, artificial neural network, computational mechanics, finite element method
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