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y = f(x)
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FA—T53—=27 (FEZEZDL) 1of2 =

—1—3IJU - XY FI—2(NN)EDEN
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A—€> 75wk (1957)
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N 7 EJk:s 1

-C
W o
1+e~ X

‘ IR 3 1E B2 R 2k
h(X) — tanh(X)

10 (wyxg + wyx, < 0)
YT 1(wyxg + wyx, > 6)
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Expression test: configuration of neural network "

1T input, 1 output, 1 layer, 6 nodes

NN configuration

Input: 1 nlode Weights and | . 10

1 layer with 6 nodes baiases "‘--.\ “\n

Qutput: 1 node '\\ \\ /
wit 1 \ \
wi2 -1 \ 8 7
wi3 1 ) ¢
w14 -1 \ "N
w15 1 —— 7N
w16 -1 >[| - oo yands AR
b11 -4l 3 y-3nds , \
b12 -4 5 y-4nds ;)

b13 6| 9|~ — y-5nds N/

b14 6 = === y-6nds !

b15 1 — y-all A\

b16 1

2019/11/29 -
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wr:?gmh:: ::d Weights and
baiases

w21 10
w22 10
w23 10
w24 10
w25 10
w26 10
b21

n




"WV

Computational
Fracture

Expression test: configuration of neural network "
1T input, 1 output, 1 layer, 6 nodes

Neural network with 1 layer of 6 nodes can express:

- Polynomial function of the 6" degrees,

- 2 cycles of cosine.

> >
— +—
= S
o Q
S1io 1 51 1
O] @)

y-all y-all

Polynomial func. of the 6th deg. Polynomial func. of the 6th deg.

-====- C*sin(ax+¢) ----=-C*sin(ax+¢)
ﬂ l 3
Input x

f
Iﬁputx
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® 57+, /\1 V7 AEHFE : AdaGrad, Adam, Momentum, SGDZ
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Imbalanced class: IZENIE NIRRT —SFA—F 1 XA b E

SIS DN/ FESC DT BET | o N ORRATGMRRER

(m—F):
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T —S K6 - o R
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E ] m
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= O D
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2000 H 40.00%
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1000
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F—SDHE HHEDE1) =

WFLIENT - BDBEL 2N (2K8) ZRRSLSBT -
FDMIEDE. TENE3R (3K%) Skl

i

Name 1 2 3 4 5 6 7 8 9 10 11 12 Eq.Str.
RB0O5-4411 0.8 100 1 3.7 13.8 10.2 6 0 10 0.5 0.5 32.1 111
RAO1-4411 0.8 100 1 3.7 13.8 10.2 6 0 10 0.5 0.5 64 53
RAO3-4411 0.8 100 1 3.7 13.8 10.2 6 0 10 0.5 0.5 94 32

e NFGA—FOONIKEHDODEBEN, COLSBHIEDENKSZ
BCHDICENEFXLW., C3ETHT D
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» iSSP (IR S

BT —A(0~2n)

o 7l (~2m)

Hidden| Batch
Ly Size

Lr. Rate

Epochs

300 300

0.001

100
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Result of CGC 1 of 2 el

Hidden layer: 9(3), nodes on layer 11(3), 2 million trainings -

NN (2 million trainings) : 16h CGCNN (2 million trainings) : 8h

R e EITOrS 4 o, v e EITOIS
: . oo " “.train: 3.276 X 10 St s T train: 2.748 X 10
- - : test: 4.639 x 10 - . N -test: 2.239x 105
24 Jorn L - ~MS: 4.631 21 . ; . MS: 4.625
/ """"""""""""""""""""""""""" e | / . N
0 n.. .......... -y L] ¥ : 0 4 - a - ) RIS TeRRRg
:l:. . true_data o

) n -F “l - ) - il ! ? - * | « true data )
= T - S| - estimated_point, -2 I . ool " | - estimated_point,
i [‘H ] . « differential ) : .[H. e . . differential .
. . _-' = twice differential « n T L. ':- ..' « twice_differential '..

« true_differential =« true_differential
« true_twice_differential « true_twice_differential

0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

Insufficient for extrapolation Better result
2019/11/29 - " .
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Result of CGC 2 of 2

Computational

Hidden layer: 9(5),nodes on layer: 9(5), 0.5 million trainings

« Teaching function ! f(x) = sin <31—50X> +C0s{25(x—1)cos(20x) }sin(x/2) + 0.6

1.51

1.0 1

0.5 1

0.0 -

<

CGCNN (0.5 mill.) : 2h

Well learned

| Max. err.:4.12%

\1

"\

To be extrapolated

« true_data
- estimated_point
- true_data_point

Ave. err.: 0.10%

2019/11/29 - " o

0.6 0.8 1.0 12 1.4

n

Mechanics Lab
,/CGCNN (0.1 mill.): 0.42h
Well learned
1.0 {4 ﬂ >
II|I.pl ﬂp
Iy |
-HIV
0.0 -
. true_.data
Ave. err.:0.04% . estimated polnt
—0s4 Max. err.:4.00% . true_data_point
1.6 0.6 0.8 1.0 1.2 1.4 1.6

— 2 0 1 9
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IR BALEFIL (Ay¥a) | B (MLP,CNN,LSTM)
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6th nodal distr. »
7th nodal distr.  »
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Convolutional NN with Residual ey
Network: vector input

Max Pooling (3,1)

11x1x1 1x11x48 1x11x48 1x11x48 1x11x48 1x1x48

Zero padding / (3,1)filter

« Activation function: hyperbolic tangent

e« Optimizer: Adam with learning rate = 10->

e Residual Network: 15t convolution layer to 4th convolution layer
e Batch normalization: applied

* Drop out: applied at 20% rate
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TTDT—RIxEyDH TCRAILEC R RIEETH S
N ZERAORED=-OIZIXEXREGE=2—0OY
NILELLGEL-OREEHEDHAHAEAEHEILE

[CETETRDD
1 X X2 X3 X
1 1 X X2 | x3 | xt
y |y | Xy | Xy | Xy | xty
y2 )LZ Xy2 X_ZLZ X3y2 X4y2
y3 y3 Xy3 X2y3 X3y3 X4y3
y4 y4 Xy4 X2y4 X3y4 X4y4
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0=0.1,n=200, n,=nx9=1800 * = = ‘2

Data- augumented total data sets is 90,000 |

'. x10-1
:‘_.n;‘ 35 Validatation loss
el 1.0 Train loss
KL e s
¢ 3 i L 4
R LA 0.8 3.0
% _'.‘° i_t*.'ﬂ-- k' S
AR f;:-:-‘:“_-;ge;;._’_, : 0.6 — 55 -
L] GJ.Q q." _‘-\‘ w ;.?_.-.-:x = . 2 -.5
6,‘ & o L .:-_=‘!"u*...:-°. 0.4 = .
. ‘ ] LL! 2.0 1
n
= 1.5 1
1.0 1
0.5 -
ﬂ'.D T T T T T T
0 20 40 60 80 100
Number of batches (5 batches = 1 epoch)
X 2019/11/29 - " . 2 5 _ 2 0 : 9




Convolutional NN with Residual el
Network: image-based(matrix) input

Max Pooling (3,1)
1x1x48

A

5x5x1 1 ‘%

i
5
l"
1
1

5x5x48 5x5x48 5x5x48 5x5x48

|
34| V)
g

R

.].
.r . "
/ Zero padding / (3,1)filter

« Activation function: hyperbolic tangent

« Optimizer: Adam with learning rate = 104

e Residual Network: 15t convolution layer to 4th convolution layer
e Batch normalization: applied

* Drop out: applied at 20% rate

2019/11/29 - " .
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0=0.1,n=10, n,.=nXx9=90 ey
Data-augumented : total data sets is 90,000

Target function
0.5 ——
0.4

b P 0.3
0.25
* . 0.2 ——
' Extremeval. W
. 1st nodal distr. =
. 2nd nodal distr. e
. 3rd nodal distr.  »

DA ainocl gt
"Q.O:Q%}‘% A
o:s L i#’: &&#&i’.”.' _ch r;distr. o

. 2019/11/29 - " . + - ; ] .

n

N



0=0.1,n=10, n,=n x 8=80 %

Data-augumented : total data sets is 80,000

Target function
0.5 ——
04 —
0.3
0.25

X z

i Extremeval. MW

. .. 1st nodal distr. =
. . 2nd nodal distr. e
3rd nodal distr.  »

4th nodal distr.

QQ 5th nodal distr.  «
.é: > 6th nodal distr.  «

0.8 '.. #&Q 7th nodald!str. x
08 L o.’ . . o
R s s e,
= [ 7 L2 27 <> .
0.4 04 [ ’,’[:’%’ w-
e
W e R L ] %2 02 i‘ L] 52 Q’*&W
e ﬁr_lil L éz‘." LT FHLLT
. 250009000 e 4 : : ' =
TP g S0 g o 0.0 “ AL LT AT
| 0.75 -

0.50 N N e

. 2019/11/29 - " N

n
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BRGAR

 BPEAN KR RBIELDEZR G =>FT—FDHEICIKRFKXR
« F—AD—MY / Uniformity of training data

« —HRELE 2 —RHITF=E. NS A—FZEHZ—KRICLTELD
[ (FENR) FERDHBYODA TV

o ERGTE (BRER) « FTFUVBAKE (Ly(34), L,7(313)
Btﬂ)iﬂﬁﬂfé%r&bfj‘ A 1h)

FFHDMNE (BREH53T7—FDRFHZER)
« —A DKL / Data augmentation
o« J A AXDAhI
AFHEPSIE / IRIETEREM L

Mechanics Lab
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Classification of numerical simulation

for crack propagation

K: stress intensity factor, Kc: brittle fracture toughness
J: J-integral, J-R curve: ductile fracture toughness

Static or | Type of | Yielding | Loading / number | Difficulties for numerical | Parameters for fracture
dynamic | fracture | zone size of cycles simulation prediction
monotonic - Kc
brittle small A
. . multiaxia og d|n: 1o Kc, Paris' law, MTS
cycllic / high accurate direction o
o criterion, etc.
_ criteria in 3-d
static
. very large deformation,
monotonic o . Jc
no direction prediction
ductile Large
AJ for crack
cyclic / low propagation additionto | Jc, AJ, J-R curve, etc.
the above
dynamic Slml.lar assumegl similar to brittle dynam_lc ‘J_C’ Ki=0 Tl ek ot
to brittle monotonic criterion . 2 e 156
2019/11/29 £ Y| <4 = VA —_ 2 0 1 9
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Paris-Erdogangll b

A

ultimate fracture K Kmax

107 4

10

10°

time
10—10_

102,

— C(AKeq)m

Crack growth rate, da/dN, (m/cycle), log scale

10™ ! I i | | ! ; >
1 2 < 8 16 32 64 128

H# : http://en.wikipedia.org/wiki/File:ParisLaw.png

. Stress intesity factor range, AK, (MPaym), log scale
2019/11/29 ] ) & = F — 2 0 1 9
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Crack growth direction: Richard’s criterion

1 K| ( K] J * Z,
@, =+ A + B (*1) da
KI +‘KII‘+‘KIII‘ KI +‘KII‘+‘KIII‘
Do y
Pp<0° forK,>0and @y>0° forK,<0and K, =0 ~
A=140° ,B=-”70° : : | X

Crack front

Crack growth rate: Paris’s law
da/dN =C(AK,. ) ¢

K
Keq :7I+%\/K|2+4(Q1K” )2+4(a2K|” )2 (*1)
o= Kol Ky and @, = Ko/ Ky Material

A533B steel E=206GPa, v=0.3
C=1.67x10"12, n=3.23

. *1 H. A. Richard, M. Fulland, M. Sander S. N. (2005): Blackwell Publishing Ltd. Fatigue Fract Engng Mater Struct, Vol. 28, pp. 3-12.

o, =1.155, at,= 1.0

*2 P.C.Paris and F.Erdogan,J.bas.Engng.m Trans.ASME, Ser.D, 85, 1963,528-533
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KD SRERECEADDSAENS LOYHEE =
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¢ BIEARBK,, Ky, Ky, BIEHEE : :
Kic G, == Su’f} K, =.GE
XU ZAI: SHERBEH I 2AS
D BAfR

Ki :\/GIIE'

e E (plane stress)
- E /(1-v?) (plane strain)

da
_— m
« MPER: ¢,m dN C(AKeq)

« ZHDOWBRANT BV, ZIER) : p,
s FEM CitEENDH=

e ZHIRIBNIL: u

s I HF>VYIL: ¢

e OFHFTVYIN: ©

o AR
e V2OUOR. E, RPYH: v
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Training data

NIV
Mechanics Lab
Oty Stress MPa Pcrack Crz_a;k tip position
Common da Crack prop. dist. m (Origin at crack center, vector)
O-di"
K, K, S.I.F. MPa/mm?/2 LA
Phasel \
o, 0,T Stress MPa
Phase?2 XYy
9 T crack1
Phase3 Only crack tip position is input data h = o
\ ~—
| Stress/strain
|| 1o o opzcaleulation at
Output ==
<w e =1
All phases | da Crack prop. vector, dN cycles per a cal. step Y
2019/11/29

Gfar
£ )

n




Training conditions

- Phase 1,2 and 3

Computational

Fracture
Mechanics Lab

Number of training sets

Pre-training
Fine-training
Hidden layers

. 4884
(Initial crack angle 6=0,15,30,45,60 deg.)
$¢ 0=45 up to 75 steps, 60 up to 30 steps
25 times (dropout : 10%)
20,000

6 (every layer has 60 nodes)

Verification model

Initial crack angle 30°



Results from initial to 30t step

/ /

B X B X

s-version FEM Deep Leanging

2019/11/29 = 1) + = F — 2 0 1
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Comparison at 30t" step on phase 1

Blue: correct crack shape by s-FEM
Red: predicted crack shape by deep neural network

2019/11/29 7 Wy . = ¥ - 2 0

Mechanics Lab
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Results of number of cycles
Aa=0.15mm

4.00E+09
o) —f—SFEM crack 1
c h &=SFEM crack 2
.8 52 - @ Deeplearning crack 1
£ 3.00E+09 P g
g— O-Deeplearning crack 2
S &
O
< 2 00E+09
k4, o Converged to the
S
© same cycles
o L1+ O
)
© 1.00E+09
©
(@
o
Q.
"
(@)
©
& 0.00E+00
0 5 10 15 20 25 30
Number of computation steps
2019/11/29 i) ¥ t = + — 2 0 1 9




Crack propagation direction

2019/11/29

£

Crack propagation direction 0 [deg]
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15.00
=—SFEM crack 1
< 9—SFEM crack 2
@-Deeplearning crack 1
10.00 ©-Deeplearning crack 2
&
5.00 O-&
| 9
0.00
0 5 10 15 20 25
Number of computation steps

30

Not enough
experience to get
the appropriate
prediction



Numerical comparison at first €y
computation step

Ao-far

A A A A A A

Y Y Vv v v v v vy Crack Crack prop.
positio Vector: dP

n dPx dPy

Number of
cyles: N

crack1 0.974 -0.225 3.21 X 10°

ck-1
S-FEM
Crack—@/@ crack2 -0.974 0.224 3.21 X 10°

crackl 0.967 -0.050 2.65 X 10868

Deeplearning

T T F F F F T T } crack2 -0.955 0.084 3.84 X 10898

\ A \ A \

Aafar




Comparison between Phase 1, 2 and 3

Phase1l: S.I.F.
Phase?2: Stresses at crack tip
Phase3: Crack tip posmon and direction

2019/11/29 - " . 2 5 _ 2 0 : 9

Mechanics Lab



Training conditions: latest trial

Mechanics Lab

~ Training
Number of training sets

: 2860x5 (data augmented)
Initial crack angle ( every 2.5° )

0=0° to87.5° without45’
Hidden layers :7(125,75,30,15,30,75,125)
Optimizer : Adam

A A

Verification model
Initial crack angle 45°

3 63 60 63 63 40 6o




y coordinate

L4 -35r

Result of Phase 3

Data augmentation to uniform density of data

¥ coordinate
8]
wh

-4.5

-0.5 ——
Initial crack me—
Left crack propagation at 5x107 s
Right crack propagation at 5x107 e
1L S-FEM
—1 -1.5r
-2 -

\/

x coordinate

"WV

Computational

2019/11/29

£

) t

n

[ J [ ]
° 5 Fracture
Num. of trainings: 5 X 10> ..,
4.5 ——
Initial crack me—
Left crack propagation at 5x107 s
Right crack propagation at 5x107 s
4l S-FEM
3.5 /:.\ T
3
2
S
g
B25r .
o]
Q
[
5| -
| 1.5+ ]
0 24
K COO0rdg
1k
0.5 :
6
x coordinate
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CFM
Further work: extension for general crack prop. .z

Input

P gifs Relative crack posi. m
Interactionof | ¢ . Difference of direction vectors m |_ P N N
two cracks
o Bending stress MPa S e
_ St'ress. O,y Stress MPa — || —~
distribution
T ey
da Crack prop. dist. m P...«  Cracktip position
(Origin at crack center, vector)

Output

All phases | da Crack prop. vector, dN cycles per a cal. step
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