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Prediction of Tensile Failure Behavior of Open-Hole Composite Plates

Based on Deep Learning

CUI Yiyang, CHEN Puhui
(College of Aerospace Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 210016, China)

Abstract: To investigate the failure behavior of composite open-hole plates under tensile loads, a high-
precision finite element simulation model is established based on tensile tests of open-hole plates, and a
dataset of tensile force-displacement curves is generated in batches. Then, dual long short-term memory
(LSTM) neural network models are proposed to predict the force-displacement curve. The first LSTM
model is responsible for extracting input features, while the second one directly predicts the force-
displacement curve. The research results indicate that this model can efficiently and accurately predict the
tensile force-displacement curves of open-hole plates. The coefficient of determination R® on the test set
reaches as high as 0.975 5, with the prediction error of key features such as the initial stiffness E, being only
1.85% and the prediction error of the maximum load F,., being only 2.16%.

Key words: composite open-hole plates; failure behavior prediction; force-displacement curve; deep

learning ; long short-term memory (LSTM ) model
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Fig.1 Schematic diagram of open-hole tensile specimen
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Table 1 Lay-up information

R 7 J2 EH & R /mm
LO [45°/0°/ —45°/90° ] 24 4.488
[45°/—45°/90°/0°/45°/
L2 ysas—as 0070, 2O 3740
[45°/0°/—45°/90°/45°/
L3 0°/90°/—45°/90°/0°]. 20 3.740
101 [45°/0°/ —45°/90° ], 16 2.992
102 [45°/0°/—45°/90°] 32 5.984
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Table 2 Material properties of the composite laminate
ZH BAE ZH BE
E,/MPa 166 000 X./MPa 1654
Mesh-1 Mesh-2
E,/MPa 9600 Y+/MPa 63.9 Error: 9.8% Time: 285 s Error: 7.0% Time: 495 s
Vi 0.31 Y./MPa 253
G,/MPa 4 600 S.,/MPa 80
G;/MPa 4 600 S.3/MPa 80
G,;/MPa 3330 S,;/MPa 80
-3 Mesh-3 Mesh-4
X1/MPa 3242 p/(kgem*) 1600 Error: 2.8% Time: 901 s Error: 2.2% Time: 3 220 s
B2 L3 AN [R] D A %
1.2 fiE#E Fig.2 Various mesh densities around the hole
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R T) ROSH 1 A ] 53 05 vk B 2 iR 254 25 &
FERT (Time) FIAK BR 2% 407 (19 315 1% 2% (Error) , 3 4%
Mesh-3 1 J5 82 FLAR A% Rl 4 i e 2. 5 SR
26T A1 250, SR T 4 Hashin v 04 g 354 2
UG o DN X 2y T 4 RROR TR 2R RO BE A%
LS b 0 L AS TR R LR SRR S, T4
A WL W AR AR T T LA SR AT S 4 0 48 4
0T WA TR A SR Explicit & X 8h 75 4
Mr 4B 9E A7 0 B AT AT, B B T 1045 A9 B R BT B K
FH, 9F HARGE fF 1 B b sh BB R B i A g

5% .
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A BRITIFIA 400 ffy W 32 A BIR 28 iy 9 1 35 4 SRS
TER 3 I G R B xh e o Horp il g0 45
SRl 2 RTT FL AR 6 1R 18 1 A 2 (. AT A
A, IT LR WD 4G WIS R 22 W AE 1306 LA
P A% BR B A B3 38 Bk 22 R AE 1006 AN A & T A%
RS BE R o IER T R A Oy SU7E T AL AR
(2 Jzs e L, T RLREAT A A0 0 EORLA, R nT L
PR AT R A B R w AR . B 3Rl E T T
A TFFLA B -7 A8 it 4 BT A R R AR
AT LUE Y, bR AT BR TR R 48 - B il 2k ) il
PRI R, R IR AT B4 1) 05 ELRE

R3 MEERSHBERMLE

Table 3 Comparison of simulation results with test results

93 4y W 2 e R 48 £
fLA%/mm =R
WEER/GPa T EER/GPa B2/ WEWREIR/KN  FELR/KN RE/ N
LO 55.64 55.71 0.1 140.1 152.2 8.6
13 L2 41.12 41.40 0.7 117.0 119.3 1.9
L3 50.79 50.89 0.2 131.2 127.6 —2.7
LO 54.38 55.06 1.3 248.1 261.6 5.4
L2 40.39 40.92 1.3 205.0 210.8 2.8
25 L3 50.24 50.32 0.2 220.8 221.5 0.3
LO01 36.85 36.71 —0.4 169.1 174.4 3.1
1L.02 73.32 73.42 0.1 347.3 348.4 0.3
LO 48.92 49.25 0.7 434.9 475.2 9.3
50 L2 36.23 36.59 1.0 364.3 349.2 —4.2
L3 44.97 45.03 0.1 3914 388.5 0.8
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200

-=-L0-13 Exp.
- L0-13 Sim.
-»- L2-13 Exp.
150 F - 1.2-13 Sim.
- L3-13 Exp.
~=L3-13 Sim.

100} 5

Force / kN

50F

Displacement / mm
(a) 13 mm open-hole diameter
500

-=-L0-50 Exp.
—--L0-50 Sim.
400 —»-L2-50 Exp.
-0-L2-50 Sim.
-+-13-50 Exp.

r—=—L3-50 Sim.
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Force / kN

Displacement / mm
(b) 50 mm open-hole diameter

—=-L0-25 Exp.
~-10-25 Sim.
L2-25 Exp.
300 - L.2-25 Sim.
—+-1.3-25 Exp.
~=13-25 Sim.
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~-L01-25 Sim. _j#

Force / kKN
[\
(=3
(=)

100

3
~v-102-25 Exp.
~+102-25 Sim.

0 1 2 3 4 5 6
Displacement / mm
(c) 25 mm open-hole diameter

3 -8 ith 2 x He

Fig.3 Comparison of force-displacement curves
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Fig.4 Processing effect of force-displacement curves
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l AT } } y
Fully connected
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3.1 LSTM M

LSTM J& — Fl iR B 2% 2] L8 7F [ AR 15 F Ab
BB TR R R S T A AR 2 A R B AN
T H sz R B R 48 M 4% (Recurrent neural network
RNN) iy —Fh A8 4 . LSTM FI RNN #5544 b 3 it
[ 7 370 5090 ) BE 7, (H U RNIN (1% 424 B0
1A R, A BRI 012 RSO IR BEAR IR HL
W Z5 Sy 7 A e BE R K RN B BE O R S n) . DR,
LSTM it i /£ RNN H38 i — 25 4 if i 12 38 18, 552
BT XL AE B . XUMA T3]
T G BE TR T R R T 45 R 1 32 A 4 ] e
el & I T A R N s 128 A5 7 NS 4
Wk .

LSTM M 2% iy 455 7 5 i 1# 6 fir s, i 24
Bt (CelD AT JE HR IR AT . BRI Y PN 5 45 44 fn 151 6
(a) it 7, QA1 D” 43 ) K 7R B i3 v FZ v
%, 0K Sigmoid pREL, X, 7R 4 I I 20 14 i A %L
P A ST VAT AR T ¢ UL R
T o, J5 4% 20 Y 157 i 20 59 4t A, DL B2 coo
R T ¢, 25 1 T 4% v AS W B O 1) i A% 32

LSTM H [T 2549 i AH 56 iz 528 a0 F B

fi=o(Wyh o+ Wyoax,+ b)) (2)

i =c(Wyh, + W,x,+b,) (3)

¢,=tanh(W h, ,+ W_z,+b,) (4)
c=c¢, . of,ti-c (5)

(b) LSTM network
Bl 6 LSTM 46 1 45 b 7 2 [
Fig.6 Schematic diagram of the LSTM network structure

o,=0c(W,h, \+W,.x,+0b,) (6)
h,= 0,+tanh(c,) (7)
A LSTM M 2% 1 2548 4n &1 6 (b) i 75,
TASLSTM 2 W, B 2 h A% T4 LSTM
JCo FRITIRE Y b, AN — 5 Tl e 2 A SR AT B 1 i i1
Y, A6 M ) BT DA H T 0 4 5% 2 R k1B IE
6 3, (A5 00 2% A R 0T DL S H AR (E HE AT IR 22
X L
3.2 EEER
R T SR R AL T LR A o A 28 A - B il
LRI T A SR W D E B SRS, A LSTM
TR G it 2 3 A ) S AR (10 i AR S 4
N RN P RE SR AN B 7 TR .
F4 WLSTMEE BN 55 H
Table 4 Input and output of the dual LSTM model
R A R 11
0,d,t,u f

551450 LLEEA# R 20 15 7% (Encoder block) , %)
TEFLAR 1 i A S B AT R A SR O R A% . 1 50
THMR 1 16 A48 2 £ BE (0) 1F 0 i 45 J8 A BF
B 1A LSTM 8RS | B — AN B2 X i H i
1ALSTM ¥00, A 16 4~ 800, [l A, A 80 3k 2
A#HTLSTME,JZHE - TMHSH, FELER
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Encoder block

/ LSTM).. (LSTM
Co-La-(

—

VAN
LSTM
cell

-

Decoder block
f LSTM LSTM \
p cell cell a
AV v
LSTM | (LSTM FC
c?ll cgll
\V4 \V4
| T : i
LSTM LSTM

Bl 7 XCLSTM AR AE 4
Fig.7 The dual LSTM model framework
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iz 0 2% ANN R RY 75 21 8 A G i 85 1 i i) o
r ANN A5 78 (%) B3R )22 i 28 o0 0 FH 2 1k 4 U (Rec-
tified linear unit, ReLLU ) # 1 pA %4 .

55 220 0] AP O £ 4 &% (Decoder block) , %t
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BEARLeh 48 BOH g — S BT R i L 20 4 i
RGBS 2 el () . R
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A BT PR A I, AR b A RCR AT DA A
RN SHOLE F iz ALhg

1 U 25 A B, SR TR it 2k ek Kl B 05 22
(Mean-square error, MSE )it 2 , H A =2 A 0k

1 2
MSE(X, h)=—>(h(x) ~ ) (8)

i=1

Ao R EE R DR A () S D REAR Y T
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RS A Ml 26 RS B, R BRI 1, B ARG 3 i
HARBes T

n

RY(X, h)=1 —z(hu-,.)—yf)z/i(yi—y)z
(9)
1 (10)
= ;yf

A A 52 i 2 v B2 R W0 4 ) AR BIR 2%
fap , DU HTSF- 35 45 %F @ 43 L 152 25 (Mean absolute
percentage error, MAPE ) > fif i i Il 2 R , MAPE
BT O, BRI R 22 8N . BR B AKX T

MAPE(X,h)zli((h(x,)—y,)/y,. X 100%)

ni=

(11)
4 BRS5S

4.1 WEBSHITLE

Wt — R 22 R ] T ALSTM B 8 1) fx
S8 L ETER S AT, X8 8 85
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dient descent, SGD) %3k Fl 47 2 &t (1 BEALBL B F
[% (Stochastic gradient descent with momentum,
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PPN % 56 &

P o 475 2 4% #% (Root mean square propagation,
RMSprop) 8 ¥ | H & b 4 i 11 (Adaptive moment
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MSE, H o, ok Adam 555 35 Bl 90 46 2% 2] % 0
0.001 By IR 2 1 52 85 19 R* AN IR 9 MSE
RS NLSTMEEKBSHIZE

Table 5 Hyperparameter configuration for the dual

LSTM models
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