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Abstract: This study aims to achieve intelligent
prediction of collision energy absorption characteristics of
new structures in forward design of automotive parts. An
energy-absorbing box is taken as the research object to
generate training data sets by finite element crush
deformation simulation. A graph-based encoder is adopted
for geometric structure recognition. Long and short-term
memory networks and graph convolutional neural
networks were used to process adjacent temporal data.
The novel neural network prediction system proposed can
recognize geometric structures and memorize temporal
data. The comparison between the model prediction

results and simulation results shows that the predicted
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crush pattern of the energy-absorbing box is consistent
and the
for the crush

with the finite element simulation results,
prediction accuracy of the model
deformation amount can reach up to 95.33%, while the
prediction accuracy of the maximum energy absorption
value can reach 99.98%. Compared with the finite element
calculations, computational efficiency is 174.5 times and
210.5 times higher respectively, which manifested that the
system can accurately and quickly predict the crash

performance of the energy-absorbing box.

Keywords: energy-absorbing box; crashworthiness;

finite element simulation; machine learning; graph

convolution networks; long short-term memory
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Fig. 14 Absolute errors and relative errors between ML prediction and FE simulation
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Tab.3 Absolute errors and relative errors of the

maximum energy absorption value.

Thickness/mm 1.36 1.90 2.452.823.09 3.54 4.08 4.84
Absolute error/mm  18.47 35.982.06 0. 21 9. 93 10. 56 10. 61 4. 69
Relative error/ % 6.33 6.55 0.250.020.86 0.75 0.62 0.22

SRR I 2k A 1 AR B B AR B 4, AR T
TEMYRFAE2S [ DLEE PO A 35 R T IR e G Al
7E A B AR TS RN e AR AL -5 B ] AH G, LSTM BB )
WE T VAR AR BB P RRAE , 3 Ao [ 3 B S R 1)
FEAGEB AR, e, R AR g A R, 43
RN e & r B IR A Rk et . SAFRIT
FETUAR L, AL 2 2T 1700 B AR T 0 SR 3 s T
174, 54% W RE T A R 4 & 1 210. 54% . 64,
e K AR I 5t 1A I T 8 L %) T A B e v T 38 1)
95.33% F199. 98 %,

AR - i IS R AT A5 e R A [ JLART I
AR 5 FEE TAE ST F 4 i o 5000, AR
WEAE BE R R , 5 A BRITAH L, MLAS 7 > 7T i 2 it
TFRHUEL . PRI, AR S i 2 T IR B 22 I 4%
AT 02 I 28 A RUAE B R AR AR R & A A
IS TR 14 R 25 A AR AL FIRR P AR AL B AL T R B

4 2E

ARSCHE T — LT T A FEUR 2 X 246 K S 1
ICTZ W48 B AILAR 27 > MY | R 000 5 42 W BE s 1
Mt o WAt — R AR R R W RE & BT &
SR, AR T TN R B4R ol I g B AR
TE -1 B TOUI0 AR AR T T AR AR | A6 B R R
P, IS5 A BRICOT BT T 3

PLas 27 AR FH I T R B i sl B 25 4 1
JUARTHRAE | 38 13 1< S 1 242 190 4 3R BB [i] Bsf 20 14 4
I [ o 1 P 8 A 2 D 28 A 7 A ) 9 1 B A%
16 FIVEEHr , 3708 F Adam AEALER ATk, AEAEAD
Yt b, 35 2 s Sk, YN ZR4s i BRERL AT LA
e M AT B HOMZE R . RN ZR IS AR 0 e e
B0 RIS AR T R RERR: | e K AR T Tt 1% LN AS i
Al 35 95.33%, fie K WL fig (E /Y T RS BE AT Gk
99.98% , THAH B 4y il i 1 174 545 210. 545
5 FROTASE AU L, 12 B A (I RS 2 A [R] it
THRRCRA T B

U PRI 2 D 248 R i T A2 I 25 B A i
T RUZ A AR D OC F AN P RRAE | BRI A SC 4

Hh AR fE &7 - e I AR R B H B0 S it
AU ANASC AT FH T F0I0 24 i 82 6 B A, ik S
— RTINS ) 2% b 45 A A 22 Fof 2
15 TOU N A5 A R it T R AIT i

S 3k :

[1] MARZBANRAD J, ALJANPOUR M, KIASAT M S. Design
and analysis of an automotive bumper beam in low-speed frontal
crashes[J]. Thin-Walled Structures. 2009, 47(8/9):902.

[2] BAIGES J, CODINA R, CASTANAR I, et al. A finite
element reduced - order model based on adaptive mesh
refinement and artificial neural networks [J]. International
Journal for Numerical Methods in Engineering. 2019, 121
(4):588.

[3] MOHAN AT, GAITONDE D V. A deep learning based
approach to reduced order modeling for turbulent flow control
using LSTM neural networks[J]. arXiv preprint, 2018, arXiv:
1804.09269.

[4] ROY A G, CONJETI S, KARRI S P K, et al. Rel.ayNet:
retinal layer and fluid segmentation of macular optical coherence
tomography using fully convolutional networks[J]. Biomed Opt
Express, 2017, 8(8):3627.

[5] HERATH S, HAPUTHANTHRI U. Topologically optimal
design and failure prediction using conditional generative
adversarial networks [J]. International Journal for Numerical
Methods in Engineering. 2021, 122(23) :6867.

[6] WANG L, SHI D, ZHANG B, et al. Real-time topology
optimization based on deep learning for moving morphable
components[J]. Automation in Construction. 2022, 142: 112.

[7] LIANG L, LIU M, MARTIN C, et al. A deep learning
approach to estimate stress distribution: a fast and accurate
surrogate of finite-element analysis [J]. J R Soc Interface,
2018, 15(138). DOI: 10.1098/rsif.2017.0844.

[8] ABUEIDDA D W, LU Q, KORIC S. Meshless physics -
informed deep learning method for three - dimensional solid
mechanics [J]. International Journal for Numerical Methods in
Engineering. 2021, 122(23):7182.

[9] TANDALE S B, MARKERT B, STOFFEL M. Intelligent
stiffness computation for plate and beam structures by neural
network enhanced finite element analysis [J]. International
Journal for Numerical Methods in Engineering. 2022, 123(17):
4001.

[10] CHEN H, NIE Z, XU Q, er al. Intelligent detection and
classification of surface defects on cold-rolled galvanized steel
strips using a data-driven faulty model with attention mechanism
[J]. Journal of Computing and Information Science in
Engineering, 2022, 23(4): 041001.

[11] XU W, WANG C, YUAN J. Impact performance of an
annular shaped charge designed by convolutional neural
networks[J . Thin-Walled Structures, 2021,160(35): 107241.



38 6 3 2 2 (A 28 B 2% ) o5 52 4%

[12] SHAMASS R, FERREIRA F PV, LIMBACHIYA V, ez al. graph-to-graph translation for molecular optimization[J]. arXiv
Web-post buckling prediction resistance of steel beams with preprint, 2028, arXiv: 1812.01070.
elliptically-based web openings using Artificial Neural Networks [27] YU B, YIN H T, ZHU Z X. Spatio-temporal graph
(ANN)[J]. Thin-Walled Structures, 2022, 180: 522. convolutional networks: a deep learning framework for traffic

[13] OMAR T, ESKANDARIAN A, BEDEWI N. Vehicle crash forecasting  [C]//Proceedings of the Twenty-Seventh
modelling using recurrent neural networks [J]. Mathematical International Joint Conference on Artificial Intelligence. 2018:
and Computer Modelling, 1998, 28(9): 31. 3634.

[14] VAN DE WEG B P, GREVE L, ANDRES M, ez a/. Neural [28] MAURIZI M, GAO C, BERTO F. Predicting stress, strain
network-based surrogate model for a bifurcating structural and deformation fields in materials and structures with graph
fracture response [J]. Engineering Fracture Mechanics, 2021, neural networks| J]. Scientific Reports, 2022, 12 (1).

241 (1). https://www. zhangqiaokeyan. com/journal-foreign-  [29] PFAFF T, FORTUNATO M, SANCHEZ-GONZALEZ A,
detail /0704028668404 .html. et al. Learning mesh-based simulation with graph networks[J].

[15] KOHAR C P, CONNOLLY D, LIUSKO T. et al. Using arXiv preprint, 2020, arXiv: 2010.03409.
artificial  intelligence to aid vehicle lightweighting in [30] WUF, JING XY, WELP F, e al. Semi-supervised multi-
crashworthiness  with aluminum [J]. MATEC Web of view graph convolutional networks with application to webpage
Conferences. 2020, 326(1): 01006. classification[ J]. Inform Sciences, 2022, 591:142.

[16] LANZIL, BISAGNI C, RICCI S. Neural network systems to [31] GORI M, MONFARDINI G, SCARSELLI F. A new model
reproduce crash behavior of structural components [J]. for learning in graph domains[ C]. Teee Ijcnn, 2005:729.
Computers &. Structures. 2004, 82(1):93. [32] HOCHREITER S, SCHMIDHUBER J. Long short-term

[17] GUO X X, LI W, IORIO F. Convolutional neural networks memory[J]. Neural Comput, 1997, 9(8):1735.
for steady flow approximation [C]// Proceedings of the 22nd [33] WUZH, PANSR, LONG G D, et al. Connecting the dots:
ACM SIGKDD International Conference on Knowledge multivariate time series forecasting with graph neural networks
Discovery and Data Mining. 2016: 481. https://www.kdd.org/ [C]//Proceedings of the 26th Acm Sigkdd International
kdd2016/papers/files/adp1175-guoA.pdf. Conference on Knowledge Discovery &. Data Mining.

[18] HE B, XU F, ZHANG D, et al. A convolutional neural 2020:753.
network-based recognition method of gear performance [34] NUGRAHA R D, HE K, LIU A, e al. Short-term cross-
degradation mode [J]. Journal of Computing and Information sectional time-series wear prediction by deep learning
Science in Engineering. 2022, 22(5) : 050902. approaches [J]. Journal of Computing and Information Science

[19] NIE Z G, JIANG H L, KARA L B. Stress field prediction in in Engineering, 2023, 23(2).
cantilevered structures using convolutional neural networks [J]. [35] BAROUTAJI A, SAJJIA M, OLABI A G. On the
J Comput Inf Sci Eng, 2020, 20. crashworthiness performance of thin-walled energy absorbers:

[20] GUOYL, WANGHY, HUQY, et al. Deep learning for 3d Recent advances and future developments [J]. Thin-Walled
point clouds: a survey [J]. leee T Pattern Anal, 2021, 43 Structures, 2017, 118:137.

(12). 4338. [36] C-NCAP. C-NCAP management regulation [EB/OL]. 2018.

[21] XIANG C, WANG D L, PAN'Y, et al. Accelerated topology https://cncap. obs. cn-north-4. myhuaweicloud. com/cms/
optimization design of 3D structures based on deep learning[J ]. picture/319721353147125760.pdf.

Struct Multidiscip O, 2022, 65(3). [37] YAO S, YAN K, LU S, ez al. Prediction and application of

[22] KOHAR C P, GREVE L, ELLER T K, ez al. A machine energy absorption characteristics of thin-walled circular tubes
learning framework for accelerating the design process using based on dimensional analysis [J]. Thin-Walled Structures,
CAE simulations: an application to finite element analysis in 2018, 130:505.
structural crashworthiness [J]. Computer Methods in Applied [38] SINGH K, KAPANIA R K. Accelerated optimization of
Mechanics and Engineering, 2021, 385. curvilinearly stiffened panels using deep learning [J]. Thin-

[23] RAO C, LIU Y. Three-dimensional convolutional neural Walled Structures, 2021, 161.
network (3D-CNN) for heterogeneous material homogenization [39] ZHANG Y, ZHU P, CHEN G L. Lightweight design of
[J]. arXiv preprint, 2020, arXiv: 2002.07600. automotive front side rail based on robust optimisation [J].

[24] LIU Z, TANG H, LIN Y, et al. Point-voxel CNN for Thin-Walled Structures, 2007, 45(7/8): 670.
efficient 3D deep learning [J]. arXiv preprint, 2019, arXiv: [40] ZHANG Y, XU X, SUN G Y, e al. Nondeterministic
1907.03739. optimization of tapered sandwich column for crashworthiness

[25] ZHOU J, CUI G, HU S, ef al. Graph neural networks: a [J]. Thin-Walled Structures, 2018, 122:193.
review of methods and applications[J]. AT Open, 2020, 1:57. [41] KINGMA D P, BA J. Adam: a method for stochastic

[26] JINW, YANG K, BARZILAY R, et al. 1.earning multimodal optimization [J]. arXiv preprint, 2014, arXiv: 1412.6980.



