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Research on metal crack propagation prediction based on digital twin technology
LEI Xianxi, ZHOU Hong, YANG Guang

(School of Air Transport, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In order to solve the problem of crack propagation prediction of metal materials and thus affect the online prediction of
material life, this paper proposes a method of metal crack propagation prediction based on digital twin field technology, in the
process of establishing digital twin model, the fracture mechanical crack propagation mechanism of metal materials is first analyzed,
and the fracture mechanics simulation model is established by ABAQUS software and based on the extended finite element method
(XFEM) , and the metal crack propagation parameters are used to model the abaqus secondary development process. To achieve the
data of the stress intensity factor of the crack tip in the evolution process over time in the state space of the simulation model, the
maximum circumferential stress criterion is used as the theoretical basis to predict the next time step crack propagation angle, and the
two ends of the Paris formula are deformed integrally, so as to derive the life prediction of the selected metal material crack
propagation model. Based on the simulation results of MATLAB software, the prediction of deep learning LSTM network is higher
than that of BP neural network, and the values of the three prediction evaluation indicators are relatively good, of which the mean
squared error ( MSE) , percentage error (MAPE) and R* are 2.343 5%, 0.337 8, 0.998 63 establishes a good premise for further
realizing the digital twin adaptive dynamic reduction prediction of metal crack propagation.

[ Key words] digital twins; ABAQUS; Secondary development; LSTM; predictive evaluation indicators
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Fig. 1 Flow chart of realization of metal crack growth prediction

based on digital twin
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Fig. 2 Crack propagation process
AR SONT 43 e TUS it 0 452 B 1] 75 51 1 7 0 R 4R
fi , B 0.05 A ] SRt Jon— vk, it 20 ¥,
ST S AR PR LAY | 7 38 FH A7 e
N9 GPa, N 3 Bz, BN N 45 I 5] A B e 57
2h0.05 sHYTHE 738 HIZA 20 UCHY 20 96 B UCEL, 1
i ABAQUS Ji 4k 3 v (%) it 8] A5 %% B Sy 2% £ 47 2R

368 FH 8 D62 & A / M Pa

0.1 02 03 0.4 05 0.6 0.7 0.8 0.9 1.0
A 7 51

B3 RS e A 1)

Fig. 3 Time point at which the static characteristic load is applied
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Fig. 9 LSTM network sample regression analysis diagram
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