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Table 4 Model training parameters
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Fig. 10 Degradation rate predictions in training
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Fig. 11  Prediction of the a-N curve of the test piece
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Fig. 12 Degradation rate prediction results
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Fig. 13 Predictions of T6 crack length propagation
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Fig. 14 PINN iterative predictions and physical model
predictions starting at 10,009 cycles
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Fig. 15 PINN iterative predictions and physical model
predictions starting at 22,510 cycles
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Fig. 16 PINN iterative predictions and physical model
predictions starting at 30,020 cycles
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Table 5 Comparison between PINN and physical model
predictions
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useful life prediction and optimal maintenance time deter-

Research on structural life prediction based on physics-informed neural network

XU Yunfei', PENG Chang"’, WANG Guangjun'

(1. CRRC Qingdao Sifang Co., Ltd., Qingdao, Shandong 266111, China; 2. Key Laboratory of Railway Industry
for Operational Active Safety Assurance and Risk Prevention and Control, Beijing 100044, China)

Abstract: High-speed trains are an important mode of modern transportation, and the integrity and safety of their structural material
are critical to train operation and passenger safety. Subjected to long-term train operation and dynamic changes in external environments,
these structural materials are prone to various damage modes, with fatigue cracks among the most common. Therefore, developing an effi-
cient and accurate structural health monitoring approach holds great significance for preventing train accidents and extending equipment
service life. This paper focuses on damage monitoring and life prediction for structural materials by proposing a structural life prediction
method based on a physics-informed neural network (PINN) to address the limited interpretability of traditional deep learning methods.
Firstly, an observation model for fatigue crack propagation was constructed by analyzing Lamb wave signals and combining a normalized
energy damage factor. This model allowed for effective quantitative characterization of crack damage. Secondly, a physics-based empiri-
cal degradation model was established by combining observation data with the Paris formula, and was then integrated into PINN, to ulti-
mately establish a highly interpretable structural life prediction model. The proposed model not only overcomes the "blackbox" limita-
tions of traditional neural network models but also significantly improves prediction accuracy and credibility by leveraging physics-in-
formed constraints. Experimental results show that the PINN model performs excellently in fatigue crack propagation monitoring and re-
maining life prediction for structural materials, providing new insights and methods in the field of structural health monitoring.

Keywords: physics-informed neural network; Lamb waves; structural health monitoring; remaining life prediction; high-speed

train; artificial intelligence; neural network
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