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Method for Plate Crack Damage Detection Based on
Long Short-Term Memory Neural Network
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Abstract: Aimed at the problem of intelligent classification of crack damage in different positions of the
plate, a method for plate crack damage detection based on long short-term memory (LSTM) neural
network is proposed. The Abaqus secondary development is used to build the plate crack damage model
and calculate the acceleration response of the plate under Gaussian white noise excitation. The data set is
generated by data augmentation, and the influence of noise on damage detection is considered. An
intelligent crack detection model based on LSTM is established, which directly takes the acceleration
response of the plate as the input and does not require additional damage feature extraction. With the goal
of minimizing prediction error, the hyperparameter of the model is selected and the model configuration is
optimized. The comparison of the multi-layer perceptron model and the multi-layer perceptron model based
on wavelet packet transform shows that the LSTM model proposed in this paper has a higher damage
location accuracy and a better applicability in plate crack detection.
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