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Fig.2 Visualization of simulated damage features and real

damage features
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Table 1 Data distribution of real guided wave features
and simulated guided wave features
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Table 3 Result of machine learning models on test dataset
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Abstract: The damage diagnosis method based on guided wave has a good engineering application prospect in the
field of aeronautical structural health monitoring. However, due to the complexity of structure form and the
determination of the structural damage identification threshold based on expert knowledge, it still faces great
challenges in improving the accuracy and reliability of damage diagnosis. Artificial intelligence method can reduce the
dependence on prior knowledge, but it requires a lot of data, which cannot be borne in practical engineering.
Therefore, this paper proposes an approach of using simulated physical damage to generate a large amount of data,
and then combining a small amount of real damage data for structural damage identification. Based on the transfer
learning algorithm, this paper design a structural damage identification model PRED_RF which is suitable for practical
engineering application. The experimental result shows that, with limited amount of data, the PRED_RF model is
significantly better than other traditional machine learning and deep learning models in terms of structural damage
identification accuracy, and accuracy reaches 94.48% on test dataset.
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