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Fig.1 Schematic configuration of PZT sensor network
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A Deep-Learning-Based Method For Damage Identification of Composite Laminates

Yang Yu', Wang Binwen', Lyu Shuaishuai', Zhou Yuxi?, Wang Li', Liu Guogiang'
1. Aircraft Strength Research Institute of China, Xi’an 710065, China

2. Peking University, Beijing 100871, China

Abstract: Carbon fiber reinforced Plastic (CFRP) laminates have been widely used in aircraft primary structures.
However, delamination, one most common damaging pattern in CFRP, could deteriorate its mechanical properties
considerably. Guided wave is employed for damage detection,and the core challenge is to quantify the damage index
through comparing baseline and monitoring signals. This process is highly expertise-dependent,and the threshold of
damage index varies from case to case. Therefore, a deep learning method called temporal distributed convolutional
neural network (TDCNN) is proposed,which partly addresses the issue of deep-learning application in structural health
monitoring,such as inadequate data samples, severe class skewness, and non-uniform data length. Moreover, LSTM
module is innovatively used in this model to relate signal features over a chain of data fragments. TDCNN could dig
damage features more effectively from original signals, and is less expertise-dependent. Through validation, this
method proves to be efficient with a high accuracy.
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