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Abstract

Composite structure detection technology has been exploring the efficient and fast damage detec-
tion technology. In this paper, an image-based NDT technique is proposed to detect composite ma-
terial damage by deep learning. A dataset containing damaged and non-damaged composite lami-
nate images was established through the network and literature data. Then three convolutional
neural network models AlexNet, VGG and ResNet were used to automatically classify the damage
conditions. Finally, the performance of three pre-trained network architectures is evaluated. The
results show that AlexNet technology can successfully detect damage within a reasonable calcula-
tion time using a relatively small image dataset, with the highest test accuracy and low complexity.
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Figure 1. Picture of partial composite laminates
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Figure 2. The result of the image augmentation
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Figure 3. Residual block image
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Table 1. The experimental results of the test set
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Figure 4. Confusion matrix diagram for different networks
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Figure 5. Iteration curves of each model
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