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[Abstract] In the information age with the rapid development of computer algorithms, the application of deep learning
has received extensive attention in various fields. As one of the most typical network structures in deep learning, a convo-
lutional neural network has outstanding learning ability and great adaptability and plays an important role especially in
image recognition and processing. Meanwhile, in the development of endodontics, the application of convolutional neural
networks has become increasingly common, such as in assisting doctors in the analysis, diagnosis, treatment, and progno-
sis evaluation of caries and periapical diseases. Such networks have contributed to alleviating the shortage of medical re-
sources and promoting the development of endodontics. This paper mainly summarizes the application of convolutional
neural networks in endodontics and looks forward to its future.
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Fig 1 The specific structure of the ResNet model to accomplish the image classification task
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Fig 2 Schematic application of CNN model in caries diagnosis
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