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Study on the application of deep learning technology in stomatology
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Abstract ;

Due to its strong ability of feature extraction and learning, deep learning has been proven to have significant potential in

the field of artificial intelligence. We in this paper review the general concept of this technology and its application in various fields of
stomatology , including image preprocessing, auxiliary diagnosis and treatment and postoperative evaluation, and explore the new direc-
tion of stomatology reform under the support of deep learning. By combining advanced algorithms and expert experience, deep learning

is expected to solve challenging problems in clinical stomatology, offer clinicians intelligent auxiliary plan and support and provide new

ideas for personalized diagnosis and treatment of oral diseases.
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