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[Abstract] Dental caries have a high incidence rate, and timely diagnosis forms the basis for clinical treatment. With the
breakthroughs of deep learning technology in the field of natural image processing, deep learning methods for automatic
diagnosis of dental caries by utilizing oral medical images have garnered significant attention. These deep learning-based
diagnostic approaches for dental caries have made strides in three primary tasks: identification, detection, and segmenta-
tion of caries. This paper provides an overview and comparative analysis with multiple perspectives of deep learning
methodologies applied to these tasks, delves into the datasets utilized for caries diagnosis, and points out the challenges
faced, all with the aim of facilitating intelligent diagnosis of dental caries.
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