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Visual explanations for dental formula classification using deep learning

Youichi Maruyama ", Rika Yamashita **, Masako Yoshimatsu "
*1 Department of Medical Informatics, Nagasaki University Hospital,
*2 Department of Perioperative Oral Management, Nagasaki University Hospital

In forensic dentistry, it has been recognized that intraoral dental information has been effective for individual
identification to an unidentified person at large-scale disaster, and it is desired to realize some efficient methods of
acquiring dental information for the database construction of dental information. In this study, using deep learning for
intraoral images, visual explanations for automatic teeth detection and classification were investigated using maxillary
dental arch images. Deep learning of dental information recognition for maxillary dental arch was achieved with Single
Shot Multibox Detector (SSD512, 512x512) model. Keras for the neural network library and TensorFlow for the
backend framework were used for teeth detection and classification, and Grad-CAM was used for visual explanations
of localized important regions to SSD512 model. The result was that localized important regions of teeth detection and
classification were recognized anatomical teeth features.

Keywords: Dental information, Deep learning, Personal identification, Grad-CAM, Dental chart
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