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Tooth classification on dental cone-beam CT using deep convolutional neural network

Chisako MURAMATSU

Department of Intelligent Image Information, Graduate School of Medicine, Gifu University
1-1 Yanagido, Gifu, 501-1194, Japan
(Received on January 6, 2017. In final form on March 7, 2017)

Abstract : Forensic identification using dental records is one of the efficient methods in large-scale disasters. In order to

facilitate record filing process and to alleviate mental burden of dentists who are generally not used to observing corpses,

we are investigating an automated dental record filing method. This paper introduces our recent study on automated

classification of tooth types using a deep convolutional neural network.
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