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Recognition of tooth and tartar using artificial neural network

Sa Ron Park

Department of Artificial Intelligence Convergence, The Graduate School,

Pukyong National University

Abstract

Due to the development of information technology and artificial intelligence technology,
various attempts are being made to graft artificial intelligence into healthcare. Among
them, research in the field of tooth recognition using artificial intelligence is also active,
but most of them are studies on a deep learning model that assists in treatment by
judging tooth numbers, and the health status of teeth is unknown. This study proposes a
tooth recognition and dental health judgment model that can know the health of teeth.
First, a method for learning the optimal tooth recognition and dental health judgment
model was studied by comparing a model directly designed with a Convolutional Neural
Network (CNN) and a model obtained by transfer learning of a ResNet model. In addition,
the study was conducted in the direction of confirming the change in model performance
according to the layer depth of the ResNet transfer learning model and the improvement
of the performance of the deep learning model through data augmentation. As a result, it
was confirmed that the CNN model directly designed from the tooth recognition model
performed better with 0.00010 Loss and the ResNet transfer learning model with 0.00022
Loss. And in the dental health judgment model, it was confirmed that the performance of
the model improved as the layer of the ResNet model became deeper, and it was
confirmed that the data augmentation performed best when the original data was divided

into 20 equal parts and the brightness augmentation was formed.

_Vi_



In addition, since the CNN model designed directly from the dental health judgment model
has an accuracy of 87.45% and the ResNet transfer learning model has an accuracy of
91.9%, it is confirmed that the performance of the ResNet transfer learning model is
better. And the learned tooth recognition model and health judgment model loaded the
learned model file on the cloud server and studied how the user accesses the model
through a web page. At this time, as a result of verifying the model trained using the
above method with 20 test images, the average of 90.42 points for healthy tooth data,
57.99 points for data including edited calculus among data similar to the training data, and
the average of 96.21 points for celebrity dental data, 77.23 points for data that included
actual calculus not similar to the training data, indicating oral health scores. This means
that the dental health model found the intended level of dental health score in this study.
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[17] 2017  Panoramic 100 AlexNet Acc 94.32
[18] 2018 Periapical 1000 VGG16 Pre 95.8
[19] 2019 Periapical 1250 ResNet Pre 90
[20] 2018  Panoramic 1574 VGG16 Pre 0.9945
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