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Methods AP50 OIR mIOU
Faster R-CNN 3D 69.08 0.781 0.545
Stacked Hourglass 3D 72.73 0.822 0.587
CenterNet 3D 81.82 0.847 0.695
Ours 90.91 0.966 0.704
Ours w/ margin N/A 0.99 N/A

7 41 Ao} &7 AF A

A 2 dFollA At UEHIE 7]E9] 24 "A #2°F % keypoint
estimation ZoFol A 7P Wo] AFRET Q)= Hed R EE<Ql Faster R-CNN,
Stacked Hourglass Network, CenterNet¥} H] W5} 21885}t Al 2E % 7]
250 21 9D o]u] 4] oA e A o] Yol 3702 HApstod
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Methods Precision Recall
Faster R-CNN 3D 0.806 0.731
Stacked Hourglass 3D 0.853 0.826
CenterNet 3D 0.891 0.883
Ours 0.932 0.919
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Abstract

Individual tooth segmentation and identification from cone beam computed
tomography images are preoperative prerequisites for orthodontic treatments.
Recent studies that involve convolutional neural networks for instance segmen-
tation, typically preceded by object detection and classification, show ground-
breaking performances on different medical image domains. While point-based
detection frameworks show significant outcomes on dental images, distinguish-
ing adjacent teeth remains challenged due to their similar topology. In this
study, we propose a point-based tooth localization network by introducing
Gaussian Disentanglement loss. The proposed network first performs heatmap
regression accompanied by box size regression for all anatomical teeth. A novel
Gaussian Disentanglement penalty is employed by minimizing the sum of pixel-
wise multiplication of heatmaps for all adjacent tooth pairs. Subsequently, in-
dividual tooth segmentation is applied by converting pixel-wise labeling task
to distance map regression task in order to minimize false positives on adja-
cent teeth. The experimental results demonstrate that the proposed algorithm
outperforms state-of-the-art approaches by increasing the average precision of
detection by 9.1%, consequently leading to high performance of individual tooth

segmentation.

Keywords: Object detection, Dental C'T, Tooth segmentation
Student Number: 2019-27115
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