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Real-Time Deep Model for Intraoral Scanner Image Segmentation
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ABSTRACT

Recently, the use of intraoral scanners for creating three-dimensional models of teeth has been increasing in
dental practices. These scanners reconstruct 3D models using multiple 2D images obtained through scanning. In
this process, segmentation is used to remove unnecessary objects such as fingers and tongues from the
reconstruction. Real-time visualization is crucial for achieving the accuracy of the model construction; thus, the
time given to the segmentation process is limited. Previous studies on real-time segmentation have achieved
real-time requirements by reducing the number of convolutions using a branch structure while minimizing the
decrease in accuracy. In this study, we propose the IntraOralScanner Network (IOSNet), a model that reduces
branch structure dependency to decrease inference time. We improved the remaining branches’ layers to
enhance speed and maintain accuracy, achieving a 62.2% increase in inference speed (compared to NVIDIA
GTX 1060) and only a 2.7% decrease in accuracy, as measured by mloU, compared to the existing real-time
model PIDNet-small. We achieved the segmentation time goal required for commercial scanner product release,

e., 10ms (on the same GPU) and 30 FPS.
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Fig. 1. Dental models generated by an intraoral scanner. (a) Before segmen- tation. (b) After segmentation.
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rsel:i];tls - 32.04 3M 526
PP-LiteSeg Tl - 26.89 SM 311
PIDNet-small  15.9 3.56 772M 313
PIDNet-tiny  14.6 191 35M 143
PIDNetnano 137 0.40 133M 54
IOSNet (ours) 9.8 2.15 9.76M  39.6
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Table 4. Comparison of accuracy for real-time
segmentation models.
Model mloU
SFNet-resnet18 0.8799
PP-LiteSeg-T1 0.8759
PIDNet-small 0.9554
PIDNet-tiny 0.9454
PIDNet-nano 0.9359
IOSNet (ours) 0.9296
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