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An improved ResUNet network for segmentation of
oral graft bone regions in CBCT images
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Abstract: The automatic segmentation of bone regions for oral grafts has important clinical significance in computer — aided
diagnosis. Aiming at the characteristics of different sizes, different shapes, and imbalance of positive and negative samples of oral
bone grafts, an improved ResUNet is proposed to realize automatic segmentation of oral bone grafts. The algorithm designs a novel
channel-sensitive attention to capture the interdependence among all channel feature maps. Furthermore, spatial attention is used to
focus on the regions of interest on these channel features to improve the accuracy of bone region segmentation for oral implants. The
final experiment shows that the performance of the studied algorithm is better than the current mainstream methods of medical image
segmentation in the task of automatic segmentation of oral bone transplantation.
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Table 1 Results of different loss functions of mixed combination

R PREL recall precision
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Table 2 Segmentation accuracy of different models in the dental

implant bone dataset

A MioU 1 Dsc 1 ASD |
UNet(2015) 0.809 2 0.876 4 0.644 6
UNet++(2018) 0.8317 0.890 7 0.745 5
ResUNet(2017) 0.814 8 0.887 1 0.574 4
Axial-DeepLab ( 2020) 0.837 2 0.905 8 0.563 7
MedT (2021) 0.826 8 0.903 1 0.629 5
UNext (2022) [0 0.849 2 0.912 8 0.489 0
ResATUNet 0.8713 0.9351 0.473 1
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Table 3 Control variables to verify model performance

Ay MioU 1 DSC 1 ASD |

ResUNet 0.814 8 0.887 1 0.574 4

ResUNet+ Mutti-SFM 0.821 4 0.893 8 0.586 2
ResUNet+Axial -Transformer 0.853 2 0.916 9 0.598 1
ResUNet+Axial=Transformer+DIM ~ 0.865 1 0.927 4 0.480 1
ResAT-UNet 0.8713 0.9351 04731
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Fig. 4 Visualization of segmentation results of different models
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