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SA-UNet neural network for oral grafted bone segmentation
XU Changpeng, ZHAO Yu, DING Derui

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: In dental implant treatment, oral grafted bone segmentation has important value for assisting doctors in diagnosis. Oral
CBCT images have many features such as low contrast and blurred edges of bone and restrict the application of the segmentation
networks. Taking U-Net as the benchmark network, an improved SA-UNet model is proposed by designing a novel lightweight
Sharp— Attention module. Specifically, in the Sharp module, the depthwise convolution with a sharpening convolution kernel
enhances feature details by sharpening shallow features. The CBAM improves the model ‘s attention to the low-level information.
Furthermore, a novel joint loss function is adopted to alleviate the imbalance of the samples. Finally, the effectiveness of the model
is validated on the dataset. In terms of complexity, compared with U-Net, the segmentation accuracy has been effectively improved
with almost no increase in computational overhead ; compared with state—of—the—arts, the best performance is achieved on loU, Dice
coefficient and Hausdorff distance, with scores reaching 0.866 5, 0.926 2, and 0.509 2.
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Tab. 1  The performance of network with different improved
strategies
Model Sharp CBAM  FL HD DSC  HD/ mm
U-Net 0.905 6 0.697 4
U-Net w/
vV 0.918 8 0.6114
CBAM
U-Net w/
vV 0.920 1 0.602 0
Sharp

U-Net w/ FL +

Vv V. 09110 0.5425
HD Loss
SA-UNet w/
Vv Vv 0.923 6 0.566 3
o Loss
SA-UNet w/
Vv Vv 0.9262 0.5247
o HD Loss

SA-UNet VvV Vv vV Vv
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DSC Recall . Precision 5 Hausdorff B934 5 100
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Tab. 2 Performance comparison of different network modules

Model IoU DSC Recall  Precision HD/ mm
U—-Net 0.8310 09056 0.9357 0.8824 0.6947
U-Net++ 0.8480 09104 09481 0.8828 0.6419
DeepLabv3 0.7647 0.8522 0.8878 0.8202 0.8542
Attention U-Net 0.863 0 0.9242 09593 08970 0.5535
ResUNet 0.8613 09218 09622 0.8930 0.5979
SA-UNet 08665 09262 09614 0.8953 0.5092
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Tab. 3 Model parameters

Model name Params/ M Flops/ G
U-Net 7.76 8.80
U—-Net++ 9.04 26.85
Attention U—Net 7.85 10.73
DeepLabv3 26.00 20.80
ResUNet 13.04 50.10
SA-UNet 7.79 9.20
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Fig. 4 Segmentation results of CBCT images from different

patients
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