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Tooth segmentation network for low-dose CT
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Abstract: Objective The field of dentistry can be developed and improved with the mutual penetration and integration of
computer technology and modern dentistry. Cone beam computed tomography (CBCT) has become one of the most com-
monly used medical imaging techniques in dental diagnoses and treatments. CBCT has the advantages of low radiation dos-
age, simple operation, and low cost. However, the noise and artifacts of CBCT are more intense than those of conventional
CT, and fuzzy tooth boundaries will affect doctors”’ diagnoses and subsequent treatments. In oral diagnoses and treatments,,
doctors usually need to manually segment the tooth model in CBCT to formulate subsequent treatment plans. However, this

method is time-consuming and labor-intensive, and the segmentation results of the teeth are also significantly affected by
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doctors’ subjective factors. In addition, the existing network method often fails to achieve the expected results. The seg-
mentation network based on deep learning also relatively exists in the segmentation accuracy and other performance after
network segmentation to improve gradient explosion, overfitting, and over-expression. Limitations include gradient explo-
sion, overfitting, and the inability to focus on global image information. Therefore, people have been working to find a den-
tal segmentation method with high automation and high accuracy. To address this problem, a dental segmentation model
called multi scale feature extraction module and coordinate attention (CA) mechanism network (MF-CA Net) is proposed,
which uses a series of innovative methods to improve the accuracy and robustness of dental segmentation. Method The MF-
CA Net network uses the multi-scale feature extraction module (MFEM) to extract features at different scales of images and
utilizes the CA attention mechanism that is currently excelling in improving network performance. MFEM uses four differ-
ent convolution kernels for convolution, enabling the extraction of multi-scale features and facilitating the network to learn
markedly robust representations. Meanwhile, dilation convolution uses four dilation rates to further increase the receptive
field, enabling the network to obtain significantly detailed information and refine important features. The CA attention
mechanism calculates the spatial and channel attention weights in the input feature maps. It adaptively weights the feature
map, emphasizing more representative local structures and global contextual information. By embedding positional informa-
tion into the channel attention, the CA mechanism assists the network in accurately localizing and identifying the objects of
interest. These modules enable the network to accurately determine the tooth region of interest and extract extensive and
dense multi-scale feature information to effectively guide the segmentation task. For tooth root segmentation, these modules
can significantly improve the accuracy of segmentation. To further improve the performance of the segmentation algorithm,
the MF-CA Net network model also uses structural similarity to construct the boundary loss function. Moreover, the algo-
rithm uses a combination of the Dice, binary cross-entropy, and structural similarity (SSIM) loss functions as final loss
function. The Dice loss function is used to compute the similarity between two sets of images, whereas the cross-entropy
loss function is used to predict the segmentation result and pixels corresponding to the real segmentation result. This loss
function integrates tooth edge segmentation in three directions, namely, pixel, local, and global levels, to improve the
accuracy and robustness of the algorithm. Result To more accurately evaluate the performance of the proposed model in
tooth segmentation, Dice similarity coefficient, mean intersection to merger ratio (mloU) , accuracy, recall, precision,
and F2 score are used as evaluation metrics. This study compares the MF-CA Net model and six mainstream methods on the
dataset. Experimental results show that the MF-CA Net model has significant improvement in most of the evaluation metrics
compared with other segmentation methods. Although MF-CA Net is slightly lower than DeeplabV3+ in accuracy metrics,
it achieves a high score of 0. 949 5 in the Dice evaluation metrics, which is an improvement of 4% compared with PyConvU-
Net, about 4% compared with DeeplabV3+, and about 16% compared with U-Net. In addition, the mloU metric improves
from 3% to nearly 11%. Precision value reaches 0. 942 1, which is a 7% improvement compared with UNET++. The recall
metric reaches 0. 968 7, which is an 8% improvement compared with the UNET network. Lastly, the F2 metric reaches
0.954 3, which is a 5% improvement compared with the Res-UNet value. Results fully demonstrate the superiority of the
MF-CA network model in tooth segmentation. Conclusion The proposed MF-CA network model successfully solves the diffi-
cult problem of tooth segmentation in CBCT images by introducing a multiscale feature extraction module, an attention
mechanism, and a hybrid loss function. Many experimental results verify the proposed model’ s superiority in accurate
tooth segmentation. Lastly, the proposed model is expected to be widely used in dental diagnoses and treatments, which is
significant in oral diagnoses and treatments.

Key words: deep learning; cone beam computed tomography (CBCT) ; tooth segmentation; attention mechanism; multi-

scale information; loss function; segmentation accuracy
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Fig. 3 Structure of multi-scale feature extraction module
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Table 2 Performance comparison between MF-CA Net and existing segmentation methods

TR Dice mloU precision recall accuracy F2
U-Net 0.792 8 0.791 4 0.873 2 0.882 6 09112 0.901 4
Res-UNet 0.8325 0.846 5 0.897 4 0.9250 0.982 5 0.884 6
UNet++ 0.8137 0.803 9 0.866 9 0.907 2 0.9797 0.905 7
DenseASPP 0.844 4 0.839 2 0.902 8 0.9315 0.9799 0.921 1
DeeplabV3+ 0.9103 0.863 4 0.8950 0.9277 0.990 7 0.9533
PyConvU-Net 0.908 7 0.869 0 0.907 2 09149 0.984 9 0.9419
MF-CA Net(4<30) 0.949 5 0.899 7 0.9421 0.968 7 0.990 4 0.954 3
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Fig. 5 Segmentation results of different methods on CBCT
((a)CBCT images; (b)ground truth; (¢)U-Net; (d)DeeplabV3+; (e)PyConvU-Net; (f)MF-CA Net)
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Table 3 Experimental results of network module ablation

TR Dice mloU precision recall accuracy F2
MFEB{1}+L,,. 0.739 3 0.642 4 0.702 3 0.890 1 0.928 9 0.864 3
MFEB{4}+L,,. 0.901 1 0.807 6 0.816 5 0.9213 0.9599 0.884 8
MFEB{4}+CBAM+L 0.907 6 0.809 9 0.837 1 0.944 3 0.972 1 0.903 9
MFEB{4}+CA+Ly, (A 30) 0.949 5 0.899 7 0.942 1 0.968 7 0.990 4 0.954 3

T L P SRR % 8 B A2 2R

R4 MEARHHEMIBER

Table 4 Experimental results of loss function ablation

fi% Dice mloU precision recall accuracy F2
MFEB{4}+CA+L,, 0.866 4 0.795 8 0.803 2 0.901 7 0.933 1 0.8875
MFEB{4}+CA+L,, 0.901 3 0.830 9 0.8816 0.9223 0.988 3 0.903 6
MFEB{4}+CA+L,, (4 3) 0.949 5 0.899 7 0.942 1 0.968 7 0.990 4 0.954 3
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Fig. 6 Segmentation results of the network model with different module settings

((a)CBCT image; (b)ground truth; (¢ )MFEM { 1{+ Ly ; (A)MFEM {4+ Ly ; (e)MFEM {4 | +CBAM+ Ly, ; (f)ours)
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