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ABSTRACT 
 
This paper presents a comprehensive method for tooth 
crack segmentation on dental Micro Computed 
Tomography (Micro CT)-scan images, adapting a 
Convolutional-Transformer Network for Crack 
Segmentation with Boundary Awareness proposed by 
Tao et al. [1]. Our approach encompasses data 
preparation, model modification, training, program 
development, and crack location extraction. Our model 
was trained and evaluated on a dataset of 850 annotated 
Micro 
potential to significantly enhance diagnostic accuracy 
and efficiency in clinical settings, providing a valuable 
tool for dental professionals. Future work will focus on 
improving the model's robustness and real-time 
integration capabilities. 
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Network, Boundary Awareness, Model Training, Image 
Processing, IPPR, CVGIP 2024. 
 

1. INTRODUCTION 
 

Vertical root fractures (VRFs) represent a critical and 
often challenging aspect of dental pathology, 
characterized by longitudinal cracks that extend along the 
length of a tooth's root. These fractures are significant not 
only due to their potential to compromise the structural 
integrity of the tooth but also because of the complex 
diagnostic and treatment challenges they pose. VRFs can 
arise from various etiological factors, including traumatic 
injuries, excessive forces during endodontic procedures, 
and prolonged occlusal stress. Despite their relatively 
low prevalence, the impact of VRFs on dental health is 
profound, often necessitating tooth extraction due to the 

difficulty in achieving successful restorative outcomes 
[2][3]. 
The clinical presentation of VRFs is often insidious, with 
symptoms such as pain on biting, sensitivity to thermal 
changes, and localized swelling being easily mistaken for 
other dental conditions. This symptomatology, coupled 
with the subtle radiographic signs, makes early diagnosis 
of VRFs particularly challenging. In addition to 
removing the affected tooth, a treatment method using 
mineral trioxide aggregate (MTA), a dental repair 
material, to fill the cracks achieved a 94.3% survival rate 
in 52 patients [4]. In addition, there are many new 
treatment methods for VRFs [5][6][7], which also require 
accurate identification of their location. Therefore, 
identifying the location of VRFs is crucial. Advanced 
imaging techniques, such as Cone Beam Computed 
Tomography (CBCT), have therefore become invaluable 
tools in the identification and management of these 
fractures [8]. 
Tooth crack segmentation is essential for precise dental 
diagnostics and treatment planning. Automatic crack 
detection on dental CT-scan images can significantly 
streamline this process, enabling clinicians to make 
informed decisions. Dental professionals often rely on 
visual inspection and manual examination to identify 
cracks, which can be time-consuming and subject to 
human error. This challenge underscores the need for 
automated systems that can enhance diagnostic accuracy 
and efficiency. 
Recent advancements in deep learning and medical 
imaging have paved the way for sophisticated models 
capable of handling complex segmentation tasks. 
Convolutional Neural Networks (CNNs) and 
Transformer architectures have emerged as powerful 
tools in this domain, offering the potential to significantly 
improve the accuracy and reliability of image-based 
diagnostics. In this context, our work focuses on adapting 
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MobileViT Block. Figure 1 provides an overview of the 
proposed model. 
Dilated Residual Block (DRB): The DRB captures local 
details of cracks through dilated convolutions, enhancing 
segmentation accuracy for fine-grained features typical 
of dental cracks. 
Boundary Awareness Module (BAM): The BAM focuses 
on learning boundary features from dilated crack labels, 
which is particularly useful in dental images where the 
contrast between the crack and the surrounding tooth 
material may be subtle. 
MobileViT Block: The MobileViT Block encodes global 
contextual information with fewer parameters, aiding in 
accurate segmentation across varying dental images. 
 
2.3.Model Training 
 
The model was trained using the prepared dataset with 
several adjustments to enhance performance: 
Training Parameters: The model was trained with a 
learning rate of 0.001, a batch size of 2, and for a total of 
100 epochs. We utilized the Adam optimizer, and early 
stopping was implemented based on the validation loss to 
prevent overfitting. 
Data Augmentation: To improve the model's robustness, 
data augmentation techniques such as rotation, flipping, 
scaling, and contrast adjustment were applied to the 
training data. This helped the model generalize better to 
unseen data. 
Loss Function: To address the class imbalance in the 
dataset, we employed a combination of weighted binary 
cross-entropy and dice loss. The weights for the binary 
cross-entropy were adjusted to emphasize the minority 
class (crack pixels), ensuring the model focuses 
adequately on crack features. 
 
2.4. Crack Location Extraction   

 
The trained model was used to predict crack locations on 
unseen dental CT-scan images. We evaluated the model's 
performance on a separate test set by compared the 
predictions with ground truth annotations. Post-
processing techniques, such as morphological operations, 
were applied to refine the segmentation output. 
 
2.5. Experimental Setup 
 
Datasets: The model was trained and evaluated on a 
dataset of annotated dental images, including 850 CT 
images of cracked teeth. 
Training Details: The network was trained using the  
Adam optimizer with a learning rate of 1×10 4 and a 
batch size of 2 over 100 epochs. Early stopping and 
model check-pointing were employed to prevent 
overfitting 
Evaluation Metrics: Precision, recall, and F1-score were 
used to evaluate the model's performance.  
 

3. RESULTS 

 
Figure 2 illustrates sample predictions generated by the 
model. The model outputs a value between 0 and 1 for 
each pixel, representing the likelihood of that pixel being 
a crack. The model prediction in Figure 2 displays the 
model's output as grayscale values ranging from 0 to 255, 
corresponding to the range [0,1]. For the model's output, 
we can choose different thresholds to serve as the criteria 
for identifying cracks.  
Figure 3 illustrates the variation in predicted results when 
using different thresholds (ranging from left to right: 0, 
0.4, 0.9). 
With a low threshold, the model's predictions cover most 
of the crack locations. However, since the predicted crack 
width is broader than the ground truth, and some non-
crack part are included, the precision performance is 
suboptimal.  
Figure 4 illustrates the comparison between model 
predictions and ground truth under three different 
thresholds (0, 0.4, 0.9). The highlighted areas are true 
positive (white), false positives (red), false negatives 
(blue), and true negative (black). 
To assess the efficacy of our tooth crack segmentation 
model, we conducted a rigorous performance evaluation 
using various metrics at different threshold levels. Table 
1 summarizes the precision, recall, and F1 score achieved 
at different threshold values, which illustrates model 
performance under different thresholds. 
The precision, recall, and F1 score serve as crucial 
indicators of the model's ability to accurately identify 
tooth cracks across varying thresholds. Precision 
measures the proportion of true positive predictions 
among all positive predictions, indicating the model's 
ability to minimize false positives. Recall, on the other 
hand, calculates the proportion of true positives identified 
correctly, indicating the model's capacity to capture all 
actual positives. Lastly, the F1 score, the harmonic mean 
of precision and recall, provides a balanced measure that 
considers both false positives and false negatives. 
 
Table 1. Prediction scores with different thresholds. 
Threshold    
0.1 0.5956 0.9234 0.7241 
0.2 0.6492 0.8942 0.7523 
0.3 0.6925 0.8558 0.7655 
0.4 0.7231 0.8212 0.769 
0.5 0.7492 0.7688 0.7589 
0.6 0.7676 0.6988 0.7316 
0.7 0.7846 0.6488 0.7102 
0.8 0.8038 0.5835 0.6762 
0.9 0.8115 0.4856 0.6076 
 
At lower thresholds (0.1 to 0.3), the model exhibited 
relatively high recall values, indicating its proficiency in 
identifying a substantial proportion of true tooth crack 
pixels. However, precision was comparatively lower at 
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4. CONCLUSION 

 
In conclusion, we have developed and evaluated a 
Convolutional-Transformer Network for the 
segmentation of tooth cracks in dental Micro CT-scan 
images. The model shows significant potential in aiding 
dental professionals by providing accurate and reliable 
crack segmentation. 
The developed model has several potential applications 
in dental practice, including assisting in the diagnosis of 
other dental conditions that require detailed imaging 
analysis.  
Image-based intelligent auxiliary diagnosis could emerge 
as a leading approach in clinical applications. While 
image processing is not extensively employed in 
diagnosing cracked teeth presently, there's promising 
potential for AI-driven diagnostic methods to play a 
significant role in dental diagnosis. Unlike conventional 
imaging methods rely on human effort, AI offers safer, 
more precise, and efficient imaging solutions. However, 
several technical issues may still exist in AI-based 
detection, such as heavy computational cost, issues of 
selecting optimal parameters, and pre-processing of the 
training datasets. 
Future research can 
robustness and generalizability. This includes training on 
larger and more diverse datasets to capture a wider range 
of dental anomalies. We once trained a model using 
approximately 300 Micro CT images, and its 
performance was noticeably inferior to the results 
obtained from training with the current dataset of 850 
images. Therefore, increasing the training data is also a 
crucial aspect. Additionally, exploring advanced post-
processing techniques, such as refining segmentation 
outputs with morphological operations, might further 
improve accuracy. Integrating real-time processing 
capabilities will also be a priority to facilitate seamless 
clinical integration. 
We hope that this study will inspire further research on 
crack segmentation in tooth CT images and other 
medical application.  
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