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Abstract 

Periodontitis is a major cause of tooth loss, and its assessment from panoramic radiographs remains subjective. 

This study proposes an integrated framework for automatic tooth numbering and periodontal bone loss severity 

assessment using a residual U-Net architecture. The framework performs cemento-enamel junction (CEJ) 

segmentation, alveolar bone crest (ABC) segmentation, and tooth numbering based on the Fédération Dentaire 

Internationale (FDI) system. It estimates tooth long-axis using an oriented bounding box (OBB) for anatomically 

consistent bone loss measurement. Several residual backbones are evaluated, with ResNet34 achieving the best 

performance. Results obtain dice scores of 0.968 and 0.960 for CEJ and ABC segmentation, respectively, and 0.852 

for tooth numbering. Bone loss severity evaluation on 265 teeth from 10 panoramic radiographs shows that the OBB-

based approach outperforms axis-aligned bounding boxes (AABB) method, improving accuracy from 0.61 to 0.63 

and macro-F1 score from 0.45 to 0.47. These results demonstrate the feasibility of automated and anatomically 

consistent periodontal assessment. 
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1. Introduction 

More than one billion individuals worldwide suffer from periodontal disease, a prevalent chronic inflammatory condition 

that increases the risk of systemic health problems, causes considerable tooth loss, and lowers quality of life [1-2]. Bone loss 

is the primary clinical indicator of periodontal tissue damage and can affect a patient's chewing, speech, and quality of life. In 

addition, several studies have shown a link between periodontal disease and systemic conditions such as diabetes mellitus, 

heart disease, and metabolic disorders. Therefore, early detection and monitoring of bone loss are crucial in clinical practice 

[3]. 

Bone loss assessment is generally performed using panoramic radiography because it provides a comprehensive view of 

the jaw structure and tooth position in a single image. However, interpreting radiographic images still relies on the dentist 's 

manual observations, which are subject to subjectivity and variation among examiners. In addition, bone loss in the early stages 

often does not show obvious symptoms, thereby increasing the risk of delayed detection [4-5]. 
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Accurate dental numbering is essential for identifying locations and effective clinical communication. Errors can lead to 

incorrect localization of bone loss and influence therapy. Thus, a system that integrates bone loss detection and tooth 

numbering automatically is necessary [6]. 

Previous research has developed a variety of methods to detect bone loss, including using periapical and bite radiography. 

However, these methods cover only a portion of the teeth, so they do not allow a thorough analysis in a single image [5,7-8]. 

In addition, you only look once (YOLO)-based models also have limitations in that they only produce a rough bounding box; 

therefore, they are not able to detect anatomical boundaries such as the cemento-enamel junction (CEJ) and alveolar bone crest 

(ABC) contours with precision, which is very important in bone loss analysis [9-10]. 

Based on this, the main gap in this study lies in the lack of an integrated system that combines precise segmentation of 

dental anatomical structures, automatic dental numbering, and analysis of the severity of periodontal bone loss within a 

comprehensive framework. Most previous studies still focused on a single aspect in isolation, without integrating the results 

into a broader clinical context [11-13]. 

Another challenge in periodontal bone loss assessment is accurately representing the anatomical orientation of individual 

teeth. Conventional axis-aligned bounding boxes (AABB) are constrained to the image axes and may not adequately reflect 

the natural inclination of teeth. To address this limitation, the proposed framework employs an oriented bounding box (OBB) 

to estimate the tooth long axis according to the orientation of each segmented tooth. The resulting tooth long axis serves as the 

anatomical reference for CEJ–ABC measurement because periodontal bone loss is clinically evaluated along the natural 

orientation of the tooth. This geometry-based approach improves the anatomical consistency of bone loss assessment and 

constitutes a key novelty of the proposed framework. 

To overcome these challenges, this study proposes a deep learning-based approach using the U-Net architecture to 

perform CEJ and ABC, as well as dental numbering according to the Fédération Dentaire Internationale (FDI) system. Some 

previous studies have shown that the U-Net has excellent capabilities for segmenting medical images and dental radiographs 

with high accuracy [14]. U-Net has been successfully applied to tooth segmentation in panoramic radiographs with high 

performance, demonstrating its potential for automating dental diagnostic tasks [15]. To further improve anatomical 

measurement, the segmented tooth regions are subsequently processed using an OBB to estimate the tooth long axis, which 

serves as the anatomical reference for periodontal bone loss severity assessment. 

Recent transformer-based and foundation-model approaches, including medical adaptations of the segment anything 

model (SAM), demonstrated promising performance in medical image segmentation by improving contextual understanding 

and generalization capability [16-17]. However, these methods generally require larger datasets and higher computational 

resources than conventional CNN-based architectures. Given the relatively limited size of the CEJ and ABC datasets, residual 

U-Net is selected in this study because of its proven effectiveness, training stability, and computational efficiency for medical 

image segmentation tasks [14]. The main contributions of this study are summarized as follows: 

(1) To propose an integrated deep learning and geometry-based framework based on a residual U-Net with a ResNet34 

backbone that combines CEJ and ABC segmentation, automatic tooth numbering, and periodontal bone loss severity 

classification within a unified pipeline. 

(2) To introduce an anatomically oriented tooth long-axis framework based on an OBB for periodontal bone loss severity 

classification by measuring the geometric relationship between the CEJ and the ABC along the natural orientation of each 

tooth. 

(3) To provide a comprehensive periodontal assessment system that improves diagnostic accuracy, objectivity, and efficiency 

for clinical decision support. 
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The structure of this paper is as follows: Section 2 outlines the methodology, detailing the system architecture and 

coordinate transformation procedure. Section 3 presents the experimental results and their discussion. Lastly, Section 4 

provides the conclusion and highlights several directions for future research. 

2. Proposed Methodology  

The CEJ and ABC severity scales are based on those developed by Tonetti et al [18]. The proposed methodology is 

described in Fig. 1. This study begins with panoramic radiographic images, which are then processed using a segmentation 

model to detect three main components: CEJ, ABC, and tooth numbering. CEJ and ABC are used to determine the severity 

level, while tooth numbering is used to identify teeth according to the FDI standard. Each detected tooth is represented as an 

OBB, with its long axis serving as the vertical reference line. The results of CEJ, ABC, and tooth-numbering segmentation are 

then combined into a single overlay to obtain an integrated anatomical representation.  

Furthermore, the intersection points between the CEJ line, the ABC line, and each tooth's long axis are calculated using 

the line intersection algorithm to determine the CEJ and ABC reference points precisely. Based on these points, bone loss is 

measured by calculating the distance between the CEJ and the ABC along the tooth's long axis. These distance values are then 

used to determine the severity of bone loss, which is classified into normal, mild, moderate, or severe categories based on the 

ratio of root length to bone loss [18]. The final result is a set of panoramic radiographic images that automatically include 

information on tooth numbering and the severity of bone loss. 

 

Fig. 1 Proposed methodology for tooth numbering and periodontal bone loss severity detection 

2.1.  Data collection 

The datasets used in this study are collected from two sources of panoramic radiographs. First, the clinical dataset for 

CEJ and ABC segmentation is obtained from the Faculty of Dentistry, Universitas Airlangga, Indonesia, with ethical approval 

under certificate number 0254/HRECC.FODM/II/2025. Second, the dental numbering dataset is derived from a publicly 

available Kaggle dataset [19]. The Kaggle dataset provides tooth-numbering annotations according to the FDI two-digit 

numbering system, whereas the clinical dataset contains manually annotated CEJ and ABC boundaries. The first author 

prepares the initial annotations, which are subsequently reviewed and validated by an experienced dentomaxillofacial 

radiologist. The annotation process involves iterative review and verification to ensure anatomical consistency between the 

CEJ and ABC boundaries. However, formal inter-observer and intra-observer variability analyses are not performed because 

a single experienced dentomaxillofacial radiologist validated the final annotations. To the best of our knowledge, no publicly 
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available panoramic radiograph dataset contains all three anatomical annotations (FDI tooth numbering, CEJ, and ABC) 

simultaneously. Therefore, these two complementary datasets are employed to support the proposed integrated framework for 

automated tooth numbering and periodontal bone loss severity assessment. 

In this study, 800 labelled panoramic radiographic images serve for multi-class tooth-numbering tasks. Each panoramic 

radiograph corresponds to a unique patient. The datasets are randomly divided into training, validation, and testing subsets 

using a ratio of 80%, 10%, and 10%, respectively. Because each panoramic radiograph corresponds to a unique patient, the 

image-wise split is equivalent to a patient-wise split. Consequently, no patient appears simultaneously in more than one subset, 

thereby minimising the risk of data leakage between training and testing. Each image is annotated according to the FDI 

numbering system [20], with examples shown in Fig. 2(b). Because many panoramic radiographs contain missing teeth, 

extracted teeth, or incomplete dentition, the total number of annotated teeth is 2,309 rather than the theoretical maximum of 

25,600 teeth (800 × 32). Therefore, Table 1 reports the distribution of annotated teeth instead of the number of radiographs. In 

addition, 200 panoramic radiographic images, each corresponding to a unique patient, are dedicated to CEJ and ABC 

segmentation, with example annotations shown in Fig. 2(c) and Fig. 2(d). The CEJ and ABC datasets are relatively small 

because each segmentation task consists of only two classes (background and object). In contrast, tooth numbering involves 

multiple classes and therefore demands a larger dataset. The tooth-numbering dataset trains the multi-class tooth segmentation 

model, whereas the clinical dataset trains the CEJ and ABC segmentation models. 

    

(a)  Original image 
(b)  Tooth numbering 

annotation 

(c)  CEJ segmentation  

dataset 

(d)  ABC segmentation 

dataset 

Fig. 2 Example of panoramic radiograph images 

To ensure compatibility between the two datasets, identical preprocessing procedures are applied before model training. 

All panoramic radiographs are converted into PNG format, resized to 512×1024 pixels, and processed using the same image 

preparation pipeline. The tooth-numbering dataset is exclusively used for training the multi-class tooth segmentation model, 

whereas the clinical dataset serves for CEJ and ABC segmentation. During inference, the outputs of these independently trained 

models are integrated within a unified framework, where tooth numbering, CEJ segmentation, and ABC segmentation are 

combined to estimate the tooth long axis using an OBB and subsequently perform periodontal bone loss severity classification. 

Table 1 Dataset tooth numbering distribution  

Label Tooth number Count Label Tooth number Count 

1 11 80 17 31 93 

2 12 95 18 32 93 

3 13 95 19 33 93 

4 14 78 20 34 81 

5 15 70 21 35 63 

6 16 56 22 36 42 

7 17 62 23 37 47 

8 18 27 24 38 55 

9 21 84 25 41 84 

10 22 94 26 42 92 

11 23 93 27 43 95 

12 24 80 28 44 91 

13 25 63 29 45 70 

14 26 52 30 46 54 

15 27 70 31 47 62 

16 28 37 32 48 58 
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Table 1 presents the distribution of tooth numbering in the dataset according to the FDI two-digit system. Each label 

corresponds to a specific tooth number and the total number of samples available for that tooth. Overall, the dataset shows a 

relatively balanced distribution across most tooth classes, though some variation is observed. Teeth 12, 13, and 43 have the 

highest representation (up to 95 samples), while 18 and 36 have comparatively fewer (27 and 42, respectively). This variation 

reflects the natural differences in data availability across tooth types. Despite these disparities, the dataset remains sufficiently 

diverse to support robust analysis and model development. Although slight variations exist among tooth classes, no additional 

class-balancing strategy is applied during training because the overall class distribution remains sufficiently representative for 

model development. 

2.2.  Residual U-Net architecture for segmentation of CEJ, ABC, and tooth numbering 

This study employs a residual U-Net architecture for three segmentation tasks: (1) CEJ segmentation, (2) ABC 

segmentation, and (3) tooth numbering segmentation. To evaluate the influence of feature extraction capability, several encoder 

backbones are investigated, including ResNet18, ResNet34, ResNet50, and ResNet101 [14,21-22]. The network follows the 

standard U-Net architecture consisting of an encoder, a decoder, and skip connections, as illustrated in Fig. 3. The encoder 

extracts hierarchical image features. In contrast, the decoder reconstructs the segmentation map at the original image resolution. 

Skip connections preserve spatial information by combining low-level and high-level features. The integration of residual 

learning enables more effective feature extraction and facilitates the segmentation of complex dental anatomical structures. 

 

Fig. 3 ResNet34-U-Net architecture 

2.3.  OBB for tooth axis 

The OBB is used in this study to represent the shape and orientation of each tooth based on the segmentation results, in 

contrast to the AABB, which is only aligned with the coordinate axes. The OBB is formed by segmenting each tooth, 

calculating its contour, and determining the extreme points to construct a bounding box aligned with the main orientation of 

the teeth. From the OBB, the centerline is obtained, which represents the tooth’s long axis, which is the main axis of the tooth 

from the ABC to the root. These lines serve as geometric references in the analysis, particularly for determining the point of 

intersection between the CEJ and ABC lines. 
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To estimate the orientation of each tooth, an OBB is computed from the segmented tooth region. Let  S = (xi , yi)
N 

i=1  denote 

the set of pixel coordinates belonging to a segmented tooth, where N is the total number of pixels in the segmented tooth region, 

and  (xi , yi) represents the coordinates of the i-th pixel. The centroid of the tooth is defined as: 
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where x̅ and y̅ denote the centroid coordinates of the segmented tooth along the horizontal and vertical image axes, respectively. 

The covariance matrix C of the point set is computed as: 

xx xy

xy yy

C
 

 

 
 
   

(3) 

which describes the spatial distribution of the segmented tooth pixels around the centroid. The elements xx, yy, and xy 

represent the variance along the x-axis, the variance along the y-axis, and the covariance between the x- and y-coordinates, 

respectively. These terms are defined as: 
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where xi and yi are the coordinates of the i-th pixel belonging to the segmented tooth region, while x̅ and y̅ are the centroid 

coordinates computed in Eqs. (1)-(2). The covariance terms quantify the spread of the tooth pixels relative to the centroid and 

are subsequently used to estimate the principal orientation of the tooth. 

The principal direction of the tooth is obtained from the eigenvector corresponding to the largest eigenvalue of the 

covariance matrix. This direction represents the tooth’s long axis, which is used as a reference for subsequent bone loss 

measurement. Compared to axis-aligned bounding boxes, this approach provides a more anatomically consistent estimation of 

tooth orientation. 

The use of OBB provides an advantage in maintaining dental orientation information more accurately than the AABB 

method, as shown in Fig. 4. In Fig. 4(a), the estimate of the tooth axis using AABB is still not representative of the actual 

direction because of its limitations that are only parallel to the axis of image coordinates. On the other hand, in Fig. 4(b), the 

OBB-based method can adjust the orientation to the tooth shape, thereby producing a more stable and anatomically consistent 

estimate of the tooth axis. Thus, the OBB approach enables more precise tooth-axis estimation. 

  

(a) Conventional AABB-based axis estimation  (b) OBB-based tooth axis estimation  

Fig. 4 Comparison of tooth long-axis estimation using AABB and OBB methods 
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2.4.  Bone loss severity classification 

The classification of periodontal bone loss severity is based on the contemporary framework proposed by Caton et al., 

which was a follow-up to the study by Tonetti et al. [18] in the 2018 World Workshop on the Classification of Periodontal and 

Peri-Implant Diseases and Conditions (2018 World Workshop) [23]. In this framework, the severity of periodontitis is 

determined by the percentage of alveolar bone loss relative to root length, providing a standardized, clinically interpretable 

measure for disease staging. This approach enables objective quantification of bone loss and facilitates consistent classification 

across different cases. 

 

Fig. 5 Illustration of bone loss severity classification 

Fig. 5 shows the geometric process for calculating the percentage of periodontal bone loss along the tooth's length axis. 

The percentage of bone loss is then calculated using a comparison between the distance of bone loss and the length of the root, 

namely: 

Bone Loss = d (CEJ, ABC)  
(7) 

Root Length = d (CEJ, Apex)  
(8) 

(%) 100%
Bone Loss

Bone Loss Ratio
Root Length

 

 

(9) 

According to the staging framework proposed by Tonetti et al. [18], the calculated bone loss ratio is categorized into four 

severity levels: normal (<15%), mild (15%–33%), moderate (>33%–66%), and severe (>66%). These percentage ranges 

provide a quantitative implementation of the radiographic bone loss stages described in the 2018 World Workshop, allowing 

continuous bone loss measurements to be converted into clinically interpretable severity categories. 

3. Result and Discussion 

This section presents the quantitative evaluation and performance analysis of the proposed residual U-Net models for CEJ 

segmentation, ABC segmentation, and tooth numbering. Segmentation performance is evaluated using the intersection over 

union (IoU) and dice similarity coefficient (DSC), which are widely adopted metrics in medical image segmentation to measure 

the overlap between predicted masks and ground-truth annotations [24-25]. 

The IoU metric is defined as: 
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where A and B denote the predicted and ground-truth segmentation masks, respectively. 
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The DSC is calculated as: 
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(11) 

Higher IoU and DSC values indicate better agreement between the predicted segmentation and the reference annotation. 

3.1.  Training evaluation of segmentation results 

The model is implemented using PyTorch 2.8.0 and the segmentation models pytorch (SMP) library on a workstation 

equipped with an NVIDIA GeForce RTX 3060 GPU (12 GB VRAM). The CEJ, ABC, and tooth-numbering datasets are 

randomly divided into training, validation, and testing subsets using an 80:10:10 ratio. The validation set is used for model 

selection and early stopping, whereas the testing set is reserved exclusively for final performance evaluation and remains 

completely isolated during model development. 

The training process is evaluated to assess the model's stability and effectiveness. The analysis includes observations of 

training and validation metrics—including loss values, accuracy, IoU, and F1-score—to ensure that the model converges well 

without overfitting. The following table summarizes the hyperparameter configurations used in all experiments. 

Table 2 presents the hyperparameter configurations used for CEJ, ABC, and tooth numbering segmentation. A learning 

rate of 1e-4 is used for binary segmentation to ensure stable boundary refinement. In contrast, a slightly higher rate of 3e-4 is 

used for multi-class segmentation to accelerate convergence in more complex classification settings. The batch size is set to 4 

for binary segmentation and 2 for multi-class segmentation, taking into account GPU memory limitations and model stability. 

Table 2 Hyperparameter Configuration for CEJ, ABC, and Tooth Numbering Segmentation 

Components CEJ & ABC Tooth numbering 

Segmentation type Binary Multi-class 

Number of classes 2 33 

Optimizer Adam Adam 

Learning rate 1e-4 3e-4 

Batch size 4 2 

Early stop Yes Yes 

Image size 512 × 1024 512 × 1024 

Loss function Binary cross Categorical cross 

Fig. 6 illustrates the training and validation performance curves for all segmentation tasks. Overall, the models exhibit 

stable convergence, characterized by decreasing loss values and improving accuracy, IoU, and F1-score throughout training. 

The CEJ and ABC models converge rapidly because they involve binary segmentation tasks. Conversely, the tooth-numbering 

model exhibits slightly larger fluctuations due to the increased complexity of multi-class segmentation. Nevertheless, the close 

agreement between training and validation curves suggests good generalization performance with limited overfitting. 

It should be noted that the metrics presented in Fig. 6 and Table 3 are computed using different evaluation strategies. Fig. 

6 reports micro-averaged metrics obtained during the training and validation stages, where all pixels from all classes are 

aggregated before metric calculation. In comparison, Table 3 reports mean IoU and mean dice scores evaluated on the 

independent test set by averaging the performance across individual classes. Consequently, the values reported in Fig. 6 are 

generally higher, particularly for the tooth-numbering task, because micro-averaging is influenced by the dominant background 

pixels. In contrast, the class-wise evaluation in Table 3 provides a more challenging and clinically relevant assessment of 

segmentation performance. 
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(a) CEJ (b) ABC (c) Tooth numbering 

Fig. 6 Training and validation performance of the CEJ, ABC, and tooth numbering models 

3.2.  Testing evaluation of segmentation results 

The segmentation performance of the CEJ, ABC, and tooth-numbering models is evaluated using accuracy, precision, 

recall, dice coefficient (F1-score), and IoU metrics derived from the confusion matrix. Fig. 7 shows that most predictions are 

concentrated along the main diagonal of the confusion matrices, indicating high agreement between predicted and ground-

truth labels with relatively few misclassifications. 

  

(a)  CEJ training confusion matrix (b)  ABC training confusion matrix 

Fig. 7 Confusion matrix 
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(c) Tooth numbering training confusion matrix 

Fig. 7 Confusion matrix (continued) 

Table 3 Performance comparison of U-Net with different backbones across three segmentation tasks 

Object Backbone IoU Dice coefficient 

CEJ 

U-Net (vanilla) 0.936 0.966 

ResNet18 0.936 0.966 

ResNet34 0.937 0.968 

ResNet50 0.936 0.966 

ResNet101 0.936 0.966 

ABC 

U-Net (vanilla) 0.923 0.958 

ResNet18 0.917 0.955 

ResNet34 0.925 0.960 

ResNet50 0.923 0.958 

ResNet101 0.918 0.955 

Tooth numbering 

U-Net (vanilla) 0.744 0.851 

ResNet18 0.584 0.732 

ResNet34 0.743 0.852 

ResNet50 0.484 0.641 

ResNet101 0.665 0.796 

Table 3 shows that ResNet34 provides a favourable balance between segmentation performance and model complexity 

across the evaluated segmentation tasks. Although the vanilla U-Net achieves a marginally higher IoU for tooth numbering, 

ResNet34 obtains the highest overall dice performance and is therefore selected as the backbone of the proposed framework. 

These findings indicate that the proposed residual U-Net with a ResNet34 backbone provides a favourable balance 

between segmentation accuracy and computational complexity. Furthermore, the proposed framework integrates anatomical 

segmentation, automatic tooth numbering, and geometry-based periodontal bone loss assessment within a unified pipeline, 

improving the consistency and efficiency of panoramic radiograph analysis. 
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3.3. Visualization of segmentation results 

This section presents visualization results to complement the quantitative evaluation, illustrating the performance of the 

proposed framework in CEJ segmentation, ABC segmentation, tooth numbering, and periodontal bone loss assessment. As 

shown in Fig. 8, the blue regions indicate the CEJ boundaries successfully identified by the model. Furthermore, Fig. 9 

illustrates the predicted ABC segmentation results, where the green regions represent the detected alveolar bone crest 

boundaries. Finally, Fig. 10 shows the tooth segmentation and numbering results. The model successfully separates individual 

teeth and assigns FDI tooth numbers consistently across both dental arches. 

 

Fig. 8 Prediction of CEJ segmentation 

 

Fig. 9 Prediction of ABC segmentation 

 

Fig. 10 Prediction of tooth numbering segmentation 

Fig. 11 shows the final results of the proposed framework on panoramic radiographs. The predicted CEJ and ABC 

boundaries are shown in blue and green, respectively. The red line indicates the tooth long axis for each detected tooth. Roman 

numerals (I, II, III, IV) indicate the predicted bone loss severity, whereas the black numbers represent the assigned tooth 

numbers. By integrating these components into a single visualization, the proposed framework provides anatomically 

consistent assessment of periodontal bone loss and automatic tooth numbering. 

 

Fig. 11 Visualization of bone loss classification and tooth numbering predictions 



12 Advances in Technology Innovation, vol. x, no. x, 20xx, pp. xx-xx   

To evaluate the contribution of the proposed OBB-based tooth axis estimation, bone loss severity classification using 

OBB is compared with the conventional AABB approach. An experienced dento-maxillofacial radiologist provided ground-

truth labels. The evaluation involves 265 teeth from 10 panoramic radiographs and is assessed using accuracy, precision, recall, 

macro-F1 score, and balanced accuracy. 

Table 4 compares the performance of AABB and OBB. Although OBB achieves slightly lower precision than AABB 

(0.54 vs 0.57), it yields higher accuracy, recall, macro-F1, and balanced accuracy. However, McNemar's test shows no 

statistically significant difference (p = 0.263). These results suggest that anatomical tooth orientation may offer a modest 

advantage in assessing the severity of periodontal bone loss.  

Table 4 Comparison of bone loss severity classification using AABB and OBB 

Method Accuracy Precision Recall Macro-F1 Balanced accuracy 

AABB 0.61 0.57 0.44 0.45 0.44 

OBB (Proposed) 0.63 0.54 0.46 0.47 0.46 

Table 5 presents the class-wise performance of the proposed OBB method. The mild category achieves the highest F1-

score (0.73), whereas the severe category has the lowest (0.12). The limited number of severe cases (n = 13) likely causes class 

imbalance and reduces classification reliability. Fig. 12 shows the confusion matrix of the proposed OBB-based bone loss 

severity classification. Most predictions lie on the main diagonal, indicating good agreement with the reference labels. 

Misclassifications mainly occur between adjacent severity categories, whereas the Severe class exhibits the lowest 

performance due to the limited number of samples. 

Table 5 Class-wise performance of the proposed OBB method 

Severity Precision Recall F1-score Samples 

Normal 0.71 0.50 0.58 94 

Mild 0.64 0.87 0.73 120 

Moderate 0.50 0.42 0.45 38 

Severe 0.33 0.07 0.12 13 

Macro average 0.54 0.46 0.47 265 

 

Fig. 12 Confusion matrix of four-class periodontal bone loss severity classification 

3.4.  Discussion 

The experimental results demonstrate the effectiveness of the proposed framework for automatic tooth numbering and 

assessment of periodontal bone loss severity. Nevertheless, several limitations should be acknowledged. First, the CEJ and 

ABC segmentation models are trained on a smaller clinical dataset than the tooth-numbering model. Second, two independent 

datasets are used because no publicly available panoramic radiograph dataset provides FDI tooth numbering, CEJ, and ABC 

annotations simultaneously. Although identical preprocessing is applied, differences in image characteristics and annotation 
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protocols may affect model generalization. Furthermore, although instance segmentation may provide explicit separation of 

individual teeth, semantic tooth-numbering segmentation is adopted because it simultaneously provides pixel-level anatomical 

delineation and tooth identity required for the proposed integrated framework. 

The tooth-numbering dataset shows moderate class imbalance, with class frequencies ranging from 27 to 95 samples. No 

balancing strategy is applied because the distribution remains representative and the model maintains strong performance 

across tooth classes. All backbone architectures are trained under identical settings to ensure a fair comparison rather than to 

optimize each architecture individually. Formal inter-observer and intra-observer variability analyses are beyond the scope of 

this study. Although the final annotations are reviewed and validated by an experienced dento-maxillofacial radiologist, future 

work should investigate the reliability of multi-expert annotation and backbone-specific optimization. 

The proposed framework may encounter challenges in panoramic radiographs with overlapping teeth, extensive 

restorations, severe artefacts, or missing teeth. In such cases, segmentation errors may propagate to tooth long-axis estimation 

and affect the classification of periodontal bone loss severity. Despite these limitations, the proposed framework shows 

potential as a clinical decision-support tool by providing automatic tooth numbering and anatomically consistent assessment 

of bone loss. The system is intended to assist rather than replace clinicians. 

4. Conclusions 

This study proposed an integrated deep learning framework for automatic tooth numbering and periodontal bone loss 

severity assessment on panoramic radiographs using a Residual U-Net architecture with a ResNet34 backbone. The proposed 

framework combined CEJ segmentation, ABC segmentation, FDI-based tooth numbering, and OBB-based tooth long-axis 

estimation within a unified periodontal assessment pipeline. Based on the experimental results, the following conclusions can 

be drawn: 

(1) The Residual U-Net with a ResNet34 backbone achieved strong segmentation performance, obtaining dice scores of 0.968 

and 0.960 for CEJ and ABC segmentation, respectively. 

(2) The proposed framework successfully performed automatic tooth numbering according to the FDI system, achieving a 

dice score of 0.852 and demonstrating reliable tooth identification performance on panoramic radiographs. 

(3) The OBB-based tooth long-axis estimation enabled anatomically consistent periodontal bone loss measurement and 

improved bone loss severity classification compared with conventional AABB-based estimation. 

(4) The integration of anatomical segmentation, automatic tooth numbering, and geometry-based bone loss assessment within 

a single framework provided a comprehensive approach for periodontal evaluation and may support improved diagnostic 

consistency and clinical efficiency. 

Future work will focus on validating the proposed framework using larger multi-center datasets and investigating 

transformer-based and foundation-model architectures, including transformers make strong encoders for medical image 

segmentation (TransUNet), unet-like pure transformer for medical image segmentation (Swin-UNet), not-another transformer 

for volumetric medical image segmentation (nnFormer), medical segment anything model (MedSAM), and SAM, to further 

improve robustness and generalization. 
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