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Panoramic dental radiographs are essential for diagnosis and treatment
planning, but are difficult to interpret due to overlapping anatomical
structures and limited image quality. Automating tooth detection,
segmentation, and numbering can enhance clinical efficiency and reduce
observer variability. This study developed a you only look once version 8
(YOLOvS8)-based deep learning model for automatic detection and
segmentation of teeth in panoramic radiographs. A dataset of 302 images
containing 9,009 annotated teeth was divided into 70% training, 20%
validation, and 10% testing sets. Teeth were labeled using the Federation
Dentaire Internationale (FDI) two-digit numbering system with bounding
boxes and segmentation masks. Model performance was assessed using
precision, recall, F1-score, and mean average precision (mAP) at intersection
over union (IoU) thresholds of 0.5 and 0.5-0.95. The model achieved
bounding box precision, recall, and F1-score of 0.9075, 0.9352, and 0.9212,
respectively, and segmentation scores of 0.9078, 0.9344, and 0.9209.
Bounding box mAP@0.5 reached 0.9510 and mask mAP@0.5 was 0.9504,
while stricter thresholds lowered performance to 0.7763 and 0.6896. Class-
wise analysis showed high accuracy overall but reduced performance on
posterior teeth due to anatomical overlap and peripheral image quality.
YOLOvV8 enables fast, accurate, and robust tooth detection and
segmentation, supporting real-time computer-aided diagnosis in
orthodontics, prosthodontics, and forensic dentistry.
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1. INTRODUCTION

Panoramic radiography is an extraoral imaging technique that captures a comprehensive view of the
maxillofacial region, including the mandible, maxilla, and their supporting structures. It is widely used in
dentistry because it is simple to perform, provides coverage of all teeth and jaws, and delivers a relatively
low radiation dose. Clinically, panoramic radiographs are employed to diagnose jaw fractures, evaluate
temporomandibular joint (TMJ) symmetry, examine tooth root morphology, detect cysts and lesions, and
assess dentition during growth and development [1]-[3]. Almost all dental treatments require complementary
radiographic examinations to support accurate diagnosis and optimal treatment planning [4], [5].

Despite these advantages, panoramic radiographs suffer from inherent limitations related to the
physics of imaging. Compared with intraoral radiography, panoramic images have lower spatial resolution,
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are subject to geometric distortion, and often display overlapping anatomical structures [6]—[8]. These factors
make interpretation complex and time-consuming, and they may contribute to variability between clinicians.
As a result, there has been growing interest in developing computer-aided diagnostic systems that can
automatically interpret panoramic images and support decision-making in dental practice [9]-[11].

Artificial intelligence (AI) technology has brought significant advances in the field of medical
image analysis. Al can help accelerate and enhance the image identification and analysis process. Machine
learning is a branch of science that studies algorithms and statistical models, enabling computer systems to
perform specific tasks without requiring explicit instructions. This technology relies on patterns and
conclusions derived from data. To obtain these patterns and conclusions, machine learning algorithms build
mathematical models based on sample data known as training data [12]. Machine learning algorithms are
divided into three types. First, supervised learning is a machine learning technique in which a model is
trained to make predictions based on labeled training data. Second, unsupervised learning studies patterns
and relationships in data without labels. Third, reinforcement learning is a machine learning model that
makes decisions through trial and error.

Recent advances in Al have led to significant progress in medical image analysis. Machine learning
enables computers to learn from data and make predictions without being explicitly programmed [13]-[15].
Machine learning techniques are typically categorized as supervised, unsupervised, or reinforcement
learning, depending on the type of feedback provided during training [16]-[18]. Among these approaches,
deep learning, based on artificial neural networks has become a dominant paradigm because of its ability to
model complex, nonlinear patterns in large datasets [16], [19]. Deep learning methods have achieved
state-of-the-art results in tasks such as image classification, segmentation, and object detection, making them
particularly suitable for medical imaging applications.

Image segmentation, the process of delineating regions of interest within an image is a key step in
dental image analysis. Manual segmentation, while accurate, is labor-intensive, requires expert knowledge,
and is prone to inter- and intra-operator variability. Automatic segmentation methods have been developed to
overcome these challenges and improve reproducibility. For example, several studies have successfully
segmented teeth and jaw structures in panoramic radiographs using traditional image processing techniques
such as thresholding and morphological operations [20]-[23]. However, these approaches are often
time-consuming, sensitive to variations in image quality, and still require expert supervision, which limits
their scalability in clinical practice. This has motivated a shift toward deep learning-based segmentation
approaches, which can provide fast, robust, and fully automated results.

With the advent of deep learning, convolutional neural networks (CNNs) have become the preferred
approach for medical image analysis, including segmentation and classification. Architectures such as U-Net
and its variants have achieved excellent performance in segmenting organs and lesions in radiological
images. In dentistry, deep learning has been applied to tasks such as tooth numbering, caries detection, and
mandibular canal segmentation. A recent study proposed a deep learning model for automatic tooth detection
and numbering in panoramic radiographs, achieving high accuracy and demonstrating the potential of
Al-based systems to assist dental practitioners [24]. However, U-Net-based methods often require substantial
computational resources and are not optimized for real-time applications.

Object detection models, particularly those based on the you only look once (YOLO) family, have
gained attention for their speed and accuracy. YOLO, first introduced in 2025, redefined object detection by
framing it as a single regression task, significantly reducing inference time [25]. Recent studies have applied
YOLO variants to dental and medical imaging tasks. demonstrated the successful application of YOLO
variants in dental and medical imaging tasks. YOLOv8 has been utilized for detecting and segmenting
radiolucent mandibular lesions on panoramic radiographs, achieving mean detection accuracies of 0.918
without augmentation and 0.952 with augmentation, outperforming previous models trained on smaller
datasets [26]. These findings highlight YOLOvVS8’s capability to manage challenging cases involving low
contrast and overlapping anatomical structures.

Outside dentistry, YOLOvS has shown superior performance in various segmentation tasks.
A comparative study between YOLOvS and YOLOVS for corrosion segmentation on metal surfaces and
found that YOLOV8 produced more accurate results, particularly on complex and irregular patterns [27].
Similarly, YOLOv8 applied to plant leaf disease detection using 2,850 annotated images across 19 classes
achieved 98% precision and a 97% F1-score, further confirming its versatility and high performance across
different domains [28].

Despite these promising results, relatively few studies have implemented YOLO for combined tooth
detection, segmentation, and numbering in panoramic radiographs. Most prior work has focused on detection
or landmark identification alone, and challenges remain in segmenting posterior teeth due to reduced contrast
and anatomical overlap. Furthermore, the integration of standardized numbering systems, such as the
Federation Dentaire Internationale (FDI) two-digit system, into deep learning pipelines remains limited, yet
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is essential for clinical adoption. To address these gaps, this study proposes a YOLOv8m-seg model for the
automated detection, segmentation, and numbering of teeth in panoramic dental radiographs. A dataset of
302 radiographs comprising 9,009 annotated teeth was used, with annotations based on FDI two-digit system.

2. METHOD
2.1. Dataset preparation

This study utilized panoramic dental radiographs collected from the Dental and Oral Hospital
Universitas Andalas (RSGM Unand). A total of 302 images were included after screening for quality and
completeness. Imaging parameters were standardized at 80 kV tube voltage, 9.0 mA tube current, and 14.0 s
exposure time, with a measured dose of 157.2 mGy/cm?. Images with severe motion artifacts, missing
anatomical structures, or inadequate exposure were excluded to ensure a consistent dataset. All images were
initially stored in DICOM format, which contains both raw pixel data and acquisition metadata such as
exposure parameters. For model training, the DICOM files were exported into bitmap image file (BMP)
format and resized to 640%640 pixels to meet YOLOvVS8 input requirements. Histogram equalization and

intensity normalization were applied to improve image contrast and enhance the visibility of anatomical
structures. Patient information was anonymized before processing.

2.2. Annotation and labeling

Prior to model training, all panoramic radiographs underwent a structured region of interest (ROI)
annotation process using the Roboflow platform. Each tooth was manually labeled according to the FDI
two-digit dental nomenclature system, where the first digit indicates the quadrant and the second digit
indicates the tooth number within that quadrant as shown in Figure 1. For each tooth, both bounding boxes

and polygonal segmentation masks were generated, enabling the model to perform instance segmentation
rather than simple detection.
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Figure 1. FDI two-digit tooth numbering system

All annotations were independently reviewed by one experienced dentist to ensure labeling accuracy
and consistency. Any discrepancies between annotators were resolved through consensus discussions to
minimize inter-operator variability. The final dataset comprised 9,009 annotated teeth across 302 panoramic
radiographs, with a balanced representation of maxillary and mandibular teeth. This ensured that the model
was exposed to sufficient anatomical variability across quadrants. An example of the annotation workflow

and ROI labeling is illustrated in Figure 2. Each tooth was manually delineated with a polygonal
segmentation mask and labeled according to the FDI two-digit system.

2.3. YOLOVS work architecture

YOLOVS, the latest iteration of the YOLO object detection family, was selected for this study due to
its high speed, accuracy, and robustness in handling small objects commonly present in dental panoramic
radiographs. Unlike earlier YOLO versions, YOLOv8 employs anchor-free detection, a decoupled
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classification/regression head. It also uses a lightweight CSPDarknet-inspired backbone, resulting in

improved generalization and reduced computational overhead.

The YOLOVS architecture is divided into three main components: backbone, neck, and head as
shown in Figure 3. The model consists of a backbone for feature extraction, a neck for multi-scale feature
fusion, and a head for anchor-free detection and instance segmentation.

i)  Backbone: responsible for extracting image features such as edges, textures, and shapes from the input
image. It consists of convolutional layers (Conv), spatial pyramid dilated convolution (SPD-Conv),
cross stage partial connections with fusion (C2f), and spatial pyramid pooling-fast (SPPF). These
modules enhance the model's ability to capture multi-scale features, which is critical for detecting small
and overlapping teeth.

i) Neck: aggregates and refines features from multiple scales of the backbone using upsampling,
concatenation, convolutional layers, and the global attention mechanism (GAM) to preserve spatial
information and improve detection robustness.

iii) Head: produces the final outputs, including bounding boxes, object classification, and segmentation
masks. YOLOVS uses anchor-free head, which improves flexibility and localization accuracy [26], [29].

Figure 3. YOLOVS work architecture

This study employed the YOLOv8-seg variant, which performs instance segmentation by
predicting both bounding boxes and segmentation masks for each tooth. Among the available model sizes
(nano, small, medium, large, and x-large), YOLOv8m-seg was chosen to balance inference speed with
accuracy, making it suitable for potential real-time applications in clinical settings. Model training was
conducted on Google Colab, leveraging graphics processing unit (GPU) acceleration for efficient
computation. The training duration varied depending on the dataset size, the number of output classes, and
the batch configuration. Hyperparameters, such as the learning rate, optimizer settings, and maximum
number of epochs, were tuned iteratively to achieve optimal model performance.
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2.4. Training setup

Model training was performed on a system equipped with an NVIDIA SMI GPU (driver version:
550.54.15, CUDA version: 12.4), 64 GB of RAM, running macOS Monterey, and additionally supported by
Google Colab with GPU acceleration for enhanced computational efficiency. The dataset was randomly
divided into 70% training (211 images), 20% validation (61 images), and 10% testing (30 images), ensuring a
balanced distribution of tooth classes across all subsets. This split minimized sampling bias and maintained
class-level representation in each partition. Notably, data augmentation techniques were not applied in this
study to preserve the natural distribution of pixel intensities and anatomical variations inherent to panoramic
radiographs. This decision was made to avoid introducing artificial artifacts that could distort tooth
boundaries, which are already affected by imaging physics (e.g., scatter and geometric distortion).

Future work will evaluate augmentation strategies such as rotation, scaling, and contrast adjustments
to further enhance model generalization. The model was trained for 300 epochs with a batch size of 16, using
the default YOLOvV8 composite loss function, which combines classification, bounding box regression, and
mask losses to jointly optimize detection and segmentation performance. Early stopping was implemented
based on validation mAP to prevent overfitting and reduce unnecessary computation.

2.5. Evaluation metrics

Model performance was assessed on the independent test set using standard object detection and
segmentation metrics [30], [31]. The primary metric was mean average precision (mAP), calculated at an
intersection over union (IoU) threshold of 0.5 (mAP@0.5) and averaged across thresholds from 0.5 to 0.95 in
increments of 0.05 (mAP@0.5:0.95), providing both lenient and strict measures of detection accuracy. In
addition, precision, defined as the proportion of correctly predicted teeth among all predictions, was used to
evaluate the model’s ability to avoid false positives, while recall, defined as the proportion of correctly
detected teeth among all ground-truth annotations, reflected its ability to minimize false negatives. To capture
the trade-off between precision and recall, the Fl-score was calculated as the harmonic mean of the two,
representing a balanced measure of overall model performance. Performance was reported both at the
per-class level (for individual teeth) and as an average across all classes, enabling a comprehensive
assessment of detection and segmentation quality at both granular and holistic levels.

3. RESULTS AND DISCUSSION

All experimental settings and implementation details are summarized in Table 1. These include
model configuration, training hyperparameters, dataset splits, software versions, and hardware specifications.
Table 1 is intended to support reproducibility without changing the meaning of the original statement.

Table 1. Experiment configuration and training details

Category Configuration
Model architecture YOLOVS (ultralytics) — instance segmentation
YOLOVS variant YOLOv8m-seg
YOLOV8 version/package Ultralytics YOLOVS (v8.x, pip package ultralytics)
Framework PyTorch
Python version Python 3.12
Optimizer AdamW (Ir =0.00027, momentum =0.9)
Initial learning rate 0.01
Weight decay 0.0005
Warm-up strategy Linear warm-up (YOLOVS default)
Batch size 16
Input image size 640x640 pixels
Number of epochs 300
Early stopping Enabled
Early stopping patience 50 epochs (based on validation mAP)
Loss function YOLOvV8 composite loss (classification + bounding box regression + mask loss)
Checkpointing Best model saved based on highest validation mAP
Dataset split 70% training (211 images), 20% validation (61 images), 10% testing (30 images)
Class balancing Balanced distribution of tooth classes across all subsets
Data augmentation Not applied
Random seed Fixed seed used for dataset splitting and training to ensure reproducibility
Annotation format YOLO segmentation format
GPU NVIDIA GPU (driver 550.54.15, CUDA 12.4)
System RAM 64 GB
Operating system macOS Monterey
Cloud environment Google Colab with GPU acceleration

Code and data availability Training/validation/test splits, annotation export scripts, and configuration files are available upon
reasonable request
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3.1. Training and validation performance

The YOLOv8m-seg model was trained for 300 epochs using Google Colab with early stopping to
prevent overfitting. Figure 4 shows the training and validation curves for box loss, classification loss, mask
loss, precision, recall, and mAP metrics. Both training and validation losses decreased consistently,
converging toward the final epochs, indicating that the model successfully minimized errors. Precision,
recall, and mAP steadily increased during training, reaching a plateau near the final epochs. This
demonstrates that the model achieved stable generalization without overfitting.

train/box_lass trainjcls_loss train/dfl_loss trainsem_loss metrics/precision(8) | metrics/recall(8) metrics/mAPS0(8) metrics/mAP50-85(8)|
08

0.041
08 08 08
06
0.021
06 06 06
0,00 | —— 0.4

‘ ‘
2 2 0.02 { F
12
0.24] 02 uzf 0z
1 L0 .04 1]
oo 00 oo 00
0 0 0
met m

200 20

400 -

[ 200 0 200 [ 200 200 o 200 200 200

6007 val/box_loss valfseg_loss valicls_loss val/dfi_loss valfsem_loss netrics/precision(M) metricsfrecall(M) etrics/mAPSO(M) metrics/mAP50-35(M}|

Metrics

i
1.E| mi i 1;{ 0.04 08 08 r 08 os r‘
800 141 25| ! | 0021 06 06 06
121} 31 | 000 {mm——— ot
& 20 1 | 04 04 04
1.0 2 11 0.02 H 0.2
1000 \ 15 oz 02 oz}
08 1 -0.041
10 1o 0048 00 ook 00 §
o 200 o 200 [ 200 [ 200 o 200 o 200 o 200 0 200 ] 200
T r T T T T T
o 500 1000 1500 2000 2500 3000 3500

Epoch

Figure 4. Training and validation loss functions and performance metrics of the YOLO-based segmentation
model across 300 epochs

Figure 4 illustrates the training and validation behavior of the YOLO-based segmentation model
over 300 epochs. The loss functions (box, segmentation, classification, and distribution focal loss)
consistently decreased throughout the training process, with a rapid reduction during the first 50—80 epochs
followed by gradual convergence. Importantly, the training and validation curves remain closely aligned,
indicating good generalization without overfitting. The performance metrics show that bounding box
precision and recall stabilized at approximately 0.93—0.95, while segmentation precision and recall reached
similar levels with only minor fluctuations. The mAP curves further demonstrate strong model performance,
with bounding box mAP@0.5 approaching 0.96 and mAP@0.5-0.95 stabilizing near 0.79. In contrast, mask
mAP@0.5 reached ~0.96 but dropped to ~0.70 at stricter IoU thresholds (mAP@0.5-0.95). This gap
highlights that while object localization is highly accurate, capturing precise segmentation boundaries is more
challenging. Overall, the curves confirm stable convergence, efficient optimization, and excellent detection
performance, with segmentation accuracy limited primarily by the precision of fine boundaries. The training
and validation loss curves demonstrate a consistent and gradual decline across all components, including
bounding box regression, segmentation, classification, and distribution focal loss. A rapid reduction in loss
was observed during the initial 50-80 epochs, followed by a stable convergence phase around epoch 150.
Importantly, the training and validation curves remained closely aligned throughout the process, indicating
that the model achieved stable learning without signs of overfitting. This convergence behavior suggests that
the training procedure was efficient and that the model reached an optimal balance between fitting the
training data and generalizing to unseen cases.

The training behavior observed in this study is consistent with reports from prior works in dental
imaging using deep learning models. Karaoglu et al. [24] applied a CNN-based model for automatic tooth
detection and numbering on panoramic radiographs, reporting stable convergence after approximately
200 epochs, with precision and recall values of 0.90—0.92. Similarly, RaSi¢ et al. [26] reported that YOLOvS8
achieved a rapid reduction in training loss during the early epochs, with final mAP@0.5 values around 0.95
for mandibular lesion detection, aligning closely with the present bounding box results (mAP@0.5 = 0.96).
However, as in our study, they observed a performance drop when evaluated at stricter loU thresholds
(mAP@0.5-0.95, =0.75-0.80), highlighting the challenge of fine boundary delineation in complex
radiographic images. Compared to earlier YOLOvVS studies on panoramic tooth landmark detection [32],
which typically reported mAP@0.5 values between 0.90 and 0.93, the YOLOv8m-seg model used in this
study demonstrates improved detection accuracy and more stable convergence. Nevertheless, the reduced
segmentation performance at high IoU thresholds (~0.70 for mAP@0.5-0.95) remains a limitation, as also
noted by Lee et al. [22] in U-Net-based segmentation of panoramic radiographs, where boundary ambiguity
in posterior teeth limited fine-grained accuracy.
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3.2. Quantitative performance metrics

The overall evaluation metrics confirmed the robustness of the YOLO-based segmentation model as
shown in Table 2. Bounding box precision and recall achieved values of 0.9075 and 0.9352, respectively,
while segmentation precision and recall reached 0.9078 and 0.9344. The corresponding F1-scores were
0.9212 (bounding box) and 0.9209 (mask), reflecting a strong balance between precision and recall for both
detection and segmentation tasks.

The mAP provided further insights into model performance. At an IoU threshold of 0.5, the
bounding box mAP was 0.9510, while the mask mAP reached 0.9504, confirming excellent overall detection
and segmentation capability. When evaluated across stricter thresholds (mAP@0.5:0.95), performance
declined to 0.7763 for bounding boxes and 0.6896 for masks, indicating that precise boundary alignment
remains more challenging for segmentation compared to object detection.

Table 2. Comparison of deep learning approaches for dental image analysis

Study Method Dataset Task Reported Performance Remarks
(images)
Lee et al. [22] CNN (FCN-based) 1,000 Tooth mloU = 0.82 Effective but
panoramics  segmentation computationally heavy,
limited real-time use
Kimetal [11] CNN + heuristic 500 Tooth Accuracy = 0.90 Relied partly on heuristic
panoramics  detection and rules, less robust to image
numbering variation
Karaoglu et al. [24] U-Net + heuristic 650 Tooth Accuracy ~ 0.94 High performance but
panoramics  detection and requires complex
numbering preprocessing
Rasic et al. [26] YOLOv8 2,000 Lesion Precision = 0.918 (no Demonstrated YOLOv8
panoramics detection aug), 0.952 (aug) strength in dental tasks
Tafala et al. [32] YOLOvVS8 400 Landmark mAP@0.5 =0.95 Confirmed high accuracy
cephalograms detection in dental landmark tasks
This study YOLOv8m-seg 302 Tooth Bounding box: precision Outperforms most prior
panoramics detection, 0.9075, recall 0.9352, works in combined
(9,009 segmentation, Fl-score 0.9212, detection + segmentation;
annotated numbering ~ mAP@0.5=0.9510, segmentation
teeth) mAP@0.5:0.95=0.7763; mAP@0.5:0.95 lower

mask: precision 0.9078,
Recall 0.9344, F1 0.9209,

(0.6896), especially in
posterior teeth

mAP@0.5=0.9504,
mAP@0.5:0.95=0.6896

Class-wise analysis further highlighted that certain tooth, such as 45, 48, and 38, consistently
achieved higher confidence and accuracy, whereas posterior teeth, including 18, 24, 26, and 28, exhibited
slightly lower performance. This variation may be attributed to reduced visibility at the periphery of
panoramic images, anatomical overlap, or limited sample representation of these teeth in the training dataset.
The bounding box mAP@0.5 (0.9510) is comparable to the performance reported [32], who achieved an
mAP of 0.95 using YOLOv8 for cephalometric landmark detection. However, the segmentation
mAP@0.5:0.95 (0.6896) is somewhat lower than the results in general object segmentation tasks. This
discrepancy highlights the increased complexity of dental segmentation, where fine anatomical boundaries
and overlapping structures introduce additional challenges compared to general object detection.

3.3. Confusion matrix analysis

The confusion matrix in Figure 5 provides further insights into the distribution of classification
errors across all tooth classes. The strong diagonal dominance indicates that the majority of predictions were
correctly classified. However, a small number of off-diagonal elements reflect misclassifications, particularly
among teeth in the posterior region (classes 24-28). These findings are consistent with the lower precision
and recall observed for these categories in the class-wise analysis. Additionally, a minor degree of confusion
was observed with the background class, particularly for teeth with less distinct boundaries. Nonetheless, the
overall structure of the matrix confirms high classification accuracy and minimal cross-class errors.

These findings are consistent with previous studies that applied deep learning to panoramic
radiographs and reported higher misclassification rates in posterior teeth due to anatomical complexity and
overlapping shadows [22]. Similarly, YOLO-based approaches have also demonstrated a performance gap
between anterior and posterior teeth, with frequent confusion occurring in maxillary premolars and molars
where root overlap is common [26], [32]. The results corroborate these challenges, reinforcing that posterior
teeth remain the most difficult to classify accurately.
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Figure 5. Confusion matrix of the YOLO segmentation model

3.4. Analysis of detection and segmentation results

Figure 6 presents the output of the YOLO segmentation model applied to a standard panoramic
dental radiograph. This figure present class labels, confidence scores, and colored segmentation masks.
High performance was achieved across most teeth, with slightly lower confidence in posterior regions.
Each tooth is correctly identified and labeled with its corresponding class number, accompanied by
confidence scores ranging from 0.87-0.97. The bounding boxes (rectangular outlines) and segmentation
masks (colored overlays) demonstrate precise localization of individual teeth across both the maxillary and
mandibular arches.

Figure 6. Example of YOLO-based tooth detection and segmentation on a panoramic dental radiograph

Most detections exhibit high confidence (>0.90), reflecting strong model reliability in tooth
recognition. For example, teeth 42, 45, 48, and 37 achieved confidence scores between 0.94 and 0.97,
indicating excellent agreement between predicted and true boundaries. Lower confidence values, such as
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tooth 18 (0.87) and tooth 28 (0.88), correspond to regions where visibility is reduced due to anatomical
overlap, positioning, or image contrast, highlighting areas where the model faces greater challenges. Despite
the dense arrangement of teeth and overlapping bounding boxes in the central region, the model successfully
distinguishes individual structures without significant misclassification. This suggests robust capability in
handling complex anatomical presentations typical of panoramic imaging. However, occasional overlaps
between neighboring teeth (e.g., teeth 21-26 and 33-36) may introduce ambiguity and should be further
refined through improved boundary-aware segmentation methods.

Figure 6 is consistent with previous studies applying deep learning models to panoramic dental
imaging. Earlier research using a U-Net-based segmentation approach demonstrated that posterior
regions often exhibited boundary ambiguities, leading to under- or over-segmentation [22]. Likewise,
YOLOv8-based studies reported high-confidence detections across most teeth, although posterior landmarks
generally showed slightly lower precision due to anatomical complexity [32]. Another study on YOLOvS for
mandibular lesion detection highlighted that irregular or low-contrast regions remained susceptible to
reduced confidence scores despite the model’s overall strong performance [26]. Overall, Figure 6 illustrates
the model’s capacity for high-accuracy dental landmark identification and segmentation, confirming its
potential for automated tooth numbering, clinical assessment, and decision support in dental imaging.

3.5. Clinical and practical implications

The results show the potential of YOLO-based segmentation for automated tooth detection and
numbering in panoramic dental radiographs. High accuracy across most classes suggests that the model can
serve as a reliable tool for clinical applications, including orthodontic assessment, treatment planning, and
forensic identification. Importantly, the model also demonstrates high computational efficiency. Training was
completed in 0.941 hours for 300 epochs, reflecting rapid convergence compared to many CNN-based
frameworks. During inference, the model achieved an average processing time of 0.2 ms for preprocessing,
3.0 ms for inference, and 4.9 ms for post-processing per image, confirming its capability for near real-time
performance in clinical settings. Such efficiency is particularly valuable in busy dental practices, where fast
turnaround of radiographic analysis can improve workflow and decision-making.

Previous clinical evaluations of Al in dental imaging have already shown the importance of robust
automated systems for diagnosis and treatment planning [11], [22], [24], [26], [32]. The results extend these
findings by demonstrating that YOLO-based segmentation achieves comparable accuracy to earlier
CNN-based methods, while offering faster inference and potential for real-time applications. However, like
prior studies, we confirm that image quality and anatomical complexity at the periphery remain significant
limitations that need to be addressed in future research. Despite these promising results, this study has several
methodological limitations that should be considered when interpreting the findings. In particular, model
performance was evaluated using a single fixed train—validation—test split rather than image-level k-fold
cross-validation or repeated multi-seed experiments. While this strategy was adopted to maintain an
independent test set and align with common practice in YOLO-based segmentation frameworks, it may limit
the robustness of performance estimation for relatively small datasets. Future studies should incorporate
k-fold cross-validation or repeated random splits to quantify performance variability across different data
partitions and provide more statistically robust estimates of clinical reliability.

4. CONCLUSION

This study demonstrated the effectiveness of a YOLOv8-based deep learning model for automated
tooth detection, segmentation, and numbering in panoramic dental radiographs. The model achieved high
accuracy, with bounding box metrics of precision 0.9075, recall 0.9352, F1-score 0.9212, and mAP@0.5 of
0.9510, while segmentation performance was comparable (precision 0.9078, recall 0.9344, F1-score 0.9209,
and mAP@0.5 of 0.9504). Although performance declined at stricter thresholds (mAP@0.5:0.95=0.7763 for
bounding boxes and 0.6896 for masks), the overall results confirm robust localization and segmentation
capabilities. Class-wise and qualitative analyses further confirmed the model’s reliability in central and
anterior teeth, while highlighting challenges in posterior teeth (18, 24, 26, and 28) due to overlapping
anatomy and reduced image quality at the periphery. Despite these limitations, the model consistently
achieved high confidence predictions (>0.90) across most classes and maintained consistent numbering
aligned with the ground truth. The findings demonstrate the potential of YOLOVS as a fast, accurate, and
scalable tool for clinical dentistry, supporting applications such as orthodontic assessment, prosthodontic
planning, and forensic identification while improving diagnostic efficiency. However, this study was limited
by the use of a single train—validation—test split without cross-validation, which may affect the robustness of
performance evaluation. Future studies should incorporate image-level cross-validation, expand datasets,
apply targeted augmentation and boundary refinement techniques, and validate the model on larger
multi-institutional datasets to improve segmentation accuracy and ensure clinical generalizability.
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