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			ABSTRACT: Automated analysis of panoramic radiographs remains challenging due to anatomical complexity and image variability. While deep learning has shown strong performance in dental imaging, most studies focus on isolated tasks. This study aimed to propose a hierarchical YOLOv8-based framework aligned for comprehensive analysis of panoramic radiographs using structured dental annotations. A three-stage deep learning pipeline based on YOLOv8 was developed using the DENTEX dataset. The framework includes (1) quadrant classification, (2) tooth enumeration (FDI 11-48), and (3) tooth-level abnormality detection using a two-stage approach (binary screening followed by subtype classification). Panoramic radiographs with hierarchical annotations were used, with an 80:20 train–validation split. Performance was evaluated using mAP50, mAP50-95, precision, recall, and F1-score. The model achieved near-perfect performance for quadrant classification (mAP50=0.994, mAP50-95=0.750, precision=0.994, recall=0.995, and F1=0.994) and strong performance for tooth enumeration (mAP50=0.936, mAP50-95=0.536, precision=0.902, recall=0.897, and F1=0.899). Abnormality detection showed moderate performance (mAP50=0.687, mAP50-95=0.480, precision=0.655, recall=0.742, and F1=0.696). At the class level, impacted teeth (F1=0.904) and caries (F1=0.885) were well detected, whereas periapical lesions (F1=0.568) and deep caries (F1=0.585) showed lower performance. Precision and recall were balanced across tasks. The proposed hierarchical framework enables anatomical localization and integration of detection tasks of panoramic radiographs within a unified pipeline using YOLOv8. While performance is near-ceiling for anatomical tasks, disease detection remains challenging, particularly for low-contrast lesions. 

			

			KEYWORDS: Panoramic radiographs; Hierarchical framework; YOLO.

			RESUMEN: El análisis automatizado de radiografías panorámicas sigue siendo un desafío debido a la complejidad anatómica y la variabilidad de las imágenes. Aunque el aprendizaje profundo ha demostrado un alto rendimiento en el análisis de imágenes dentales, la mayoría de los estudios se centran en tareas aisladas. El objetivo fue proponer un marco jerárquico basado en YOLOv8 para el análisis integral de radiografías panorámicas mediante anotaciones dentales estructuradas. Se desarrolló una canalización de aprendizaje profundo de tres etapas basada en YOLOv8 utilizando el conjunto de datos DENTEX. El marco comprende: (1) la clasificación por cuadrantes, (2) la enumeración dental según el sistema FDI (11-48) y (3) la detección de anomalías a nivel dental mediante un enfoque de dos etapas (cribado binario seguido de la clasificación por subtipos). Se utilizaron radiografías panorámicas con anotaciones jerárquicas, divididas en conjuntos de entrenamiento y validación en una proporción de 80:20. El rendimiento se evaluó mediante mAP50, mAP50-95, precisión (precision), sensibilidad (recall) y puntuación F1. El modelo alcanzó un rendimiento casi perfecto en la clasificación por cuadrantes (mAP50=0.994, mAP50-95=0.750, precisión=0.994, sensibilidad=0.995 y F1=0.994), un rendimiento elevado en la enumeración dental (mAP50=0.936, mAP50-95=0.536, precisión=0.902, sensibilidad=0.897 y F1=0.899). La detección de anomalías mostró un rendimiento moderado (mAP50=0.687, mAP50-95=0.480, precisión=0.655, sensibilidad=0.742 y F1=0.696). A nivel de clase, los dientes impactados (F1=0.904) y la caries dental (F1=0.885) fueron detectados con alta precisión, mientras que las lesiones periapicales (F1=0.568) y la caries profunda (F1=0.585) presentaron un rendimiento inferior. La precisión y la sensibilidad se mantuvieron equilibradas en todas las tareas. El marco jerárquico propuesto permite la localización anatómica y la integración de múltiples tareas de detección en radiografías panorámicas dentro de una canalización unificada basada en YOLOv8. Aunque el rendimiento fue casi óptimo para las tareas anatómicas, la detección de enfermedades continúa siendo un desafío, especialmente en lesiones de bajo contraste.

			palabras clave: Radiografías panorámicas; Marco jerárquico; YOLO.

			Introduction

			Panoramic radiography is widely used in dental practice for comprehensive evaluation of the maxillofacial region (1). It enables assessment of overall jaw anatomy, individual tooth position, and a range of abnormal conditions within a single image. However, automated analysis of panoramic radiographs remains challenging due to projection distortion, overlapping anatomical structures, and substantial variation in tooth morphology and alignment (2).

			Deep learning approaches have increasingly been applied to panoramic radiographs for tooth localization, enumeration, and disease detection (3, 4). Among dental public datasets, the DENTEX dataset provides standardized annotations for quadrant identification, tooth enumeration based on the FDI system, and tooth-level abnormality labeling (5). This structured annotation scheme reflects the inherent anatomical hierarchy of panoramic radiographs, progressing from global jaw partitioning to individual tooth identification and diagnostic categorization.

			

			Given this hierarchical labeling structure, a sequential analytical strategy can be implemented to align with the dataset organization. Quadrant-level localization constrains spatial regions, tooth enumeration refines instance-level identification, and abnormality assessment operates at the tooth level. Modeling these tasks in stages allows independent optimization while maintaining anatomical consistency across levels.

			In this study, YOLOv8-based architectures were employed as the common detection framework for all tasks. Dedicated models were trained for quadrant classification, tooth enumeration, and abnormality detection, ensuring methodological consistency while accommodating task-specific outputs. 

			Materials and Methods

			Data sources

			Panoramic radiographs and corresponding annotations were obtained from the DENTEX dataset (5). The dataset provides bounding box annotations for quadrant identification, tooth enumeration based on the FDI numbering system, and abnormal tooth conditions. The annotated data consist of 693 radiographs with quadrant labels only, 634 radiographs with both quadrant and tooth enumeration labels, and 678 radiographs fully annotated for abnormal tooth detection, including quadrant, enumeration, and diagnostic labels. Detailed information on image acquisition and annotation protocols has been reported elsewhere.

			Ethics approval

			This study involved secondary analysis of a publicly available, fully anonymized dataset; therefore, additional ethical approval was not required. The DENTEX dataset is distributed under a Creative Commons Attribution (CC-BY) license, permitting its use for research purposes.

			Model development strategy

			Figure 1 shows three-stage hierarchical framework that was developed for panoramic radiograph analysis. The pipeline follows a vertical anatomical refinement and a horizontal diagnostic branching strategy: quadrant classification (Task 1), tooth enumeration (Task 2), and abnormality detection (Task 3). Task 1 provides coarse spatial partitioning, Task 2 refines detection to individual teeth (FDI 11-48), and Task 3 performs hierarchical disease classification through a binary screening stage followed by subtype classification. All tasks were implemented using YOLOv8-based architectures (6) to maintain structural consistency across stages. For each task, the dataset was randomly split into training and validation sets using an 80:20 ratio.

			[image: ]

			Figure 1. Hierarchical framework for quadrant classification, tooth enumeration, and abnormality detection tasks.

			Task 1: Quadrant classification

			Quadrant segmentation was formulated as a four-class instance segmentation problem (upper-right: Q1, upper-left: Q2, lower-left: Q3, and lower-right: Q4). A YOLOv8 segmentation model was trained with mixed precision optimization. Standard geometric augmentation (mosaic, rotation, scaling, translation) was applied. The model with the highest validation mAP was selected and used to guide downstream localization.

			Task 2: Tooth enumeration

			Tooth enumeration was formulated as a 32-class instance segmentation problem corresponding to FDI codes 11-48. The model was initialized using pretrained weights from Task 1 to retain anatomical feature representations. Early backbone layers were partially frozen to stabilize transfer learning while allowing higher-level adaptation to tooth-specific features.

			Standard geometric augmentation was applied to improve generalization, while mask-distorting strategies were avoided to preserve segmentation fidelity. The model outputs tooth masks, bounding boxes, FDI labels, and confidence scores, which serve as structured inputs for the downstream disease classification stage.

			Task 3: Abnormality detection

			Abnormality detection was implemented as a hierarchical tooth-level classification framework to address class imbalance and inter-class ambiguity. Rather than performing direct multi-class classification, a two-stage design was adopted: a binary screening model (normal vs. abnormal) followed by a disease subtype classifier applied only to abnormal teeth. Details of the process are described as follows:

			(1) Tooth-level crop extraction: Tooth instances detected in Task 2 were converted into standardized crops with contextual expansion to preserve peri-tooth anatomical information. Disease labels were assigned based on spatial overlap between detected teeth and annotated lesions. This step transforms segmentation outputs into structured inputs for classification while maintaining anatomical consistency.

			(2) Temporary disease model training: Since annotated data were predominantly disease-centered and no verified normal samples were available, a temporary four-class disease classifier was trained on confirmed disease crops extracted. This model was not intended for deployment but served exclusively as a scoring mechanism to assess disease likelihood for unannotated tooth instances.

			(3) Pseudo-normal sample construction: The temporary model was applied to all detected teeth that did not spatially overlap with any annotated lesion. A conservative three-criterion filtering strategy was imposed: maximum disease prediction confidence below 0.25, top-two prediction gap below 0.10, and tooth detection confidence above 0.60. Only teeth satisfying all three criteria simultaneously were retained as pseudo-normal samples, minimizing label noise without relying on external normal datasets.

			(4) Binary dataset construction: Disease samples and pseudo-normal samples from previous steps were merged into a unified binary dataset. Class labels were remapped such that all disease subtypes (Impacted, Caries, Periapical, Deep Caries) were consolidated into a single abnormal class, while pseudo-normal samples retained the normal class label. Balanced sampling with a 1:1 ratio was applied to prevent class dominance during binary classifier training.

			(3) Binary screening model: A binary classifier was trained using confirmed disease samples and pseudo-normal samples with balanced sampling. Noise-robust optimization strategies were applied to mitigate potential pseudo-label uncertainty.

			

			(4) Multi-class abnormality classification: For teeth predicted as abnormal, a dedicated multi-class classifier was trained using only confirmed disease samples. Class imbalance was addressed through weighted optimization. 

			Evaluation metrics

			Model performance was evaluated using mean Average Precision at an Intersection over Union threshold of 0.5 (mAP50) as the primary metric. Mean Average Precision averaged across IoU thresholds from 0.5 to 0.95 (mAP50-95) was also reported. Precision and recall were calculated based on true positives, false positives, and false negatives. A detection was considered a true positive if the predicted bounding box overlapped with the ground truth by an IoU ≥ 0.5 and the predicted class matched the reference label; otherwise, detections were classified as false positives, and missed ground-truth objects were considered false negatives. All metrics were computed on the validation set using a fixed confidence threshold of 0.25 and an IoU threshold of 0.5 for non-maximum suppression. Per-class metrics were reported to account for class imbalance.

			Results

			Dataset annotation summary

			Table 1 summarizes the number of annotations of the panoramic dental dataset. Quadrant classification was available for 693 images, yielding 2,772 quadrant annotations with balanced distribution (693 per quadrant). Quadrant classification and tooth enumeration were jointly annotated in 634 images, producing 18,095 quadrant annotations (Quadrant 1: 4,506; Quadrant 2: 4,490; Quadrant 3: 4,542; Quadrant 4: 4,557) and 18,095 tooth annotations across eight tooth positions, with moderate imbalance (range: 1,504-2,508, lowest in Tooth 8 and highest in Tooth 1). Full quadrant, tooth, and abnormality annotations were available for all 678 images, comprising 3,529 quadrant annotations (823-965 per quadrant), 4,529 tooth annotations with pronounced skew toward posterior teeth (Tooth 6-8: 2,594 annotations), and 3,529 abnormality annotations showing strong class imbalance (Caries: 2,189 vs. Periapical lesion: 158).

			Model performance

			Table 2 summarizes model parameters used in this study, including training, loss, and augmentation parameters. Table 3 and Figure 2.A-2.C display model performance metrics for each task. Quadrant classification achieved the highest performance, with mAP50 of 0.994 and F1-score of 0.994. Tooth enumeration maintained strong detection performance across 32 FDI classes, reaching mAP50 of 0.936 and F1-score of 0.899. Abnormality detection showed lower overall performance compared to anatomical tasks, with mAP50 of 0.687 and F1-score of 0.696. At the class level, impacted teeth and caries achieved F1-scores of 0.904 and 0.885, respectively. Periapical lesions and deep caries demonstrated lower F1-scores of 0.568 and 0.585. Across tasks, precision and recall remained balanced, with no substantial discrepancy between the two metrics.

			

			Table 1. Summary of datasets and annotation statistics used for quadrant classification, tooth enumeration, and abnormality detection.

			
				
					
					
					
					
				
				
					
							
							Task

						
							
							Category level

						
							
							Category value

						
							
							Number of

							annotations

						
					

					
							
							Quadrant classification (693 images)

						
							
							Quadrant

						
							
							Quadrant 1

						
							
							693

						
					

					
							
							
							
							Quadrant 2

						
							
							693

						
					

					
							
							
							
							Quadrant 3

						
							
							693

						
					

					
							
							
							
							Quadrant 4

						
							
							693

						
					

					
							
							Quadrant classification + Tooth enumeration (634 images)

						
							
							Quadrant

						
							
							Quadrant 1

						
							
							4,506

						
					

					
							
							
							
							Quadrant 2

						
							
							4,490

						
					

					
							
							
							
							Quadrant 3

						
							
							4,542

						
					

					
							
							
							
							Quadrant 4

						
							
							4,557

						
					

					
							
							
							Tooth

						
							
							Tooth 1

						
							
							2,508

						
					

					
							
							
							
							Tooth 2

						
							
							2,497

						
					

					
							
							
							
							Tooth 3

						
							
							2,499

						
					

					
							
							
							
							Tooth 4

						
							
							2,404

						
					

					
							
							
							
							Tooth 5

						
							
							2,299

						
					

					
							
							
							
							Tooth 6

						
							
							2,070

						
					

					
							
							
							
							Tooth 7

						
							
							2,314

						
					

					
							
							
							
							Tooth 8

						
							
							1,504

						
					

					
							
							Quadrant classification + Tooth enumeration + Abnormality detection (678 images)

						
							
							Quadrant

						
							
							Quadrant 1

						
							
							823

						
					

					
							
							
							Quadrant 2

						
							
							799

						
					

					
							
							
							
							Quadrant 3

						
							
							965

						
					

					
							
							
							
							Quadrant 4

						
							
							942

						
					

					
							
							
							Tooth

						
							
							Tooth 1

						
							
							78

						
					

					
							
							
							
							Tooth 2

						
							
							97

						
					

					
							
							
							
							Tooth 3

						
							
							81

						
					

					
							
							
							
							Tooth 4

						
							
							249

						
					

					
							
							
							
							Tooth 5

						
							
							430

						
					

					
							
							
							
							Tooth 6

						
							
							894

						
					

					
							
							
							
							Tooth 7

						
							
							768

						
					

					
							
							
							
							Tooth 8

						
							
							932

						
					

					
							
							
							Abnormality

						
							
							Impacted

						
							
							604

						
					

					
							
							
							
							Caries

						
							
							2,189

						
					

					
							
							
							
							Periapical lesion

						
							
							158

						
					

					
							
							
							
							Deep caries

						
							
							578

						
					

				
			

			

			Table 2. Summary of model parameters.

			
				
					
					
					
					
					
					
				
				
					
							
							Parameter

						
							
							Task 1

						
							
							Task 2

						
							
							Task 3

							(Temporary 4-class disease model)

						
							
							Task 3

							(Binary disease detection model)

						
							
							Task 3

							(Class disease detection model)

						
					

					
							
							Model information

						
					

					
							
							Model base

						
							
							yolov8n-seg.pt

						
							
							best.pt (Task 1)

						
							
							yolov8n.pt

						
							
							yolov8n.pt

						
							
							yolov8n.pt

						
					

					
							
							Task type

						
							
							Segmentation

						
							
							Detection

						
							
							Detection (4-class)

						
							
							Detection (Binary)

						
							
							Detection (4-class)

						
					

					
							
							Classes

						
							
							4 quadrants

						
							
							32 FDI teeth

						
							
							4 diseases

						
							
							2 (Normal/Disease)

						
							
							4 diseases

						
					

					
							
							Training parameter

						
					

					
							
							epochs

						
							
							100

						
							
							100

						
							
							100

						
							
							120

						
							
							150

						
					

					
							
							imgsz

						
							
							640

						
							
							512

						
							
							320 

						
							
							320 

						
							
							320 

						
					

					
							
							batch

						
							
							16

						
							
							4

						
							
							32 

						
							
							32 

						
							
							32 

						
					

					
							
							device

						
							
							'0'

						
							
							0

						
							
							'0'

						
							
							'0'

						
							
							'0'

						
					

					
							
							optimizer

						
							
							'auto'

						
							
							'AdamW'

						
							
							'AdamW'

						
							
							'AdamW'

						
							
							'AdamW'

						
					

					
							
							lr0

						
							
							—

						
							
							0.001

						
							
							0.001

						
							
							0.001

						
							
							0.001

						
					

					
							
							lrf

						
							
							—

						
							
							0.01

						
							
							0.01

						
							
							0.005

						
							
							0.01

						
					

					
							
							weight_decay

						
							
							—

						
							
							0.0005

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							freeze

						
							
							—

						
							
							10

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							patience

						
							
							50

						
							
							20

						
							
							20

						
							
							15

						
							
							30

						
					

					
							
							save

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
					

					
							
							save_period

						
							
							10

						
							
							20

						
							
							—

						
							
							20

						
							
							25

						
					

					
							
							val

						
							
							TRUE

						
							
							TRUE

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							workers

						
							
							8

						
							
							2

						
							
							8 

						
							
							8

						
							
							8

						
					

					
							
							amp

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
					

					
							
							seed

						
							
							42

						
							
							—

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							deterministic

						
							
							TRUE

						
							
							—

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							verbose

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
					

					
							
							plots

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
							
							TRUE

						
					

					
							
							Loss parameter

						
							
							
							
							
							
					

					
							
							box

						
							
							—

						
							
							—

						
							
							7.5

						
							
							7.5

						
							
							7.5

						
					

					
							
							cls

						
							
							—

						
							
							—

						
							
							0.5

						
							
							0.6

						
							
							dynamic

						
					

					
							
							dfl

						
							
							—

						
							
							—

						
							
							1.5

						
							
							1.5

						
							
							1.5

						
					

					
							
							conf

						
							
							—

						
							
							—

						
							
							0.25

						
							
							0.25

						
							
							0.25

						
					

					
							
							iou

						
							
							—

						
							
							—

						
							
							0.7

						
							
							0.7

						
							
							0.7

						
					

					
							
							label_smoothing

						
							
							—

						
							
							—

						
							
							—

						
							
							0.1

						
							
							—

						
					

					
							
							Augmentation parameter

						
							
							
							
					

					
							
							hsv_h

						
							
							0.015

						
							
							—

						
							
							—

						
							
							0.02

						
							
							0.015

						
					

					
							
							hsv_s

						
							
							0.7

						
							
							—

						
							
							—

						
							
							0.8

						
							
							0.7

						
					

					
							
							hsv_v

						
							
							0.4

						
							
							—

						
							
							—

						
							
							0.5

						
							
							0.4

						
					

					
							
							degrees

						
							
							0

						
							
							10

						
							
							15

						
							
							20

						
							
							15

						
					

					
							
							translate

						
							
							0.1

						
							
							0.1

						
							
							0.1

						
							
							0.15

						
							
							0.1

						
					

					
							
							scale

						
							
							0.5

						
							
							0.2

						
							
							0.3

						
							
							0.4

						
							
							0.3

						
					

					
							
							shear

						
							
							0

						
							
							—

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							

							Parameter

						
							
							Task 1

						
							
							Task 2

						
							
							Task 3

							(Temporary 4-class disease model)

						
							
							Task 3

							(Binary disease detection model)

						
							
							Task 3

							(Class disease detection model)

						
					

					
							
							perspective

						
							
							0

						
							
							—

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							flipud

						
							
							0

						
							
							0.5

						
							
							0.5

						
							
							0.5

						
							
							0.5

						
					

					
							
							fliplr

						
							
							0.5

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
					

					
							
							mosaic

						
							
							1

						
							
							0.5

						
							
							0.5

						
							
							0.6

						
							
							0.5

						
					

					
							
							mixup

						
							
							0

						
							
							0

						
							
							—

						
							
							—

						
							
							—

						
					

					
							
							copy_paste

						
							
							—

						
							
							0

						
							
							—

						
							
							—

						
							
							—

						
					

				
			

			Table 3. Performance of quadrant classification, tooth enumeration, and abnormality detection models.

			
				
					
					
					
					
					
					
				
				
					
							
							Task

						
							
							mAP50

						
							
							mAP50-95

						
							
							Precision

						
							
							Recall

						
							
							F1-score

						
					

					
							
							Quadrant classification

						
							
							0.994

						
							
							0.750

						
							
							0.994

						
							
							0.995

						
							
							0.994

						
					

					
							
							Tooth enumeration

						
							
							0.936

						
							
							0.536

						
							
							0.902

						
							
							0.897

						
							
							0.899

						
					

					
							
							Abnormality detection

						
							
							0.687

						
							
							0.480

						
							
							0.655

						
							
							0.742

						
							
							0.696

						
					

					
							
							Impacted

						
							
							0.957

						
							
							0.608

						
							
							0.933

						
							
							0.876

						
							
							0.904

						
					

					
							
							Caries

						
							
							0.933

						
							
							0.675

						
							
							0.818

						
							
							0.963

						
							
							0.885

						
					

					
							
							Periapical lesion

						
							
							0.519

						
							
							0.322

						
							
							0.555

						
							
							0.581

						
							
							0.568

						
					

					
							
							Deep caries

						
							
							0.612

						
							
							0.389

						
							
							0.558

						
							
							0.615

						
							
							0.585
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			Figure 2. Model performance for (A) quadrant classification, (B) tooth enumeration, and (C) abnormality detection tasks. 

			

			Confusion matrix analysis

			Confusion matrix analysis shows that quadrant classification (Figure 3.A) shows almost exclusive diagonal dominance, reflecting the near-perfect performance (F1=0.994). Tooth enumeration (Figure 3.B) maintains a strong diagonal pattern across 32 classes, with limited confusion mainly between neighboring FDI labels, corresponding to an overall F1-score of 0.899. For abnormality detection (Figure 3.C), diagonal concentration is evident for impacted teeth and caries, while periapical lesions and deep caries exhibit greater off-diagonal distribution.

			Qualitative results

			Figure 4.A-4.D illustrates representative outputs across the hierarchical pipeline. Quadrant segmentation accurately delineates anatomical regions, followed by consistent tooth-level localization and FDI labeling. The final abnormality detection stage identifies affected teeth while preserving alignment with upstream anatomical predictions.

			[image: ]

			Figure 3. Confusion matrix heatmap for (A) quadrant classification, (B) tooth enumeration, and (C) abnormality detection tasks.
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			Figure 4. Example of hierarchical annotation and model outputs across the proposed pipeline: (A) Original panoramic radiograph without annotations; (B) Quadrant segmentation results (Task 1); (C) Tooth enumeration with FDI labels (Task 2); (D) Tooth-level abnormality detection (Task 3).

			Discussion

			In this study, we developed and evaluated a three-stage hierarchical framework for panoramic radiograph analysis using the DENTEX dataset, encompassing quadrant classification, tooth enumeration, and tooth-level abnormality detection. Using a unified YOLOv8-based architecture across tasks, the model achieved near-perfect performance for quadrant classification, strong performance for tooth enumeration, and moderate performance for abnormality detection. These results reflect a clear performance gradient from coarse anatomical localization to fine-grained disease classification.

			Our findings are consistent with prior evidence demonstrating strong performance of deep learning in dental radiograph analysis. A previous systematic review of 29 individual studies reported accuracy ranging from 81.8% to 99%, sensitivity from 75.5% to 98%, specificity from 79.9% to 99%, and an AUC of 96% for tooth identification and numbering (3). However, most studies addressed individual tasks such as tooth detection, numbering, or disease classification separately, rather than adopting a unified or hierarchical framework (3).

			Recent studies illustrate this task-specific focus. For disease detection, a dual-stage model for caries segmentation achieved Dice=0.926, precision=0.921, recall=0.931, and IoU=0.862, demonstrating strong performance in well-defined lesion segmentation (7). For multi-class anomaly detection, a two-stage ESRGAN-YOLOv8 pipeline reported mAP50 of 56.9% and mAP50-95 of 41.6%, with high sensitivity (0.942) for crown detection but substantially lower sensitivity for caries (0.174) and severely decayed teeth (0.355), indicating variability across classes (8). For impacted teeth detection, a MedSAM-based approach achieved accuracy of 86.73% but relatively low F1-score (0.535) and IoU (0.365), highlighting limitations in fine-grained localization (9). For periapical lesion detection, an integrated YoCNET model (YOLOv5 + ConvNeXt) demonstrated strong performance, with accuracy of 90.93%, precision of 98.88%, sensitivity of 85.30%, F1-score of 0.9159, and AUC of 0.9757, outperforming alternative integrated models such as YOLOv5 + ResNet34 (10). These results indicate that combining detection and classification architectures can improve performance in multi-lesion detection tasks, particularly when tooth-level segmentation is incorporated (10).

			YOLO-based architectures have been widely applied across these tasks, including tooth detection, enumeration, and disease classification (8, 11-15). Prior studies reported high performance for structured tasks, such as mAP up to 0.98 and sensitivity and precision approaching 0.99 in tooth detection and numbering, as well as F1-scores above 0.92 in caries classification (8, 11-15). However, these approaches are typically implemented as single-stage or task-specific models, limiting their ability to capture hierarchical anatomical relationships (8, 11-15).

			In comparison, our framework integrates quadrant classification, tooth enumeration, and abnormality detection within a unified hierarchical pipeline. This design preserves strong performance in anatomical tasks (F1=0.994 and 0.899) while achieving competitive results in disease detection, particularly for impacted teeth (F1=0.904) and caries (F1=0.885). Lower performance for periapical lesions (F1=0.568) and deep caries (F1=0.585) remains consistent with prior studies, reflecting persistent challenges related to low contrast and anatomical overlap. Prior studies using transfer learning on cropped panoramic tooth images have also demonstrated improved performance for localized abnormality detection, suggesting that reducing background anatomical complexity may facilitate lesion recognition (16). However, such approaches may suffer from limited generalizability to full panoramic radiographs and real-world clinical settings, where anatomical overlap and contextual variability are substantially greater (16).

			Overall, these findings suggest that while YOLO-based and other deep learning models achieve high accuracy in isolated tasks, integrating these tasks within a hierarchical framework may provide a more consistent and clinically interpretable approach to panoramic radiograph analysis.

			One strength of our study is the alignment between dataset structure and model architecture. The DENTEX dataset provides hierarchical annotations (quadrant→tooth→abnormality), and our pipeline explicitly preserves this anatomical progression. This design improves interpretability: each stage can be independently evaluated, and downstream errors can be traced to upstream localization performance. Using YOLOv8 across all tasks ensured architectural consistency while allowing task-specific adaptation. Transfer learning from quadrant segmentation to tooth enumeration helped retain global anatomical context. Moreover, the two-stage abnormality framework mitigated extreme class imbalance without introducing external datasets. The pseudo-normal sample construction, although conservative, enabled balanced binary training and improved screening robustness. Another strength is the balanced precision-recall profile observed across tasks and stable trade-offs, suggesting consistent confidence calibration under a fixed threshold.

			Despite strong performance in anatomical tasks, abnormality detection remains the main bottleneck. Several factors may explain this gap. First, panoramic radiographs inherently contain distortion, overlapping structures, and limited spatial resolution, which particularly affect periapical and deep carious lesions. Second, the dataset exhibits pronounced class imbalance, with caries dominating abnormal annotations. Although weighted optimization and hierarchical classification were applied, minority classes still showed reduced performance. Third, while YOLOv8 provides strong real-time performance and structural simplicity, transformer-based or hybrid architectures have recently demonstrated advantages in modeling global context in medical imaging (17-19). Fourth, external validation using independent datasets or comparison with expert performance was not performed, which may limit the generalizability of the proposed framework across different clinical settings. In addition, abnormality interpretation in panoramic radiographs may inherently involve inter-observer variability, particularly for subtle lesions with ambiguous radiographic boundaries. Similar concerns regarding diagnostic subjectivity have been reported in AI-based imaging studies for temporomandibular joint osteoarthritis, where AI-assisted interpretation demonstrated higher agreement with reference standards than human evaluation alone (20). Finally, from an ethical and clinical perspective, false-negative predictions in abnormality screening may potentially delay diagnosis or referral, highlighting the need for careful human oversight before clinical application. Therefore, the proposed framework should be considered as a decision-support tool rather than a fully autonomous diagnostic system.

			Overall, this study demonstrates that a YOLOv8-based hierarchical framework can effectively leverage structured annotations in the DENTEX dataset, achieving robust anatomical localization and moderate disease detection performance. While anatomical tasks approach near-ceiling performance, further methodological and data-level improvements are needed to close the gap in abnormality classification.
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ABSTRACT: Automated analysis of panoramic radiographs remains challenging due to anatomical
complexity and image variability. While deep learning has shown strong performance in dental imaging,
most studies focus on isolated tasks. This study aimed to propose a hierarchical YOLOv8-based framework
aligned for comprehensive analysis of panoramic radiographs using structured dental annotations. A three-
stage deep learning pipeline based on YOLOv8 was developed using the DENTEX dataset. The framework
includes (1) quadrant classification, (2) tooth enumeration (FDI 11-48), and (3) tooth-level abnormality
detection using a two-stage approach (binary screening followed by subtype classification). Panoramic
radiographs with hierarchical annotations were used, with an 80:20 train—validation split. Performance
was evaluated using mAP50, mAP50-95, precision, recall, and F1-score. The model achieved near-
perfect performance for quadrant classification (mAP50=0.994, mAP50-95=0.750, precision=0.994,
recall=0.995, and F1=0.994) and strong performance for tooth enumeration (mAP50=0.936, mAP50-
95=0.536, precision=0.902, recall=0.897, and F1=0.899). Abnormality detection showed moderate
performance (mAP50=0.687, mAP50-95=0.480, precision=0.655, recall=0.742, and F1=0.696).
At the class level, impacted teeth (F1=0.904) and caries (F1=0.885) were well detected, whereas
periapical lesions (F1=0.568) and deep caries (F1=0.585) showed lower performance. Precision and
recall were balanced across tasks. The proposed hierarchical framework enables anatomical localization
and integration of detection tasks of panoramic radiographs within a unified pipeline using YOLOv8. While
performance is near-ceiling for anatomical tasks, disease detection remains challenging, particularly for
low-contrast lesions.
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