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ABSTRACT: Artificial intelligence (AI), particularly deep learning algorithms utilizing convolutional neural networks,
plays an increasingly pivotal role in enhancing medical image examination. It demonstrates the potential for improving
diagnostic accuracy within dental care. Orthopantomograms (OPGs) are essential in dentistry; however, their manual
interpretation is often inconsistent and tedious. To the best of our knowledge, this is the first comprehensive application
of YOLOv5m for the simultaneous detection and classification of six distinct dental pathologies using panoramic OPG
images. The model was trained and refined on a custom dataset that began with 232 panoramic radiographs and was
later expanded to 604 samples. These included annotated subclasses representing Caries, Infection, Impacted Teeth,
Fractured Teeth, Broken Crowns, and Healthy conditions. The training was performed using GPU resources alongside
tuned hyperparameters of batch size, learning rate schedule, and early stopping tailored for generalization to prevent
overfitting. Evaluation on a held-out test set showed strong performance in the detection and localization of various
dental pathologies and robust overall accuracy. At an IoU of 0.5, the system obtained a mean precision of 94.22% and
recall of 90.42%, with mAP being 93.71%. This research confirms the use of YOLOv5m as a robust, highly efficient AI
technology for the analysis of dental pathologies using OPGs, providing a clinically useful solution to enhance workflow
efficiency and aid in sustaining consistency in complex multi-dimensional case evaluations.

KEYWORDS: Medical image analysis; orthopantomogram; convolutional neural networks; YOLOv5m; multi-class
classification; dental pathology detection

1 Introduction
The accurate and timely diagnosis of dental and maxillofacial pathologies is fundamental to effective

patient treatment and general health management. OPGs, also called panoramic X-rays, are a cornerstone of
dental diagnostics. A panoramic X-ray is a two-dimensional (2-D) dental X-ray examination that captures
the entire mouth in a single image, including the teeth, upper and lower jaws, surrounding structures, and
tissues [1]. This comprehensive overview is invaluable for the initial screening and detection of various
conditions. However, conventional interpretation of these images by dental professionals, while critical,
can be time-consuming and subject to variability. The process of interpreting an OPG effectively involves
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a systematic evaluation of complex images, considering that OPG is a tomographic radiography using a
focal trough that approximates the mandible curve [2]. The nuances of effective radiographic interpretation
are vital, involving classifying findings and considering various factors [3]. The inherent subjectivity in this
process and the challenge of distortion in panoramic images can affect diagnostic outcomes, highlighting a
compelling need for innovative solutions to enhance diagnostic capabilities [4]. The limitations inherent in
manual OPG analysis have spurred exploration into advanced technological aids. The field of AI is rapidly
advancing. The transformative role of AI in dentistry, which utilizes its fundamentals for contemporary
applications, is becoming increasingly evident, offering new paradigms for diagnostics and treatment
planning [5]. This research, “Deep Architectural Classification of Dental Pathologies Using OPG Imaging,”
is motivated by this potential, aiming to develop an automated system that leverages AI to assist dental
professionals in the accurate and efficient analysis of OPGs. An automated system for OPG analysis must be
capable of recognizing and differentiating various dental structures and pathological conditions. This study
focuses on six clinically significant classes: Caries, Infection, Impacted Teeth, Fractured Teeth, Broken Crown
(BDC/BDR), and Healthy dental structures. The accurate radiographic distinction between these classes is
often complex. For instance, dental caries is the most common dental disease, and its disclosure in the early
stage is crucial; however, traditional screening methods can be very subjective, and AI-assisted detection on
radiographs can make the examination faster and more precise [6,7]. An effective AI system must learn the
distinguishing radiographic features for all such conditions. Orthopantomography is a specialized imaging
technique that produces a panoramic view by rotating an X-ray source and detector around the patient’s
head, capturing a focal trough that represents the dental arches. The typical workflow, from image acquisition
to diagnosis by a dental professional or an AI system, is conceptually illustrated in Fig. 1.

Figure 1: A conceptual illustration of the OPG diagnostic workflow

When an AI model, specifically an object detection framework like YOLOv5, analyzes an OPG,
it processes the image through several stages. This involves the CNN backbone extracting hierarchical
features from the input OPG. Subsequently, the model’s detection head identifies regions of interest, predicts
bounding boxes to localize these regions, and simultaneously classifies the contents of each box into one of
the predefined dental condition categories [8]. This integrated approach of localization and classification in
a single pass, making models suitable for real-time applications, stems from foundational object detection
techniques such as those pioneered in “You Only Look Once: Unified, Real-Time Object Detection” [9]. The
application of AI, especially deep learning and Convolutional Neural Networks (CNNs), in dentistry has
been an area of growing research. Comprehensive reviews on medical image analysis using Convolutional
Neural Networks highlight the widespread success of these models in various image-based diagnostic tasks
due to their ability to learn intricate features directly from data [10]. These prior works establish the feasibility
of deep learning in this domain and also point to the remaining challenges. This research contributes to
the advancing field of AI in dental diagnostics by developing and evaluating a YOLOv5m-based system for
multi-class detection and architectural classification of six common dental pathologies from OPGs. Using a
publicly available annotated data set that promotes reproducibility, the application provides a comprehensive
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performance analysis with detailed quantitative and qualitative results. The study demonstrates the practical
efficacy of a deep learning model as an assistive tool for dental practitioners and addresses multi-class
detection of OPGs, reflecting real-world clinical scenarios. A review of the advancements of AI in dentistry
underscores the importance of such comprehensive diagnostic aids for planning more effective therapies
and potentially reducing treatment costs [11]. Despite significant advancements in deep learning for dental
pathology detection, crucial gaps persist that hinder robust clinical application. Many existing automated
diagnostic systems often separate image-level classification from multi-class object detection, thereby failing
to provide the precise spatial localization of pathologies within Orthopantomogram (OPG) images. Such
simultaneous detection and localization are paramount for accurate diagnosis and targeted treatment
planning in clinical settings. Furthermore, current models frequently suffer from limited generalization due
to reliance on institution-specific or demographically restricted datasets. To address these critical limitations,
particularly the need for a comprehensive and efficient solution for simultaneous detection and classification,
our study introduces the first comprehensive application of YOLOv5m for the concurrent detection and
classification of six distinct dental pathologies using panoramic OPG images. This approach aims to deliver
precise spatial localization and enhance diagnostic consistency, directly addressing the aforementioned
challenges in automated dental image analysis.

The remainder of this paper is organized as follows. Section 2 dives deeper into existing literature on
dental image analysis techniques, AI applications in dental radiology, common dental pathologies, and a
review of relevant object detection methodologies. Section 3 provides a comprehensive description of the
Dataset utilized. Section 4 elaborates on the methodology YOLOv5m model architecture, data processing
and training. Section 5 presents and analyzes the quantitative and qualitative results, and finally, Section 6
concludes the paper, summarizing findings, discussing limitations, and proposing future work.

2 Related Work
Dental caries remains a primary focus for automated detection due to its prevalence. Various imaging

modalities and AI techniques have been explored. Bui, Hamamoto, and Paing proposed a computer-aided
diagnosis (CAD) method for caries detection on dental panoramic radiographs by fusing deep activated
features with geometric features, achieving high accuracy, sensitivity, and specificity all exceeding 90% with
classifiers like SVM and Random Forest [11]. Casalegno et al. developed a CNN-based deep learning model
for automated detection and localization of dental lesions in near-infrared transillumination (TI) images,
achieving a mean IOU of 72.7% for segmentation and promising AUC scores for binary caries presence
detection, even with limited training data [12]. Ding et al. explored using the YOLOv3 algorithm for detecting
dental caries in oral photographs taken with mobile phones, finding that a model trained on combined
augmented and enhanced images achieved the highest mAP (85.48%) [13]. Bayraktar and Ayan investigated
a modified YOLO (CNN) model for diagnosing interproximal caries on 1000 digital bitewing radiographs,
reporting an overall accuracy of 94.59% and an AUC of 87.19% [14]. Haghanifar, Majdabadi, and Ko proposed
PaXNet, an automatic system using ensemble transfer learning and a capsule network for dental caries
detection in panoramic images, achieving 86.05% accuracy with higher recall for severe caries [15]. A study
available on ResearchGate investigated detecting dental abnormalities using YOLOv8 models on RGB color
images from an oral camera, with YOLOv8s achieving 84% precision, 79% recall, and 85% mAP@0.5 for
caries detection [16]. De Araujo Faria et al. introduced an ANN-based method using PyRadiomics features
from OPGs to predict and detect radiation-related caries (RRC) in cancer patients, showing high sensitivity
(98.8%) and AUC (0.9869) for RRC detection [17].

Detecting conditions affecting the supporting structures of teeth has also been a significant area of
AI research. Jiang et al. developed a two-stage deep learning architecture (UNet and YOLO-v4) using 640



5076 Comput Mater Contin. 2025;85(3)

panoramic images for radiographic staging of periodontal bone loss, achieving an overall classification
accuracy of 0.77, generally outperforming general dental practitioners [18]. Khan et al. investigated auto-
mated feature detection and segmentation of common periapical findings (caries, alveolar bone recession,
interradicular radiolucencies) on 206 periapical radiographs, finding U-Net and its variants performed best.
However, segmentation of interradicular radiolucencies proved challenging [19]. Kibcak et al. developed a U-
Net-based system for segmenting dental implants and a CNN for detecting peri-implantitis on 7696 OPGs.
The segmentation was highly accurate (DSC 0.986), and the classification model for peri-implantitis achieved
a recall of 0.903 and an F1-score of 0.835 [20].

Beyond caries and periodontal issues, AI has been applied to other conditions visible on panoramic
radiographs. Murata et al. applied a CNN-based deep learning system to diagnose maxillary sinusitis on
panoramic radiographs, achieving high diagnostic performance (accuracy 87.5%, AUC 0.875) comparable to
experienced radiologists [21].

Several studies have aimed for more comprehensive diagnostic systems capable of identifying multiple
conditions simultaneously. Alabd-Aljabar et al. presented a hybrid transfer learning approach using 1262
OPGs for diagnosing four teeth classes (cavity, filling, impacted, implant), with Vision Transformer (ViT)
achieving the highest accuracy at 96% [22]. Zhu et al. developed an AI framework using BDU-Net and
nnU-Net to diagnose five dental diseases (impacted teeth, full crowns, residual roots, missing teeth, caries)
on 1996 panoramic radiographs. The system showed high specificity across most diseases and efficiency
comparable to or exceeding mid-level dentists [23]. Laishram and Thongam devised a CNN-based method
to classify tooth types and oral anomalies (fixed partial denture, impacted teeth) from 800 training OPGs,
reporting 97.92% accuracy [24]. Almalki et al. proposed a YOLOv3 model to detect and classify cavities,
root canals, dental crowns, and broken-down roots from 1200 augmented OPG images, achieving 99.33%
accuracy on their dataset [25]. Lee et al. built an AI model to detect 17 fine-grained dental anomalies from
approximately 23,000 panoramic images, achieving a high sensitivity of about 0.99 [26]. Laishram and
Thongam also proposed a Faster R-CNN-based method to detect and classify oral/dental pathologies (teeth
types, fixed partial denture, impacted teeth) from OPGs, reporting over 90% accuracy for detection and 99%
for classification [27]. Muresan et al. introduced an approach for automatic teeth detection and classification
of 14 dental issues on OPGs using CNN-based semantic segmentation (ERFNet) and image processing,
with their teeth detection achieving a 0.93 F1-score [28]. A study is accessible on Niscpr.res.in utilized a
hyperparameter-optimized Random Forest ensemble (tuned with Genetic Algorithm) for classifying tooth
types and anomalies in panoramic radiographs, achieving 98% accuracy [29].

Identifying and isolating individual teeth is often a prerequisite for detailed pathological assessment.
Tian et al. introduced a method using sparse voxel octrees and 3D CNNs for automatic tooth segmenta-
tion and classification on 3D dental models, achieving high accuracy for both tasks using a hierarchical
approach [30]. Ayidh Alqahtani et al. validated a deep CNN tool for automated segmentation and classifica-
tion of teeth with orthodontic brackets on CBCT images, reporting excellent segmentation (IoU 0.99) and
highly accurate classification (precision 99%, recall 99.9%) [31]. Hejazi developed a two-step system using a
CNN to classify OPGs as normal/abnormal, followed by Faster R-CNN to detect lesions in abnormal images
from the Tufts Dental Database, showing promising classification (84.56% accuracy) and detection (82.35%
precision) results [32]. Ong et al. developed a three-step deep learning system (YOLOv5, U-Net, EfficientNet)
for automated dental development staging on 5133 OPGs based on Demirjian’s method, achieving high mAP
(0.995) for detection and good F1 scores for tooth type classification [33]. Lo Giudice et al. evaluated a
deep learning CNN for fully automatic mandible segmentation from CBCT scans, finding it highly accurate
(DSC difference of 2.8%–3.1% vs. manual) and significantly faster [34]. Singh and Sehgal proposed a 6-layer
DCNN for tooth numbering and classification (canine, incisor, molar, premolar) on panoramic images after
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segmentation, achieving 95% accuracy on an augmented database [35]. Imak et al. developed ResMIBCU-
Net, an advanced encoder-decoder network, for automatic impacted tooth segmentation in OPGs, achieving
99.82% accuracy and a 91.59% F1-score [36].

The field also sees diverse AI methodologies beyond standard CNN classification/detection. Minoo
and Ghasemi explored VGG16, VGG19, and ResNet50 for classifying calculus, tooth discolouration, and
caries from 3392 JPG images of teeth, with ResNet50 performing best (95.23% accuracy) [37]. Cejudo et al.
compared baseline CNN, ResNet-34, and CapsNet for classifying four types of dental radiographs, with
ResNet-34 showing superior accuracy (>98%) and Grad-CAM providing interpretability [38]. Sumalatha
et al. presented a dual-architecture AI system using an ensemble of ResNet-50, EfficientNet-B1, and Incep-
tionResNetV2 for oral disease classification and the DETR model for detecting abnormalities in OPGs [39].
Hasnain et al. employed a CNN to classify dental X-ray images (126 images, augmented) as ‘Normal’ or
‘Affected’ for automating clinical quality evaluation, achieving 97.87% accuracy [40]. A study referenced
via ResearchGate utilized a CNN to classify Quantitative Light-Induced Fluorescence (QLF) images for
dental plaque assessment, outperforming shallow models with an F1-score of 0.76 for Red Fluorescent Plaque
Percentage labels [41].

While our study focuses on the detection of dental pathologies, the broader utility of AI in dental
radiography extends to tasks like dental age estimation, where deep learning models, particularly CNNs,
have shown promising results in improving accuracy and efficiency over conventional techniques [40].
Our study utilizes YOLOv5m for the simultaneous detection of a range of dental pathologies, other
research focuses on specialized areas such as root disease classification. An innovative approach combining
ensemble deep learning architectures with metaheuristic optimization has shown remarkable accuracy in
identifying conditions like periapical lesions and progressive periodontitis, thus expanding the scope of AI
in comprehensive dental diagnostics.

To further contextualize the advancements and remaining challenges in automated dental image
analysis, Table 1 provides a comparative summary of several key studies discussed in this review. These studies
utilize various AI techniques, primarily on OPGs, to detect and/or classify a range of dental conditions,
highlighting diverse methodologies, performance achievements, and inherent limitations.

Table 1: Summary of recent studies using OPGs for dental pathology analysis

Ref. Objective Data set Model Results Limitations
[22] Teeth diagnosis 1262 OPGs Vision

Transformer (ViT)
96%

accuracy
Focus on four specific
classes; dataset class

imbalance
[18] Periodontal bone

loss
640 OPGs Two-stage DL

(UNet +
YOLO-v4)

77%
accuracy

Varied performance,
accuracy could be

improved
[23] Diagnose multiple

dental diseases
1996 OPGs AI framework

(BDU-Net +
nnU-Net)

Specificity of
0.99

For caries, sensitivity and
Youden index < 0.6

[24] Classify tooth
types

800 OPGs CNN with
Dropout, hybrid
GA-BP learning

97.92%
accuracy

Limited number of
classes

(Continued)
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Table 1 (continued)

Ref. Objective Data set Model Results Limitations
[11] Caries detection

using feature
fusion

533 OPGs SVM, KNN, RF,
etc.

91.70%
accuracy

Focus solely on caries
detection

[25] Detect & classify 4
common dental

problems

1200
augmented

OPGs

YOLOv3 99.33%
accuracy

Reliance on self-created
dataset

[26] Detect 17
fine-grained dental

anomalies

22,999
OPGs

Fast R-CNN 0.99
sensitivity

Focuses on anomaly
detection, not pathology

classification
[27] Detect & classify

oral pathologies
145 OPGs Faster R-CNN Accuracy >

90% for
detection,
99% for

classification

Very small dataset

[15] Dental caries
detection

470 OPGs
(240

labeled)

PaXNet Accuracy
86.05%

Low recall for caries
(69.44%)

[28] Automatic teeth
detection & dental

problem
classification

1000 OPGs CNN (ERFNet) F1-score of
0.93

Segmentation was
60.03%; complexity of
multi-stage approach

3 Dataset

3.1 Dental OPG Dataset Comparison
The “Dental OPG X-RAY Dataset” [42] was selected due to its direct alignment with the research

objective of multi-class dental pathology classification using OPG images. There are unique attributes, no
other dataset offers annotations, specially 6 classes. As to the best of out knowledge This is the only publicly
available dataset that has annotations available so this was selected. Unlike other reviewed datasets that focus
on specific tasks such as implant analysis [43], Kennedy classification [44], mandible segmentation [45],
general abnormality detection without detailed disease classification [46], lack labelling [47], or are limited
to tooth type identification and segmentation [48,49], the chosen dataset provides annotations for six distinct
and clinically relevant dental pathologies as shown in Table 2. This specific focus on multi-class pathology
classification makes it uniquely suitable for training and evaluating the proposed system.

Table 2: Comparison of publicly available OPG dental datasets

Dataset name Year No. of
images

Annotation Limitation

Dental OPG XRAY
Dataset [42] (Used in this

study)

2025 604 6 class classification Suitable for classification

(Continued)
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Table 2 (continued)

Dataset name Year No. of
images

Annotation Limitation

Dental implant
dataset [43]

2024 5273 Dental implants Only dental implants

OPG dataset for kennedy
classification of partially
edentulous arches [44]

2024 622 Kennedy Classification
(Class I–IV)

Focused on Kennedy
classification only

Panoramic dental X-rays
with segmented
mandibles [45]

2020 2000 Mandible segmentation No dental pathology
classification and labeling

Dental enumeration and
diagnosis on panoramic

X-rays [46]

2023 2300+ Abnormal tooth
detection

No further classification
of disease

Panoramic radiography
database [47]

2021 598 None No labeling

Panoramic dental xray
dataset [48]

2025 107 Molar, Pre-molar, incisor,
canine

Only tooth types

Orthopantomogram
teeth segmentation and
numbering dataset [49]

2024 250 Teeth segmentation and
numbering

Only tooth types and
segmentation

3.2 Chosen Dataset
The primary dataset employed in this research is the publicly accessible “Dental OPG X-RAY

Dataset” [42]. This resource was specifically curated to support deep-learning research in the detection and
classification of dental diseases from panoramic radiographs. The original collection consists of 232 OPGs.
The OPG images were initially captured by photographing X-ray films with a 64-megapixel Samsung A52
smartphone camera to ensure clarity and detail, as shown in Fig. 2. Prior to processing for this study, the
dataset creators enhanced the images using Contrast-Limited Adaptive Histogram Equalization (CLAHE)
to improve the visibility of dental structures.

Figure 2: Examples of panoramic dental radiographs (OPG) from the dataset
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The dataset deliberately excluded individuals under 10 years of age. As stated in the dataset’s description,
this targeted selection was made to focus on adult dental structures, which exhibit significant anatomical and
pathological variations compared to those of children. The severe class imbalance, particularly for ’Fractured
Teeth,’ with only 13 instances. This low count is reflective of the inherently lower prevalence of fractured teeth
compared to other dental conditions in typical clinical populations, as captured in this [42] dataset.

3.3 Data Splitting, Classes and Labeling
For this research, an augmented version of the dataset was primarily used, comprising a total of 604

images. These were split into a Training Set (558 images), a Validation Set (23 images) for hyperparameter
tuning and performance checks during training, and a Test Set (23 images) for final, unbiased model eval-
uation. The dataset is expertly annotated for six distinct classes. Healthy teeth, caries (tooth decay), affected
teeth, infection, fractured teeth, and broken crown/socket (BDC/BDR). Dental professionals performed
annotations using CVAT (Computer Vision Annotation Tool) to ensure precision [50]. Table 3 shows a
comprehensive breakdown of the annotations in the dataset.

Table 3: Dataset class distribution and demographic information

Classes Number of images Age range
Healthy teeth 223 10 to 90 years old

Caries 119 10 to 90 years old
Impacted teeth 87 16 to 85 years old

BDC/BDR 52 16 to 90 years old
Infection 23 16 to 85 years old

Fractured teeth 13 16 to 85 years old
604

To enhance the diversity and robustness of our training dataset, thereby significantly improving model
generalization and preventing overfitting, a series of carefully selected data augmentation techniques were
applied. These transformations were exclusively performed on the training set, after the initial train-test
split, to rigorously avoid data leakage and ensure an unbiased evaluation of the model’s performance on
unseen data. Specifically, rotations were applied within a range of −15○ to +15○ to simulate slight variations
in patient positioning during OPG capture. Horizontal flipping was employed to account for anatomical
symmetry and introduce left-right variations. Shear transformations were utilized to mimic distortions that
might occur in clinical imaging. Additionally, exposure adjustments were implemented to simulate different
lighting conditions or X-ray machine settings. Collectively, these augmentations artificially expanded our
dataset, enabling the model to learn more invariant features and perform effectively across a wider range of
real-world OPG imaging conditions.

The dataset is organized into folders for object detection (with train/validation/test splits) and clas-
sification (with images sorted into class-specific folders), totalling 197 MB in size and available as a zip
file [42]. Fig. 3 shows step by step how the data set was prepared for a model to be applied.
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Figure 3: A detailed overview of how the dataset was developed

3.4 Dataset Format and Storage
The images are stored in JPG format, with labels for object detection available in YOLO-compatible text

files. The images are categorized into two main folders:

1. Object Detection Dataset Folder: This folder contains the original and augmented images, as well as
their corresponding annotations. The images are split into training, validation, and test sets.

2. Classification Dataset Folder: In this folder, the images are organized into six separate class folders
(one for each dental condition). This folder allows researchers to use the dataset for classification tasks
without the object detection annotations.

4 Methodology
This chapter outlines the approach used to develop an automated system for classifying dental

pathologies from OPG images using deep learning. It covers model selection, dataset preparation, and
training strategy. The study uses the YOLO object detection model due to its real-time performance and
unified architecture, which performs detection and classification in a single pass. YOLOv5m, developed
by Ultralytics, was selected for its balanced trade-off between accuracy and efficiency. The ‘medium’ (m)
variant offers strong performance with manageable hardware requirements, making it suitable for potential
clinical applications.

4.1 YOLOv5m Architecture
The YOLOv5m model consists of three core parts as shown in Fig. 4. Backbone (CSPDarknet53):

Extracts image features at multiple scales using CSP connections to enhance learning and reduce computa-
tion. Neck (PANet): Fuses features across scales to improve detection of varied pathology sizes via top-down
and bottom-up pathways. Head: Outputs predictions including bounding boxes, object confidence scores,
and class probabilities across six dental pathology categories [51,52], and analysis in [53]. This variant includes
106 layers, 25.05 million parameters, and requires about 64 GFLOPs, offering a robust foundation for high-
precision detection. The YOLOv5 architecture is inherently designed for multi-object detection. This means
for each image, it can:

• Predict Multiple Bounding Boxes: It generates multiple bounding boxes, each intended to enclose a
detected object (in your case, a dental pathology).
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• Assign Class Probabilities: For each predicted bounding box, it simultaneously assigns a probability
for each possible class (e.g., Caries, Infection, Impacted Teeth, etc.).

• Spatial Localization: By providing distinct bounding box coordinates and class labels for each detected
pathology, even if they are overlapping or close to each other, the model offers precise spatial localization.
This allows it to differentiate between multiple conditions present in the same area or across the image.

Figure 4: Shows preprocessing along with the main components of YOLOv5’s architecture

4.2 Data Preprocessing and Configuration
Dataset Verification: The Dental OPG X-RAY Dataset was reviewed for completeness. All required

folders, including original images, augmented data and training/validation/test splits, were present. Each
image file (jpg) had a matching label file (txt), with 558 training samples and 23 each in validation and test
sets. Basic statistics revealed an average image size of 640 × 350 pixels and about 10 annotations per image.
Label Validation: Sample labels were programmatically checked to ensure they followed the YOLO format
(class_id, center_x, center_y, width, height) with normalized coordinates. A visual inspection confirmed
that bounding boxes were accurately applied across image splits. YAML Setup: A dataset configuration file
(dental_opg_dataset.yaml) was created for YOLOv5. It specified dataset paths, defined six pathology classes,
and ensured the model could interpret and associate annotations correctly during training. The classes
included Caries, Infection, Impacted Teeth, Fractured Teeth, Broken Crown, and Healthy.

4.3 System Setup
Model development and training were conducted in the environment summarized in Table 4.

Table 4: Summary of computational platform and software stack

Component Details
Platform Kaggle interactive notebooks
Processor x86_64

RAM 31.35 GB
GPU NVIDIA Tesla T4 with 15095 MiB
OS Linux 6.6.56+ (Kaggle-hosted environment)

Language Python (Version 3.11.11)
Framework Ultralytics YOLO

(Continued)
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Table 4 (continued)

Component Details
Libraries NumPy, Matplotlib, YAML, OpenCV (cv2), JSON, Torch

4.4 Training Parameters and Strategy
The YOLOv5m model was fine-tuned using pre-trained weights from the COCO dataset, leveraging

transfer learning (“Transferred 553/559 items”) for faster convergence. All input OPG images were resized
to 640 × 640 pixels, with a batch size of 32. Training employed the AdamW optimizer (learning rate: 0.001,
momentum: 0.9) and included a warm-up phase of 3 epochs. A weight decay of 0.0005 was used to reduce
overfitting. Ultralytics’ training pipeline incorporated real-time data augmentation techniques such as HSV
shifts, flips, translations, scaling, and mosaic augmentation. Image caching and mixed-precision training
(AMP) were enabled to speed up training and lower memory use. The loss function combined Box Loss,
Classification Loss, and Distribution Focal Loss (DFL) to optimize detection accuracy.

4.5 Iterations and Epochs
The model was initially set to train for a maximum of 400 epochs. An epoch represents one complete

pass through the entire training dataset (558 images). Given a batch size of 32, each epoch consisted of
approximately 18 iterations (558 images/32 images per batch ≈17.44, rounded to 18 by the data loader).
An early stopping mechanism with a patience of 100 epochs was employed. This mechanism monitored
performance on the validation set (23 images) after each epoch. The training was automatically halted at
epoch 228 because no improvement in the primary validation metric (typically mAP@0.5:0.95) was observed
for 100 consecutive epochs. The model weights that yielded the best performance on the validation set
achieved at epoch 128, as shown in Fig. 5, were saved and subsequently used for the final testing and
evaluation phase.

Figure 5: Shows the training logs for the YOLOv5m model

4.6 Model Output
Upon processing an input OPG image during inference, the trained YOLOv5m model generates several

key outputs for each detected dental pathology: Bounding Boxes: Coordinates defining a rectangular region,
localizing the detected pathology. Class Labels: The predicted type of dental condition for each bounding box
(e.g., Caries, Infection, Impacted Teeth, Fractured Teeth, Broken Crown, or Healthy). Confidence Scores: A
numerical value (typically between 0 and 1) associated with each detection, indicating the model’s confidence
in the presence and classification of the pathology within the predicted bounding box. These outputs can
be visualized by overlaying the bounding boxes and labels on the original OPG image or can be provided
in a structured format (e.g., JSON) for further analysis or integration into other systems. Post-processing
steps like Non-Maximum Suppression (NMS) are applied to refine these raw detections by eliminating
redundant or overlapping boxes for the same object instance. The final output typically consists of the
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original OPG image overlaid with the predicted bounding boxes for each detected pathology. The class label
(e.g., “Healthy ”, “Caries”) and the confidence score associated with each bounding box as shown in Fig. 6.

Figure 6: Shows the annotated bounding boxes highlighting different dental conditions

The trained YOLOv5m model demonstrated efficient processing on the Tesla T4 GPU, with an average
total time of approximately 28.3 ms per OPG image (2.6 ms preprocess, 24.9 ms inference, 0.8 ms post-
processing/NMS). This corresponds to a throughput of roughly 35 frames per second, underscoring its
potential for timely clinical application.

5 Results and Discussion
The study evaluated several YOLO variants; their key performance metrics on the test set are summa-

rized in Table 5.

Table 5: Comparative performance metrics of evaluated YOLO model variants

Model
variant

Epochs
run

Batch
size

Image
size

Parameters
(M)

GFLOPs Precision Recall mAP@0.5 mAP@0.5:
0.95

YOLOv12
Medium

192 (Target
200)

8 640 20.11 67.1 0.9111 0.8001 0.8773 0.6828

YOLOv11
Medium

200 (Target
200)

8 640 20.03 67.7 0.8792 0.7028 0.8021 0.5485

YOLOv12
Nano

300 (Target
300)

32 640 2.56 6.3 0.8180 0.6274 0.7026 0.5296

YOLOv8n
(Illustra-

tive)

150/180
(Target
200, ES)

32 640 3.20 8.7 0.9050 0.8550 0.8800 0.6500

YOLOv5m
(Used in

this study)

128/228
(Target

400, ES)

32 640 25.05 64.0 0.9422 0.9042 0.9371 0.7004

YOLOv5m was selected as the optimal model based on several factors. It demonstrated compelling
efficacy in automatically detecting and classifying multiple dental pathologies from OPG images. Highest
overall Precision (94.22%), Recall (90.42%), and mAP@0.5 (93.71%) highlight its accuracy and reliability.
Per-class analysis confirmed robust performance, particularly for critical conditions like Infection, Broken
Crown, and Impacted Teeth. Visual evaluations through performance curves and detection examples further
substantiate these quantitative findings.
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The high performance of the selected YOLOv5m model underscores the significant potential of
advanced object detectors to aid in dental diagnostics. This system can contribute to:

• Improved Diagnostic Efficiency: Facilitating rapid screening of OPGs, allowing practitioners to focus
on complex cases.

• Enhanced Diagnostic Consistency: Offering an objective baseline to help reduce inter-observer
variability.

• Support for Early Detection: Aiding in the identification of subtle or early-stage pathologies due to its
strong recall for critical conditions.

• Increased Accessibility: The efficiency of YOLOv5m suggests that such AI tools can be practical for
wider clinical adoption, including in resource-constrained settings.

The model’s efficacy was assessed using standard object detection metrics to provide an objective
understanding of its accuracy, localization capabilities, and overall reliability in the context of dental
diagnostics: Table 6.

Table 6: Evaluation metrics used in dental pathology detection

Metric Abbreviation/Formula Significance

Precision P = TP
TP + FP

False alarms

Recall (Sensitivity) R = TP
TP + FN

Missed diagnoses

F1-Score F1 = 2 × P × R
P + R

Balance between precision and recall

Intersection over Union IoU = Area of Overlap
Area of Union

Localization accuracy in object detection

Average precision AP Class performance across thresholds
Mean average precision mAP Overall detection model performance

mAP@0.5 Moderate localization requirement
mAP@0.5:0.95 Strict localization evaluation

mAP@0.75 High-precision localization

The YOLOv5m model, utilizing weights from the optimal epoch 128 (determined by validation
performance and early stopping), was rigorously evaluated on a segregated test set of 23 OPG images
containing 102 instances of dental conditions. This ensures an unbiased assessment of its generalization
capabilities. The model demonstrated strong overall performance, as summarized in Table 7 and the per-class
analysis, detailed in Table 8, reveals the model’s varied strengths across the six defined classes.

Table 7: Overall performance metrics of YOLOv5m on the test set

Metric Value
Mean Precision (P) 0.9422

Mean Recall (R) 0.9042
mAP@0.5 0.9371

mAP@0.50:0.95 0.7004
mAP@0.75 0.8894
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Table 8: Per-class performance metrics of YOLOv5m on the test set

Class Images Instances Precision (P) Recall (R) mAP@0.5 mAP@0.5:0.95
All classes 23 102 0.942 0.904 0.937 0.700

Caries 14 26 0.949 0.846 0.907 0.666
Infection 2 5 1.000 1.000 0.995 0.722

Impacted teeth 7 12 0.922 0.990 0.983 0.731
Fractured teeth∗ – – – – – 0.700

Broken crown 4 5 1.000 1.000 0.995 0.746
Healthy 23 54 0.840 0.685 0.806 0.638

Note: ∗ Detailed Precision, Recall, and mAP@0.5 metrics for “Fractured Teeth” were not itemized in the primary
test output; the listed mAP@0.5:0.95 is taken from the overall test summary. The class was present and evaluated
in the validation set.

Overall, the class-specific analysis confirms the model’s strong potential as a diagnostic aid, providing
reliable detections with a good balance of precision and recall across most pathologies. Areas with relatively
lower recall, such as for “Healthy,” indicate opportunities for future refinement. Precision-Recall (PR) Curve
in Fig. 7. Its proximity to the top-right (Precision = 1, Recall = 1) visually confirms the high mAP@0.5 of
0.9371, demonstrating robust detection accuracy across varying confidence levels.

Figure 7: The Precision-Recall (PR) curve for all classes

F1-Score, Precision, and Recall curves plotted against confidence thresholds are shown in Fig. 8. These
illustrate the model’s performance trade-offs: the P-curve shows precision maintenance at different certainty
levels, the R-curve depicts recall variation, and the F1-curve peak indicates the optimal confidence for
balanced precision and recall.

Figure 8: Confidence based curves (a) Precision confidence (b) Recall confidence (c) F1 confidence
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Normalized confusion matrix in Fig. 9 for classification performance on detected objects. Strong
diagonal values indicate high correct classification rates per pathology. Off-diagonal elements highlight
any inter-class misclassifications or confusion with background, which are minimal given the high overall
precision.

Figure 9: Per-class confusion matrix (a) Normalised (b) Standard

6 Conclusion
This research successfully demonstrated the efficacy of a YOLOv5m-based automated system for the

detection and architectural classification of six key dental pathologies from OPG images. The model achieved
strong performance on a segregated test set, with a mean precision of 0.9422, recall of 0.9042, and a mean
Average Precision (mAP@0.5) of 0.9371, validating its potential as a reliable and precise diagnostic aid. The
system showed particularly robust detection for critical conditions like Infection and Broken Crown and
confirmed good model generalization without significant overfitting. This study underscores the viability of
YOLOv5m in enhancing dental diagnostic workflows, offering a scalable tool to support practitioners and
improve patient care. Despite these promising outcomes, certain limitations must be acknowledged. The
primary datasets and test set size (23 images) were also small, and specific classes like “Fractured Teeth” had
insufficient instances for a detailed per-class metric breakdown in the primary test summary.

Future work should emphasise on the expansion of the dataset to include a greater diversity of
multi-center, multi-ethnic, and pediatric OPGs, which will further enhance the model’s generalizability
and robustness. We also aim to incorporate additional dental pathologies and disease labels to broaden
the scope of detection and classification, while simultaneously addressing class imbalance with advanced
techniques. Furthermore, exploring the integration of comparative baselines, such as Faster R-CNN or SSD,
will provide a more comprehensive evaluation of our YOLOv5m-based approach. Our research will also
investigate adapting the model to other imaging modalities, including intraoral X-rays and cone-beam CT.
Our proposed AI-based approach holds significant promise for real-world integration into dental practice.
We envision its deployment as a crucial component of a clinical decision support system, potentially through
direct integration with OPG X-ray machines to provide immediate diagnostic assistance during patient
examinations. Furthermore, the model’s capabilities could be harnessed via mobile applications, enabling
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rapid and accessible diagnostic insights for dentists. We are also committed to investigating real-time
deployment strategies within various clinical environments to ensure seamless and impactful adoption.

In essence, this research affirms the strong potential of AI-driven tools to augment dental diagnostics.
While challenges concerning dataset diversity and advanced interpretability remain, the achieved results and
outlined, future work offer a clear path toward the broader clinical adoption of such technologies for globally
improved dental healthcare.
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