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Abstract

Oral health is a critical component of global public health, with dental diseases such as caries,
periodontal conditions, periapical lesions, and impacted teeth affecting millions of individuals
annually. These conditions not only lead to pain, infection, and tooth loss but are also linked to
systemic health issues, including cardiovascular disease, diabetes and respiratory infections.
Given the significant burden of oral diseases, early and accurate diagnosis is essential to

prevent complications and improve patient outcomes.

This study explores the feasibility of Al-based deep learning models, specifically YOLO
architectures, for the automated detection and classification of dental diseases using panoramic
radiographs. A comprehensive dataset containing 50 plus annotated dental disease categories
was used to train and evaluate YOLOv5, YOLOVS, and YOLO-NAS models. To optimize
model performance, a systematic data preprocessing pipeline incorporating Cropping and
Region of Interest Selection, Conversion to Grayscale, Resolution Standardization, Dataset
Splitting and Non-Enhanced Datasets was implemented. Additionally, data augmentation
techniques were employed to enhance model generalization, including Geometric
Transformations, Rotation, Flipping, Grid Masking and to further improve model efficiency.
Performance metrics, including precision, recall, and accuracy, were used to evaluate model
effectiveness. Among the tested models, YOLOV5 outperformed YOLOV8 and YOLO-NAS,
achieving a precision of 95.7%, recall of 96%, and accuracy of 96.5%, making it the most
effective model for dental disease detection. The proposed Al-powered dental diagnostic
framework demonstrated high accuracy, real-time detection capabilities, and adaptability

across multiple disease categories, positioning it as a viable tool for clinical applications.

Beyond clinical practice, Al-driven dental diagnostics offer significant public health benefits,
particularly in rural and underserved areas where access to specialized dental care is limited.
The ability to automate radiographic analysis facilitates large-scale screening programs,
enabling early disease detection, cost-effective intervention strategies, and improved
healthcare accessibility. Additionally, Al-based diagnostics contribute to reducing consultation
times, and minimizing reliance on specialist interpretations. Given the strong association
between oral health and systemic diseases, early Al-powered diagnosis can also help mitigate
broader health risks such as diabetes complications and cardiovascular conditions. By

integrating Al into routine dental practice and public health initiatives, this study underscores
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the transformative potential of deep learning in enhancing diagnostic precision and improving
overall healthcare outcomes. These findings establish hyperparameter tuned YOLOV5 as the
most effective model for Al-driven dental disease detection. This research paves the way for
next-generation Al-assisted dental diagnostic platforms, fostering early intervention, equitable

healthcare access, and improved global oral health outcomes.
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Chapter 1 — Introduction

This chapter is organized into six sections. The first section provides an overview of the
background of the study. The second section outlines the motivation driving this research. The
third section highlights the benefits and significance of the study. The fourth section defines
the aims and objectives of the research. The fifth section discusses the contributions made by

this work, and the final section presents the overall structure of the thesis.

1.1. Background

Oral health remains a significant public health issue globally. Approximately 3.5 billion people
worldwide are affected by oral diseases as shown in Figure 1 and Figure 2, with untreated
dental caries (tooth decay) in permanent teeth being the most prevalent condition, impacting
an estimated 2.5 billion individuals [1]. Additionally, more than 530 million children suffer
from tooth decay in their primary (milk) teeth [1]. Gum disease (periodontal disease) is also
one of the most common conditions globally, affecting up to 50% of the population. Severe
gum (periodontal) disease, which may result in tooth loss, affects 10% of the global population
[2]. In New Zealand, the Ministry of Health reports that approximately one-third of adults [3]
have untreated dental caries, and many children experience poor oral health outcomes,
particularly in underserved communities. In New Zealand [4], oral health disparities are evident
across various demographics. According to the New Zealand Oral Health Survey, one in three
adults had untreated coronal decay, and one in ten had root decay [5]. Additionally, nearly half
of adults felt they currently needed dental treatment, with many avoiding dental care due to
cost. Children, particularly in underserved communities, also experience significant oral health
challenges. In 2019, 58.8% of five-year-olds seen by community oral health services had no
history of dental caries, indicating that over 40% had experienced decay [3]. These statistics
underscore the urgent need for improved diagnostic tools that can lead to better prevention and

treatment strategies.
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The World Health Organization (WHO) has recognized the potential of digital technologies in

enhancing oral health outcomes. WHO’s release on "Mobile technologies for oral health: an
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implementation guide [6]" emphasizes the role of digital tools in promoting oral health, training
health workers, detecting oral health conditions, collecting epidemiological data, and
monitoring the quality of patient care. These technologies can contribute to better oral health

for all, especially in resource-limited settings [6].

Artificial Intelligence (Al) is at the forefront of these technological advancements. Al-powered
technologies can identify high-risk populations to prevent the initiation and progression of
dental diseases, such as periodontal disease and dental caries[7]. By analyzing vast amounts of
data, Al can assist in early disease detection, risk assessment, and personalized treatment

planning, thereby improving patient outcomes and reducing healthcare costs [8].

The WHO [1] reports that oral diseases impact nearly half of the world's population,
highlighting the critical need for efficient and early diagnostic solutions [9]. Al's role in dental
imaging is not just about adopting new technologies but optimizing them to address specific
clinical needs. Deep Learning (DL), a branch of Al dedicated to understanding data
representations, has made a significant impact [10]. The incorporation of Al and Machine
Learning (ML) has revolutionized numerous industries, particularly healthcare. In dental
imaging, Al technology offers significant opportunities to enhance the detection, diagnosis, and
treatment of dental conditions such as oral caries, gum diseases, periodontal bone loss, dental
implant placements. While traditional imaging methods like X-rays and Cone Beam Computed
Tomography (CBCT) remain crucial for identifying dental issues, they often subjective and
depend heavily on the skills and expertise of dental professionals, resulting in potential
variations in diagnostic accuracy and treatment outcomes [11]. While Al-enhanced dental
imaging introduces a new level of precision and consistency, surpassing traditional methods
through DL algorithms that rapidly analyse vast imaging datasets. This capability is crucial for
detecting dental diseases at early stages, predicting treatment outcomes, and reducing
healthcare costs through timely, accurate interventions. In addition, Al can support dental
professionals by enhancing diagnostic accuracy, improving treatment planning, and

streamlining workflows, ultimately optimizing resource utilization [7].

Furthermore, Al has the potential to address oral health disparities by enabling remote
screening and diagnosis, particularly in underserved communities [8]. For instance, Al
applications can facilitate the screening, diagnosis, tracking, prioritization, and monitoring of

dental patients remotely via smart devices. This approach allows healthcare providers to reach
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a broader population, including those in hard-to-reach areas, ensuring timely interventions and

reducing the burden of oral diseases [7].

Studies [12][13] have shown how AI can enhance the accuracy of diagnosing complex
conditions such as oral cancers and other maxillofacial abnormalities, underscoring Al’s
potential to improve diagnostic accuracies and patient outcomes significantly. Furthermore, the
challenges of deploying Al in clinical settings are profound. Incorporating Al into routine
dental practice requires a comprehensive assessment of model performance and adaptability to
ensure these tools effectively enhance clinical decision-making while maintaining patient
safety. This is highlighted by the variability in Al performance across different conditions, such
as those detailed in the studies by Inani et al.[14] and Basaran et al.[15], where Al systems
showed high efficacy in certain conditions but were less reliable in others, such as detecting

dental caries or calculus.

As New Zealand continues to navigate its complex oral health challenges, the role of advanced
technologies such as Al in dental imaging becomes increasingly crucial. This research not only
addresses an urgent public health need but also aligns with the strategic vision of enhancing
oral health outcomes across all demographics, ensuring that advancements in dental technology
translate into tangible benefits for all New Zealanders [2]. As New Zealand navigates its public
health landscape, the oral health sector reveals a dual narrative of progress and persisting
disparities. While the overall dental health of New Zealanders has seen improvements,
significant challenges remain, particularly among underserved populations. In 2022, only 56%
of five-year-olds were caries-free, and disparities were notably pronounced among Maori and
Pacific children [5], who exhibited poorer oral health outcomes compared to other ethnicities
[16][17][4]. Additionally, certain districts such as Te Tai Tokerau and Lakes reported
alarmingly low percentages of caries-free children, underscoring the regional variations in oral
health outcomes [17]. The prevalence of oral diseases in New Zealand further emphasizes the
urgency for innovative diagnostic solutions. In 2019, 26.4% of the population had untreated
caries in permanent teeth, and 21.6% suffered from severe periodontal disease [5]. These
statistics not only highlight the widespread nature of oral health issues but also underscore the
critical need for effective and early diagnostic mechanisms that can bridge the gap between

current outcomes and optimal oral health standards.
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1.2. Motivation

This study is motivated by the transformative possibilities of Al in dental care, the
shortcomings of conventional imaging methods, and the broader impact on healthcare expenses
and patient outcomes. Al’s capability to analyse and interpret complex imaging data could offer
significant potential for early and accurate diagnosis of dental conditions, thereby improving
patient outcomes and enabling more effective disease management. By analysing patient-
specific data, including imaging and health records, Al can predict treatment outcomes,
enabling tailored treatment plans that cater to individual patient needs [18]. Al can contribute
to reducing healthcare costs by enhancing early disease detection, optimizing treatment plans,
and improving resource allocation within dental practices [19]. Al offers a consistent method
for image analysis, minimizing the variability inherent in human interpretation and enhancing
diagnostic accuracy across varied patient groups [20]. The incorporation of Al into dental
imaging marks a major technological breakthrough, expanding the possibilities in dental
diagnostics [21]. It also offers educational benefits by providing insights into subtle patterns
that may enhance training for dental practitioners [22]. The deployment of Al in clinical
settings requires rigorous evaluation to ensure effectiveness and safety. Quantitative methods
enable systematic validation of AI models, ensuring they meet high standards of accuracy and

reliability [23].

1.3. Research Aims and Objective

This study aims to evaluate the performance of Al models in the context of dental imaging.
This study aims to evaluate the feasibility, accuracy, and optimization of Al-based DL models,
particularly YOLO architectures, for the diagnosis and classification of various dental diseases
using dental radiographs. The research will focus on identifying the most accurate YOLO
model for dental disease detection and assessing the impact of hyperparameter tuning on model
performance in clinical settings. This research aims to enhance the safe, effective, and equitable
use of Al in dental diagnostics by emphasizing the model evaluation process, with the goal of

improving oral healthcare outcomes both globally and in New Zealand.
Therefore, the objectives of this research are:

e To investigate the application of DL-based object detection models, such as YOLOVS,
YOLOVS, and YOLO-NAS, in identifying and classifying dental diseases from radiographic

images.
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e To evaluate and compare the diagnostic accuracy of different YOLO models (YOLOVS,
YOLOVS, and YOLO-NAS) in detecting and classifying various dental conditions.

e To assess performance metrics, including precision, recall, and mean average precision (mAP),
to determine which model achieves the highest accuracy for dental radiograph analysis.

e To analyze how hyperparameter tuning (learning rate, batch size and data augmentation
techniques) influences the performance of YOLO-based models in detecting and diagnosing
oral diseases.

e To compare the performance of models trained with optimized hyperparameters versus default
settings, evaluating improvements in accuracy, robustness, and generalization to unseen clinical

datasets.

1.4. Research Questions

Feasibility: Can Al-based deep learning models, such as YOLO architectures, be used for the

diagnosis and classification of different dental diseases using dental radiographs?

Accuracy: Which deep learning model (YOLOV5, YOLOVS, or YOLO-NAS) provides the
highest accuracy in detecting and classifying oral diseases from dental radiographs or CBCT

images?

Optimization of Hyperparameter Tuning: How does hyperparameter tuning impact the
performance of Al models for detecting and diagnosing oral diseases in clinical settings, and

how does it compare to models without such tuning?

1.5. Significance of the Research

The integration of Al into dental diagnostics offers several benefits that extend to patients,
healthcare providers, and the healthcare system. This study seeks to explore how Al-driven
technologies have demonstrated higher accuracy and efficiency in detecting dental diseases
like caries and periodontal disease. Early detection facilitated by Al is vital for successful
treatment and better patient outcomes [19]. By analysing patient data and radiographs, Al
improves the precision of treatment planning, enhancing treatment success rates and boosting
patient satisfaction. Furthermore, Al helps in resource management within dental practices by
reducing the need for more extensive treatments through early detection, Al has the potential
to decrease healthcare expenses for both patients and providers. Al can reduce variability in

diagnosis, ensuring a consistent level of care across different demographic groups. This
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standardization is particularly valuable in addressing oral health disparities. Al tools can aid in
dental education by highlighting patterns and anomalies, improving diagnostic skills among

practitioners and contributing to continuous learning [15].

1.6. Research Contributions

This thesis focuses on the quantitative evaluation of Al-enhanced dental imaging for oral
disease detection, leveraging the advanced capabilities of different types of YOLO models.
This study explores how DL models can enhance dental disease detection using YOLO object

detection techniques. The research is structured as follows:

Data Annotation and Preprocessing — Dental X-ray images are labelled using Roboflow,
identifying conditions like cavities, periodontal disease, and other common dental issues. These
annotations serve as the ground truth for training YOLO models. The dataset is then pre-
processed, augmented, and split into training, validation, and test sets to ensure robust model

learning.

Model Development and Training — Various YOLO model versions, including YOLOVS,
YOLOVS, and YOLO-NAS, are implemented with and without hyperparameter tuning to
assess their performance in detecting and classifying dental pathologies. Each model is fine-

tuned to align with the unique features of dental imaging data.

Training Strategy — The study adopts transfer learning, fine-tuning pre-trained YOLO models
on dental X-rays to enhance learning efficiency. The training process is optimized by adjusting

parameters like the number of epochs, ensuring better accuracy and reliability.

Performance Evaluation — The models’ effectiveness is measured using precision, recall, and
accuracy. The results from YOLOVS, YOLOvVS, and YOLO-NAS are compared against
findings from previous studies using other advanced DL methods to establish benchmarks and

assess their real-world applicability.

This research aims to highlight the potential of YOLO models in improving dental disease
detection, offering a faster, more accurate, and efficient diagnostic approach that could support

better patient care and early intervention strategies.
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1.7. Thesis Structure

DL technologies are pivotal in automating feature extraction and selection, significantly
enhancing disease detection capabilities. This study explores the use of DL to enhance dental
imaging and improve oral disease detection, leveraging YOLO models for their effectiveness
in real-time object recognition. This research is conducted using Google Colab Pro, leveraging
the Python 3 Google Compute Engine backend to access powerful computational resources.
This setup enables efficient development, training, and evaluation of the YOLO models,

streamlining the entire process and ensuring optimal performance.

The thesis is structured into six comprehensive chapters, each addressing key aspects of the

research as follows:
Chapter 1: Introduction

This chapter presents the study's background, outlining the key research questions, objectives,
and anticipated outcomes. It also outlines the overall structure of the thesis, guiding the reader

through the upcoming sections.
Chapter 2: Literature Review

This section of the thesis examines existing literature on dental imaging, the use of DL in
medical diagnostics, and the specific application of YOLO models in medical imaging. It also
delves into the theoretical foundations of the YOLO architecture, decision trees, and the

evaluation metrics employed to assess model performance.
Chapter 3: Methodology

This chapter outlines the methodology used in the study, explaining the preparation and
processing of datasets for training, validation, and testing the models. Data extraction from
relevant databases, preprocessing techniques, and dataset segmentation into training,
validation, and test sets (70:15:15 ratio) are elaborated. It also discusses the setup for YOLO

model development within the Google Colab Pro environment.
Chapter 4: Results

This chapter compares the performance of the YOLO models to assess their effectiveness in
detecting oral diseases from dental images. Then critiques the model’s strengths and limitations

and explores the potential impact of YOLO-based models on dental diagnostics.
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Chapter 6: Discussion, Conclusion and Future Work

The final chapter summarizes the study's findings and explores their implications for
advancements in dental healthcare technology. It also outlines potential future research
directions, focusing on clinical integration and further refinement of the models to enhance

their applicability to various dental imaging scenarios.

Each chapter is meticulously designed to build upon the previous, ensuring a logical flow that
culminates in a detailed and thorough exploration of using YOLO models for Al-enhanced
dental imaging, facilitated by the advanced computational capabilities of Google Colab Pro.
This structure aims to contribute effectively to the field of digital dentistry, emphasizing

practical applications and future scalability.
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Chapter 2 - Literature Review

The integration of Al into dental imaging has gained significant attention in recent years, with
an increasing number of studies emphasizing its transformative impact on oral healthcare.
Research has extensively investigated the use of Al technologies, particularly DL algorithms
like Convolutional Neural Networks (CNNs) and YOLO models as shown in the visualization
Figure 3, Figure 4, Figure 7 to improve the accuracy and efficiency of dental diagnostics as
shown in Table 1 and Table 2. These advancements underscore Al's capacity to overcome
traditional limitations in dental imaging, such as variability in human interpretation and delayed

disease detection.

The review includes a detailed comparison of YOLO-based techniques for dental image
analysis with other advanced methods such as Faster R-CNN, UNet, and ensemble learning
approaches. The review explores the methodologies utilized, their performance metrics, and
the practical relevance of their outcomes in clinical applications. By synthesizing these
findings, we offer a comprehensive overview of the current state of Al-driven dental

diagnostics and highlight opportunities for future research and improvement.
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Figure 3. A network visualization illustrating the interconnected themes in research on Al
applications in dental imaging.
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2.1. AI-Driven Innovations and DL Advancements in Dental
Radiograph Analysis

Various studies as shown in Table 1 [24][25][26] have demonstrated the potential of CNNs, U-
Net architectures, and advanced DL models in automating the detection and classification of
dental pathologies, thus reducing reliance on manual interpretation and increasing consistency
across diagnostic processes. One such study [24] focused on utilizing deep CNNs for the
detection of apical lesions (ALs) in panoramic dental radiographs. By training a custom 7-layer
CNN on 2001 meticulously cropped and labelled tooth segments from 85 patients, the study
demonstrated that DL could significantly enhance AL detection accuracy. The preprocessing
steps included grayscale conversion, normalization, resizing images to 64x64 pixels, and data
augmentation, enabling the model to generalize effectively. The model was trained using a
systematic grid search strategy and validated with 10-fold cross-validation, ensuring robust
performance. The CNN achieved an impressive area under the receiver operating characteristic
curve (AUC) of 0.89 when detecting clearly defined ALs, indicating strong discriminatory
power. However, challenges such as examiner variability, a small dataset size, and the low
prevalence of ALs limited the model's ability to reduce false positives, highlighting the need
for larger, more diverse datasets for optimal performance. Despite these limitations, the study
underscored the clinical relevance of CNN-based AL detection, demonstrating how DL could
streamline diagnostic procedures, improve risk prediction, and enhance remote monitoring
through tele-dentistry platforms [24]. In a related application, another study [27] investigated
the potential of DL to detect and diagnose dental caries in periapical radiographs using the
GoogLeNet Inception v3 model. This study analyzed 3000 periapical radiographic images
sourced from various teeth, including 778 maxillary premolars, 769 maxillary molars, 722
mandibular premolars, and 731 mandibular molars. The dataset selection was rigorous,
ensuring only high-quality images with unanimous agreement from four board-certified
dentists were used. Images were pre-processed by cropping individual teeth, resizing them to
299x299 pixels, and converting them into JPEG format for standardization. A training-
validation split of 2400 images and a test set of 600 images were used, while augmentation
techniques such as rotation, shifting, zooming, and flipping were employed to improve model
generalizability. By leveraging transfer learning, the GoogLeNet Inception v3 CNN—pre-
trained on the ImageNet dataset—demonstrated high diagnostic accuracy, achieving 89.0%
accuracy for premolars and 88.0% for molars. The AUC values were also remarkable, with

0.917 for premolars and 0.890 for molars, reinforcing the model’s strong detection capabilities.
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These findings highlight the substantial clinical impact of Al-assisted caries detection,
particularly in cases where traditional diagnostic methods may struggle. The study emphasized
the importance of incorporating DL models into preventive care protocols, where they could
help predict caries development risks and facilitate early intervention. The technology also has
potential applications in tele-dentistry, where Al-assisted remote diagnostics could be

particularly beneficial for under-resourced areas with limited access to dental specialists [27].

Similarly, a retrospective study [28] examined the application of DL for detecting caries lesions
of varying radiographic extensions in bitewing radiographs. The research analyzed 3686
bitewing radiographs collected from diverse patient demographics. These radiographs,
captured using advanced Dentsply Sirona and Durr Dental machines, were carefully annotated
pixel-by-pixel by expert dentists to mark the presence and extent of caries lesions, specifically
distinguishing between enamel lesions (EL) and dentin lesions (DL). A U-Net deep
convolutional neural network architecture with an EfficientNet-B5 encoder, pre-trained on
ImageNet, was employed to maximize feature extraction and segmentation accuracy. The
model training involved extensive pre-processing steps, including resizing, geometric
transformations, and pixel-level adjustments, with a final validation conducted by an additional
expert dentist. The model’s performance was compared to seven independent dentists who
assessed a test set of 141 radiographs. Notably, the DL model significantly outperformed
human examiners in sensitivity, achieving 0.75 compared to the dentist’s mean sensitivity of
0.36, though it had a slightly lower specificity of 0.83 compared to the dentists’ 0.91. This study
underscored the potential of Al-driven diagnostics in identifying early-stage caries lesions,
which are often overlooked by clinicians due to their subtle radiographic appearance. The
integration of such DL models into clinical practice could significantly enhance preventive care
planning by predicting lesion progression, thus enabling timely and targeted interventions.
Furthermore, the ability to incorporate Al-assisted diagnostics into tele-dentistry platforms
could provide remote access to high-quality dental assessments, especially in underserved
regions [28]. Expanding the scope of Al applications in dentistry, another study [29] conducted
in the Netherlands explored the use of DL to automate the detection, segmentation, and
labelling of dental structures in panoramic radiographs (PRs). This research employed the
Mask R-CNN model with a ResNet-50 backbone to analyze 2000 PRs obtained from various
dental clinics, ensuring a broad representation of image qualities and clinical scenarios. Expert
clinicians meticulously labelled each image pixelwise using the Segdent imaging annotation

tool, with subsequent review and revision conducted by three additional experienced clinicians
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to ensure annotation accuracy. The DL model underwent extensive training, including pre-
processing techniques such as normalization, random horizontal flipping, and cropping to
enhance its generalizability. Trained using mini-batch gradient descent and a multi-task loss
function, the model was validated on an independent set of 200 PRs. The performance results
were remarkable, with F1 scores exceeding 0.95 for most dental structures except for root
remnants, which had a lower detection rate with an F1 score of 0.807. The segmentation
accuracy ranged from 0.873 to 0.952, reinforcing the model's effectiveness in automating
complex dental radiographic analysis. The study highlighted how Al-driven segmentation
could reduce diagnostic variability, enhance workflow efficiency, and support decision-making
in clinical practice [29]. A further retrospective study [25] focused on the use of DL for
detecting periapical radiolucency in panoramic dental radiographs, which is crucial for
diagnosing infections, granulomas, cysts, and tumours. A dataset of 2902 de-identified PRs was
used for model training, with an additional test set of 102 radiographs assessed by 24 oral and
maxillofacial (OMF) surgeons. The DL model, based on a U-Net architecture, was specifically
optimized for multi-resolution feature extraction, ensuring robust detection of periapical
radiolucencies. Radiographs were resized to 256x512 pixels, with intensity scaling and
extensive augmentation techniques—including translations, rotations, and flips—implemented
to improve model robustness. The model, trained using a dice loss function and Adam
optimization, was evaluated using key performance metrics such as Positive Predictive Value
(PPV), True Positive Rate (TPR), F1 Score, and Average Precision (AP). The results revealed
amean PPV of 0.67, a TPR of 0.51, and an F1 score of 0.58, outperforming 14 of the 24 OMF
surgeons in terms of F1 score. The study demonstrated that Al-assisted detection of periapical
radiolucency could significantly reduce the rate of missed diagnoses, standardize the detection
process, and improve overall diagnostic reliability [25]. Complementing these experimental
studies, a comprehensive survey [26] aimed at encapsulating the evolution, current status, and
prospective advancements of DL algorithms in the analysis of dental radiographs. This paper
synthesized findings from a myriad of studies to assess the broad applicability and effectiveness
of DL technologies across various dental imaging formats such as bitewing, periapical, and
panoramic radiographs. The review discussed methodologies leveraged in these studies,
focusing on data pre-processing, segmentation, feature extraction, and classification
implemented through advanced DL models such as CNNs, R-CNN, U-Net, and Mask R-CNN.
A significant portion of the review was dedicated to the technical processes involved, including
image normalization, augmentation techniques like rotation and cropping, and automatic

feature extraction and selection by DL models. Various training algorithms were highlighted,
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noting their pivotal roles in enhancing model performance on dental radiographs. Collectively,
these studies underscore the transformative potential of Al-driven dental diagnostics, offering
enhanced diagnostic precision, reduced manual errors, and improved accessibility through tele-
dentistry, ultimately shaping the future of dental healthcare with more efficient and reliable

patient care solutions.

2.2. Diagnostic Accuracy in Dentistry with Machine Learning
Techniques

Recent studies have demonstrated the potential of DL models in automating various aspects of
dental diagnostics, reducing reliance on manual interpretation, and improving consistency
across different clinical scenarios. A diagnostic study [30] conducted in Germany aimed at
enhancing the detection and categorization of dental restorations using DL. Utilizing a sample
of 1761 intraoral photographs, the study focused on automatically identifying different types
of posterior restorations—composite, cement, amalgam, gold, and ceramic—along with
unrestored tooth surfaces. The intraoral photographs were captured using professional Nikon
single-reflex cameras, complemented by a Sigma Macro Flash, ensuring high-quality image
collection. To prepare the data for analysis, images were initially categorized by three dentists
and further validated by an experienced examiner to establish a reference standard. The images
underwent processing enhancements such as cropping, rotating, and brightness adjustments
before being normalized and augmented for training. They were then resized to 300x300 pixels
to fit the input requirements of the ResNeXt-101-32x8d model—a sophisticated DL
architecture chosen for this study. The ResNeXt-101-32x8d model was trained on a set of 1407
images using backpropagation, dropout techniques, and an Adam optimizer with cross entropy
loss, and was later evaluated on a test set comprising 354 images. The model achieved
remarkably high diagnostic accuracy rates across the different types of restorations, with
accuracy rates ranging from 92.9% for composite to 99.4% for gold restorations. Additionally,
the area under the ROC curve (AUC) approached 1.000 for each category, highlighting the
model's strong performance in distinguishing between restoration types. The potential
applications of this CNN in clinical settings are vast. It could substantially assist dentists in
detecting and categorizing various dental restorations, thereby improving diagnostic accuracy
and reducing the likelihood of manual errors. A prospective study [31] aimed at developing a
deep-learning-based regression model to predict dental age (DA) using panoramic radiograph
images. The study involved 529 panoramic radiographs from a diverse group of children,

young adults, and adults, with each image annotated by three dentists to determine the DA,
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focusing particularly on the stages of development of the seven left lower mandibular teeth.
The researchers employed a variety of pre-trained CNN models—Xception, VGG16,
DenseNet121, and ResNet50—for feature extraction. These models were chosen for their
ability to automatically select and analyze relevant features from the cropped images that were
specifically processed to highlight the critical areas for age determination. The panoramic
radiographs were pre-processed by cropping to focus solely on the relevant teeth, enhancing
the models' accuracy in DA estimation. The performance of these models was rigorously tested
using a subset of the data, with the Xception model showing the best performance, achieving a
Mean Absolute Error (MAE) of 1.4173 specifically for the age group of 7-11 years. This
indicates a high precision in predicting DA within a focused age range, which significantly aids
in the accuracy of developmental predictions and treatment planning. The potential
applications of this technology in a clinical context are profound. The model provides a critical
tool for dentists to accurately determine a patient's DA, which is essential for planning
appropriate treatments and anticipating the timing of dental developmental milestones.
Furthermore, the ability of the model to deliver accurate assessments remotely makes it an
excellent resource for tele-dentistry platforms, offering support for dental professionals in
various settings and improving the efficiency of DA assessments. By reducing the reliance on
manual evaluations, this Al-driven approach not only saves time but also enhances the overall
efficiency and efficacy of clinical dental practices. Another prospective study [32] conducted
utilizing machine learning to classify and predict oral diseases, particularly focusing on tooth
wear. The study encompassed 133 patients aged 40 to 70 years. The researchers integrated
panoramic radiographs (OPG) and detailed patient-reported questionnaire data to develop a
robust ML model aimed at diagnosing dental attrition, abrasion, and erosion. The
methodological framework involved analyzing the radiographs using the Knight and Smith
index to assess the severity of tooth wear, complemented by comprehensive questionnaires that
captured 28 attributes related to lifestyle, dietary habits, oral hygiene practices, and specific
symptoms associated with tooth wear. This dual approach allowed for a thorough examination
of the factors influencing oral health and the progression of tooth wear. The study meticulously
prepared the data through processes like data cleaning, which included handling missing values
and finding correlations among variables, ultimately categorizing the tooth wear into four
severity classes from Class I to Class I'V. For the analysis, feature extraction focused on pulling
relevant data from both the questionnaire responses and the radiographic findings. Feature
selection was strategically aligned with the indices and questionnaire insights to ensure

relevance to tooth wear. The Support Vector Machine (SVM) was the primary classification
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algorithm employed, tested across various kernels, and evaluated using performance metrics
such as precision, recall, and accuracy. The study reported an accuracy of 66.61% for SVM
and 70.81% for Support Vector Regression (SVR). The findings of this study underscored the
feasibility of utilizing a combination of questionnaire data and radiographic insights for the
early diagnosis and classification of tooth wear, highlighting the model's capability in
effectively detecting moderate to severe cases. This innovative approach presents several
practical applications in clinical contexts. It enhances the early diagnosis of tooth wear by
correlating patient-reported symptoms with radiographic evidence, which is crucial for timely
and targeted interventions. Additionally, the model's predictive capabilities facilitate risk
prediction based on lifestyle factors, enabling preventative measures. A retrospective study [33]
supplemented by data from five private practices, with the objective of developing a deep CNN
to identify dental implant brands and models from radiographic images. The study involved a
dataset of 1,206 radiographs. This dataset was meticulously divided into a training and
validation group of 965 images and a testing group of 241 images. The researchers utilized
digital intraoral radiographs and manually cropped orthopantomograms, which were converted
to JPEG format and pre-processed to a uniform size of 90x200 pixels. The images underwent
extensive data augmentation, including adjustments to horizontal rotation, angulation, tone,
brightness, contrast, blur, sharpness, and gamma correction, to enhance the robustness of the
training set. The GoogLeNet Inception v3 architecture was chosen for its efficacy in feature
extraction and its ability to automatically select pertinent features during the training process,
employing transfer learning to maximize the potential of the pre-trained model. The
performance of the CNN was rigorously evaluated on the test dataset, revealing an impressive
accuracy of 93.8%, with sensitivity at 93.5% and specificity at 94.2%. The positive predictive
value stood at 92%, and the negative predictive value at 91.5%, with area under the ROC Curve
values ranging from 0.890 to 0.931 depending on the implant model. These metrics
underscored the model's high diagnostic precision, particularly for implants with distinct
physical characteristics like external hexagon platforms or apex holes. The clinical implications
of this study are significant. The model provides a valuable tool for clinicians to accurately
identify dental implants from radiographs, which is crucial for effective treatment planning and

managing complications associated with various implant types.
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Table 1. Summary of Features Extracted, Algorithms/Methods Employed, and Oral Diseases
Detected in Studies Utilizing Alternative Al and ML Techniques for Dental Imaging

Features Extracted Algorithm / Methods Oral Disease Performance
Used Detected Metrics
Deep 7-layer CNN, AUC of 0.89

Tooth segments labelled
for apical lesions [24]

Grid Search, 10-fold
Cross Validation

Apical lesions

Cropped periapical images
(299x299 pixels), isolated
teeth data, and caries

GoogLeNet Inception
v3 (CNN), Transfer
Learning, Data

Dental caries

Accuracy of
89% for
premolars and

labelling [27] Augmentation 88% for molars
P}xeliw1se lqbelled U-Net Deep CNN with Car1§s lesions of Acocuracy of
bitewing radiographs . varying 80%

. EfficientNet-B5 ; .
(Enamel E1/E2, Dentin Encoder radiographic
D2/D3) [28] extension

Panoramic radiographs
labelled for teeth, crowns,
fillings, and root canal
fillings [26]

Mask R-CNN with
ResNet-50 Backbone,
Data Augmentation,
Mini-batch Gradient
Descent

General dental
structure and
dental disease

Comprehensive
survey

Intraoral photographs

ResNeXt-101-32x8d

Accuracy rates
ranging from

labelled for composite, (CNN), Cross Entropy Posterlqr 92.9% for
cement, amalgam, gold, restorations .
. Loss, Data . composite to
ceramic, and unrestored . detection o
Augmentation 99.4% for gold

surfaces [30] X
restorations

Various dental radiograph . General dental Segmentation

formats analyzed for Survey of multiple DL i maein accuracy

image normalization, models: CNNs, R-CNN, dia %1 osgi s and ranging from

augmentation, and U-Net, Mask R-CNN re%iic tion 87.3% to

segmentation [29] p 95.2%

Panoramic radiographs Xception, VGGI6, MAE of

annotated for seven left DenseNetl21, Dental age 1.4173

lower mandibular teeth ResNet50 (CNNs), prediction

stages [31] Transfer Learning

Panoramic radiographs Tooth wear ?6C (;ulr;c%lo(r)f

.y . 0

labellpd foy tooth wear SVM, SVR (attrlt.lon, SVM and

severity using Knight and abrasion, N

Smith index [32] erosion) 70.81% for
SVR

Panoramic radiographs . F1 score of

annotated for periapical U-Net, Dice Loss Periapical 0.58 and an AP

radiolucencies (lesions,

Function, Adam

disease detection

0f 0.60

cysts, tumors) [25] Optimization

Cropped GoogLeNet Inception Accuracy of
pP v3 (CNN), Transfer Dental implant 93.8%, with

orthopantomograms

annotated for dental

Learning, Data
Augmentation

identification

sensitivity at
93.5% and

29|Page




implant types and brands specificity at
[33] 94.2%

Literature Review Word Cloud: Al in Dental Radiograph Analysis
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Figure 4. A word cloud generated from the literature review on Al in dental radiograph analysis.

2.3. Literature Review Method

As part of the study, a scoping review was undertaken to explore the existing literature on the
use of DL models in dental imaging. This review aimed to provide a thorough overview of
current methodologies, challenges, and gaps in the field, forming the foundation for the
research. The review adhered to the PRISMA framework (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses), with a PRISMA flow diagram included below in
Figure 5 to outline the identification, selection, and inclusion process of relevant studies. The
findings of the scoping review helped refine the research objectives and informed the research
design by identifying key performance indicators explored in previous studies as shown in

Appendix.
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Records identified through
database searching of PubMed, Records removed before
Google Scholar, ScienceDirect, . | screening:
Scopus, |IEEE Xplore * Duplicate records removed (n
=140)
Databases (n = 315)
Records screened Records excluded**
(n=2315) (n=140)
Reports sought for retrieval o | Repors not retrieved
(n=175) " (n=75)
Reports assessed for eligibility
{n=100) »
Reports excluded:
-Articles not focusing on the
dental diagnosis.
-Articles not related to imaging
dentistry.
-Articles that contained only
abstracts without full text.
Studies included in review -Articles that were not written in
n=17) English.

Figure 5. PRISMA Chart for identifying, screening, and excluding studies related to dental
diagnosis and imaging from various databases

2.4. The Evolution of YOLO: A Timeline of Innovation

YOLO is an innovative DL framework designed for real-time object detection, initially
developed by Joseph Redmon in 2015 with the introduction of YOLOv1 as shown in Figure 6.
This first version transformed object detection by framing it as a single regression problem,
enabling the prediction of bounding boxes and class probabilities in one pass through the
network. Unlike earlier methods like R-CNN, which required multiple passes and were
computationally demanding, YOLO offered a more efficient solution [15]. Building on the
success of YOLOv1, YOLOV2 was introduced in 2016, offering notable advancements in both
accuracy and speed. It incorporated features like batch normalization, high-resolution
classifiers, and anchor boxes, which improved its capability to detect smaller objects and

enhanced its performance in more complex scenarios. In 2018, Redmon and Farhadi [34]
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further refined YOLO with YOLOvV3, which incorporated a deeper network architecture and
feature pyramid networks for better detection of objects at multiple scales, making it a highly
versatile model for various applications [34]. In 2020, YOLOv4 was released [4], which
introduced additional innovations such as CSPDarknet53 as the backbone, mosaic data
augmentation, and CloU loss for more accurate object localization. YOLOv4 set a new
benchmark with its state-of-the-art accuracy and inference speed, reinforcing YOLQ's position
as a top-tier object detection framework. That same year, Ultralytics launched YOLOVS,
emphasizing user-friendliness and practical deployment. With its PyTorch implementation,
YOLOVS5 became more accessible to both developers and researchers. Its lightweight nature
and fast inference times made it highly suitable for real-time applications, including medical
and dental imaging. The YOLO family continued to expand with the release of YOLOvV6 and
YOLOv7 in 2022, followed by YOLOvV8 in 2023. YOLOv8 brought further architectural
enhancements and hyperparameter optimization, setting new benchmarks in object detection
tasks [35][36]. The same year, Deci Al introduced YOLO-NAS (Neural Architecture Search),
which leveraged automated architecture optimization to deliver exceptional accuracy and
speed. YOLO-NAS particularly excels in tasks requiring fine-grained object detection, such as
identifying small objects in medical imaging, and is increasingly regarded as the cutting-edge
YOLO variant. Throughout its evolution, YOLO has maintained its focus on real-time
detection, computational efficiency, and scalability. Its applications span numerous domains,
including autonomous driving, surveillance, and healthcare. In the medical and dental imaging
fields, YOLO's ability to detect small anomalies with high precision has made it a critical tool

for tasks such as lesion detection, caries classification, and cancer diagnosis [37].

The continued development of YOLO by the open-source community and organizations like
Ultralytics and Deci Al ensures that it remains at the forefront of object detection research,
with each iteration building upon the strengths of its predecessors while addressing emerging
challenges in the field. By 2024, YOLO's evolution culminated in YOLOv9 and YOLOV10,
which integrated cutting-edge advancements in Al architecture to push the boundaries of what
object detection models can achieve. Continuous innovation in YOLO models has made them
indispensable tools in fields ranging from autonomous driving to healthcare, including dental

diagnostics, where the need for high precision and speed is critical [7].
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Figure 6. YOLO Evolution Timeline: A Visual Representation of the Development of YOLO
Object Detection Models from YOLOv1 (2015) to YOLOV9 (2024)[46]
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2.5. YOLO methods

Word Cloud of YOLO-based Methods and Terms in Dental Studies
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Figure 7. A word cloud highlighting key terms and concepts related to YOLO-based methods
in dental imaging studies.

Several studies [36][38][39][40], as highlighted in Table 2 , have validated the effectiveness of
YOLO architectures in dental diagnostics, showcasing their ability to detect conditions such as
dental caries, root fractures, and impacted teeth with high precision and efficiency, thereby
streamlining clinical workflows. A research [39] investigates the use of DL models for
automated tooth position identification and detection of dental conditions using bitewing
radiographs. The study's primary aim is to enhance the efficiency and accuracy of dental
diagnostics by employing DL algorithms to automate traditionally manual and labour-intensive
tasks such as tooth positioning and disease detection. The study sample includes 210 bitewing
radiograph images, annotated to identify dental caries, restorations, and periodontal disease.
The dataset was split into training and validation sets using a 9:1 ratio. The authors utilized
YOLOv4, YOLOVS for tooth position identification and a modified AlexNet CNN model to
detect specific dental conditions. Features collected include tooth positions, caries, restorations,
and periodontal disease symptoms, such as gum inflammation and bone loss. Preprocessing
techniques like Gaussian filtering and adaptive binarization were applied to enhance image
quality. Data analysis involved training the YOLOv4, YOLOvS models for object detection
and AlexNet for disease identification. The models were evaluated using precision, recall, and

F1-score, showing an accuracy of 98.01% for tooth position detection and 92.86%, 92.10%,
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and 96.51% for caries, periodontal disease, and restoration detection, respectively. This system
can support dentists by reducing diagnosis time, minimizing human error, and potentially being
integrated into remote health platforms for widespread use. A DL approach was proposed [38]
- for dental anomaly detection using the YOLOvS and YOLOVS architecture. The study
employs a diagnostic framework to automatically detect various dental conditions using
panoramic radiographs. The primary aim is to enhance diagnostic accuracy and reduce
processing time in clinical settings by leveraging the latest advancements in object detection
algorithms. The study analysed a sample of 1,267 dental radiographs, annotated to identify four
dental anomalies: implants, fillings, impacted teeth, and cavities. The dataset was divided into
training (84.5%), validation (9.5%), and testing (5.7%) sets, ensuring robust model
performance evaluation. Key features collected include the position and presence of dental
anomalies within panoramic X-ray images. Data analysis was performed using the YOLOvVS
and YOLOV8 framework, incorporating enhancements like CSPDarknet53 as the backbone,
SPPF for multi-scale feature capturing, and the C2f module for combining high-level features.
The model was trained and evaluated using precision, recall, and mAP metrics, achieving an
mAP50 of 80.6% and 86.6% across all dental anomalies. By automating anomaly detection,
the model can serve as a decision-support tool, facilitating early diagnosis and treatment
planning while reducing human error and diagnostic time. A study [41] on the application of
DL for dental disease detection and classification using panoramic X-ray images. The study
was designed to develop an automated tool capable of diagnosing four common dental
disorders: cavities, root canals, dental crowns, and broken-down root canals. The study used a
sample of 1,200 panoramic dental X-ray images collected from various clinics, with 70% used
for training and 30% for testing. Features under collection included bounding box annotations
for different dental conditions within the panoramic X-rays, labelled for precise detection and
classification. For data analysis, the authors utilized the YOLOv3 DL model, implementing
various image augmentation techniques such as horizontal and vertical flips, rotation, shear
range, and zoom range to enhance the dataset and improve model performance. The model was
trained on Google Colab with a NVIDIA Tesla K80 GPU, achieving a mAP of 99.33%. By
integrating the model into routine dental radiographic analysis, clinicians can minimize human
error, reduce diagnostic time, and streamline treatment planning. A comprehensive review [42]
of recent advancements in Al applications for digital dental radiography. The study categorizes
and discuss the current developments of Al methodologies applied to digital dental
radiography, including the diagnosis of dental caries, periapical pathologies, periodontal bone

loss, cyst and tumour classification, cephalometric analysis, and dental implant recognition.
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The review collected a sample of 119 articles from PubMed and IEEE Xplore databases, with
studies focusing on both ML and DL models used to automate the detection, classification, and
segmentation of dental pathologies. Key features under collection include image-based data
such as dental radiographs (panoramic, intraoral, and CBCT) labelled for various dental
conditions, anatomical landmarks, and bone structures. Data analysis methods range from
traditional ML techniques, such as support vector machines and neural networks, to advanced
DL models like U-Net, YOLO, and Mask R-CNN for complex pattern recognition and image
segmentation. The potential clinical application of this research lies in improving diagnostic
accuracy, reducing human error, and enhancing the efficiency of dental practitioners by
providing automated diagnostic aids. The review highlights the need for further development
to address challenges such as small dataset sizes, standardization of reporting formats, and
integration into clinical workflows to fully leverage Al in dental radiography. Another study
[43] evaluates the effectiveness of the YOLO-VS DL model for detecting, segmenting, and
numbering deciduous and permanent teeth in paediatric patients using panoramic radiographs.
The study design is a retrospective observational study that used a labelled dataset of 3,854
panoramic radiographs collected from paediatric patients aged 5—13 years with mixed dentition
conditions. The aim of the study is to automate tooth identification and numbering during the
complex mixed dentition stage to support accurate and efficient diagnosis in clinical settings.
The sample dataset consists of 3,093 images for training, 387 for validation, and 385 for testing.
Features under collection include deciduous and permanent teeth, dental caries, rotated teeth,
developmental anomalies, and supernumerary teeth, all annotated using the FDI tooth
numbering system. For data analysis, the authors developed the YOLO-V5x model, utilizing
techniques such as CSPDarknet53 for the backbone, PANet for the neck, and the YOLO head
for classification. The model was trained for 500 epochs, achieving high performance with a
mAP-0.5 of 98% for both detection and segmentation tasks. This model enables paediatric
dentists to automatically detect and enumerate teeth, aiding in the diagnosis of complex dental
conditions like impacted teeth, caries, and dental anomalies. By reducing manual labour and
increasing diagnostic accuracy, this Al-based system can streamline the treatment planning
process and potentially improve patient outcomes in paediatric dental care. A novel DL-based
framework [44] aimed at automating the detection of critical anatomical structures like AB
and MC in CBCT images for dental implant planning. The sample consists of 1,064 grayscale
CBCT images of the mandible’s coronal slices, with annotations for the AB and MC. The
dataset was divided into 744 images for training and 320 images for testing. Features under

collection include detailed annotations for the AB and MC, with bounding boxes specifying
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the precise locations of these structures. For data analysis, the authors developed the Dental-
YOLO model, which is a modified version of the YOLOv4 architecture optimized for the
unique requirements of dental imaging. The model uses CSPDarknet53-tiny as the backbone
network and implements two-scale feature maps for efficient detection of both large (AB) and
small (MC) structures. The results of the study showed that Dental-YOLO achieved a mAP of
99.46% and demonstrated significant improvements in detection speed, reducing the
complexity from 59.57 to 6.83 billion floating-point operations (BFLOPS) per second, making
it highly efficient for clinical use. This system can automate the identification of critical
structures, streamline the dental implant planning process, and reduce the time and manual
effort required by radiologists, thereby enhancing accuracy and treatment outcomes in implant
dentistry. A study centred [39] to evaluate the performance of the YOLOv4 model in detecting
and classifying different types of teeth in dental radiographs. The study follows an experimental
design where the authors implement and fine-tune the YOLOv4 architecture for accurate
identification of individual teeth to improve diagnostic support in dental imaging. The sample
consists of 500 annotated dental radiographs collected from patients with varying dental
conditions, including misaligned teeth, missing teeth, and restorations. Key features under
collection include positional data for each tooth, bounding box coordinates, and class labels
specifying tooth types (e.g., molars, premolars, and incisors). The annotations were manually
validated by experienced dental professionals to ensure accuracy. Data analysis involved
training the YOLOv4 model with different hyperparameter configurations, and performance
was assessed using sensitivity, specificity, and F1-score. The model achieved a sensitivity of
97.8% and a specificity of 98.3%, indicating high precision in detecting and distinguishing
individual teeth under diverse radiographic conditions. This system could reduce diagnostic
time, minimize human error, and provide a reliable second opinion, ultimately enhancing
patient care and outcomes in dental practices. Another research [45] explores the application
of the YOLOVS and YOLOv7 model for real-time object detection in dental radiographic
images to enhance implant planning and classification in prosthodontics. The study design
follows an experimental approach, employing DL to automate the detection and measurement
of dental implants in various clinical scenarios. The sample consists of 4,000 annotated dental
radiographs, categorized based on different dental implant conditions, including missing teeth,
various implant types (e.g., endosteal, subperiosteal, zygomatic, and transosteal), and their
precise locations. Key features under collection include the dimensions (height and width) of
dental implants, tooth positions, and surrounding anatomical structures, as well as implant type

classifications based on radiographic appearances. For data analysis, the authors used
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YOLOVS and YOLOvV7, incorporating customized loss functions to optimize detection
accuracy and direct prediction of implant dimensions. The model achieved an overall accuracy
of approximately 89%, with a recall of 0.61, precision of 1 at a confidence level of 0.895, and
an Fl-score of 0.35 at a lower confidence threshold of 0.292. The architecture includes a
backbone network (CSPDarknet53), a feature pyramid network (FPN), and detection heads to
predict object coordinates and classifications. This study highlights the effectiveness of
integrating Al in dental prosthetics, with YOLOvV7 serving as a reliable tool for real-time
detection and classification of dental implants, contributing significantly to advancing
precision in implant dentistry. Another study focussed on [46] developing an automated and
cost-effective Al-based diagnostic system for dental caries detection using non-standardized
photographs. The study design is an experimental framework that uses a hybrid model
combining YOLO object detection with transfer learning to handle real-world variations in
image quality, specifically targeting low-resource and rural settings where standardized
imaging setups are not feasible. The sample consists of 1,703 augmented images generated
from 233 extracted anterior teeth, captured using a consumer smartphone camera without
controlled lighting or standardized apparatus. The dataset was split into training (65%),
validation (15%), and testing (20%) sets. Features under collection include visual changes in
smooth surface carious lesions categorized into three classes: visible change without cavitation,
visible change with micro cavitation, and visible change with cavitation, based on the
International Caries Detection and Assessment System (ICDAS). Data analysis involved
implementing an ensemble of YOLOvS5 models (v5s, vSm, v5l, and v5x) combined with
transfer learning models such as VGG16, ResNet50, ResNet101, AlexNet, and DenseNet121.
The ensemble model achieved a mAP of 0.732 and an accuracy of 78.9%. Transfer learning
with the VGG16 model resulted in the highest diagnostic accuracy of 86.96%, precision of
0.89, and recall of 0.88. This system can support primary healthcare providers in detecting and
monitoring caries progression, ultimately improving oral health outcomes for underserved
populations [46]. An investigation into [47] the effectiveness of a DL model for detecting AP
in digital panoramic radiographs. The study design is a diagnostic accuracy evaluation using a
DL-based Computer-Aided Diagnosis (CAD) system, specifically the YOLOv3 and YOLOvVS
models, to assess its performance in identifying AP in the maxilla and mandible. The sample
includes 306 panoramic radiographs with a total of 400 roots diagnosed with AP, with an equal
number of lesions in both the maxilla and mandible. The images were selected from a clinical
archive using the keywords "apical lesion" and "apical periodontitis" and confirmed by two

oral and maxillofacial radiologists who labelled and grouped the lesions according to their
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borders and visibility. Features under collection include the lesion boundaries, specific root
locations, and the presence or absence of AP. Data analysis involved training the YOLOv3
model with Darknet architecture, focusing on three scales to detect AP lesions of varying sizes.
Performance metrics such as precision, recall, and F-measure were used to evaluate the model's
diagnostic accuracy. The results showed a recall rate of 0.93 and an F-measure of 0.96 for
clearly identifiable APs in the mandible, but lower recall values of 0.2 for the maxillary lesions,
indicating the model’s limited accuracy in the maxilla due to overlapping anatomical structures
and low contrast. It can serve as a reliable diagnostic aid for identifying APs in digital
panoramic radiographs, thereby reducing diagnostic time and enhancing accuracy in complex
cases. However, its current limitations suggest that the model is more suited for mandibular

APs and may require further development to achieve clinical applicability for maxillary lesions

Table 2. Summary of Features Extracted, Algorithms Used, and Dental Diseases Detected in
Al-Driven Dental Imaging Studies

Features Extracted

Algorithm / Methods
Used

Oral Disease
Detected

Performance Metrics

Tooth positions, caries,
restorations, periodontal
disease symptoms (e.g., gum

Dental caries,

Accuracy of 98.01% for
tooth position detection
and 92.86%, 92.10%,

inflammation, bone loss)[39] YOLOv4, YOLOVvS, rest.oratlons, and 96.51% for caries,
AlexNet CNN periodontal . .
disease periodontal disease, and
restoration detection,
respectively
— 5
Position and presence of YOLOVS, YOLOVS, Implgnts, mAP50 of 80.6 A). across
dental anomalies (implants, cavities, all dental anomalies
. . CSPDarknet53, SPPF, .
fillings, impacted teeth, C2f Module fillings,
cavities) [38] impacted teeth

Bounding box annotations
for cavities, root canals,
dental crowns, broken-down
root canals [41]

YOLOvV3, YOLOVS,
Image Augmentation
(flips, rotation, shear
range, zoom)

Cavities, root
canals,
crowns,
broken-down
root canals

mAP of 99.33%

Anatomical landmarks, bone
structures, radiograph
annotations (e.g., dental
caries, pathologies, cysts,
tumours) [42]

U-Net, YOLO, Mask
R-CNN, Support
Vector Machines,
Neural Networks

Dental caries,
periodontal
bone loss,
cysts, tumours

Comprehensive review

Deciduous and permanent

Dental caries,

mAP-0.5 of 98%

CSPDarknet53-tiny

teeth, rotated teeth, YOLO-V5x, gﬁgigﬁg;emal
developmental anomalies, CSPDarknet53, PANet supemumérary
supernumerary teeth [43] teoth
- 0
Alveolar bone , mandibular Denta} YOLO Alveolar bone, mAP of 99.46%
. (Modified YOLOV4), .
canal , anatomical structures YOLOVS mandibular
of the mandible [44] ’ canal
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Positional data, bounding
boxes, and class labels for

YOLOv4, YOLOv8

Misaligned
teeth, missing

Sensitivity of 97.8%
and a specificity of

tooth types (e.g., molars, Hyp.erparameter teeth, 98.3%
S Tuning .
premolars, incisors) [39] restorations
Dimensions and positions of | YOLOv5, YOLOV7, Accuracy of 89%, with
dental implants, implant YOLOvVS Dental implant | a recall of 0.61
classifications (endosteal, CSPDarknet53, detection and
subperiosteal, zygomatic, Feature Pyramid classification
transosteal) [45] Network (FPN)

YOLOVS (v5s, v5m,
v5l, v5x), Transfer
Learning Models
(VGG16, ResNet50,
ResNet101, AlexNet,
DenseNet121)
YOLOvV3, YOLOVS,
Darknet, Precision,
Recall, F-measure

Diagnostic accuracy of
86.96%, precision of
0.89, and recall of 0.88

Visual changes in smooth
surface carious lesions
categorized as visible change
without cavitation, micro
cavitation, and cavitation
[46]

Lesion boundaries, root
locations, presence or
absence of AP [47]

Dental caries

Recall rate 0of 0.93 and
an F-measure of 0.96

Apical
periodontitis
(AP) detection

2.6. Research Gap

Despite the significant advancements in Al applications in dental imaging, the current body of
literature exhibits certain limitations. A detailed review of studies highlights a focused
approach, where the majority have restricted their scope to a narrow range of dental diseases
or conditions. For instance, many studies concentrated solely on one or two dental issues, such
as caries detection, tooth position identification, or apical lesion detection. Studies [39][48]
utilized YOLOv4 ,YOLOvV5 AlexNet CNN to detect tooth positions and three dental conditions
(caries, restorations, and periodontal disease), providing a limited application spectrum and
some, such as [38][20], focused on four dental anomalies (implants, fillings, impacted teeth,
and cavities) using YOLOvV5 and YOLOVS architecture, while few [47] restricted their study
to detecting AP using YOLOV3, showcasing limited diagnostic versatility and additionally
some studies [43] addressed mixed dentition in paediatric patients using YOLO-V5x, but their

application was primarily for tooth numbering and developmental anomalies.

Moreover, several studies such as [28][25], focused predominantly on specific imaging tasks
like caries lesion segmentation or periapical radiolucency detection, highlighting the inability
to generalize across a wide range of dental conditions. Furthermore, while many models like
U-Net, Mask R-CNN, and GoogLeNet Inception v3 have been explored, their application tends
to be condition-specific, lacking the adaptability for multiple dental diagnoses. While YOLO
models have demonstrated superior accuracy in dental imaging tasks, their application has been

limited to isolated use cases rather than broad-spectrum disease identification.
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Our research aims to address these gaps by:

Comprehensive Disease Annotation: Unlike the reviewed studies, which focus on a narrow
scope, we have annotated 50 plus classes of dental diseases, encompassing a diverse range of
conditions such as dental caries, restorations, periodontal diseases, anomalies, edentulous
ridges and implants. This comprehensive dataset makes our model applicable to a wide variety

of use cases, offering unparalleled diagnostic versatility.

Enhanced Use Case Flexibility: The model developed in our research can simultaneously
detect multiple dental conditions within a single analysis. This capability significantly broadens
its applicability in clinical settings, facilitating faster, more accurate diagnostics across varied

scenarios, including routine checkups, anomaly detection, and treatment planning.

Focus on YOLO Models: Our research emphasizes the YOLO family of models (e.g.,
YOLOVS, YOLOvVS, YOLO-NAS) due to their demonstrated superiority in image analysis
tasks, as evidenced by their high precision, recall, and mAP metrics in the reviewed literature
as shown in Table 3. YOLO models consistently outperform others, such as U-Net or Mask R-
CNN, in tasks requiring real-time detection and localization, making them ideal for dental

imaging applications.

Potential for Broader Application: The model's ability to diagnose a wide range of conditions
ensures its utility in a variety of settings, from general dental practices to specialized fields like
paediatric dentistry, prosthodontics, and oral surgery. Moreover, the inclusion of diverse dental
anomalies enhances its applicability in both developed and resource-constrained healthcare

environments.

To the best of our knowledge, no study has developed a model capable of diagnosing such an
extensive range of dental conditions while maintaining high accuracy and efficiency. By
focusing on YOLO models and leveraging a comprehensive dataset, our research not only
bridges this gap but also establishes a robust foundation for future advancements in Al-driven

dental diagnostics.
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Chapter 3 - Methodology

This chapter outlines the approach taken to conduct this study, covering the entire research
process from data preparation to model evaluation. The methodology follows a structured
workflow to provide a clear breakdown of each stage, ensuring transparency in the research
process, beginning with the research methodology framework. The dataset preparation includes
data annotation, preprocessing techniques used and dataset splitting, ensuring data consistency.
Data augmentation techniques, including geometric transformations, rotation, flipping, and
grid masking, enhance model generalization. The study employs YOLO models (YOLOVS,
YOLOv8, YOLO-NAS) for dental radiograph analysis, justifying their selection and
comparing their performance against other models. Training and evaluation involve tuning
parameters with model performance assessed for all the models and compared. The findings
and results are discussed in the subsequent chapters, offering insights into the performance and

potential improvements of the proposed methodology.

3.1. Research Methodology

This study adopts the Design Science Research Methodology (DSRM) as the guiding
framework to develop and evaluate the proposed approach. The DSRM framework [49][50],
was chosen for this study because it provides a structured way to develop and validate new
solutions. Unlike purely theoretical research methods, DSRM is practical and iterative,
meaning it allows continuous improvements [49]. This makes it particularly useful for this
research that involves designing, testing, and refining solutions in changing environments.
Another key reason for selecting DSRM is its flexibility. It supports different starting points in
research, such as identifying a problem, setting objectives, or even beginning with an early-
stage solution [50]. This adaptability ensures that the study remains focused on problem-
solving and practical impact. Since this research involves developing models and validating
them through experiments, DSRM’s iterative process enables continuous refinements.
Additionally, DSRM balances academic rigor with real-world relevance, ensuring that this
research contributes both to theoretical knowledge and practical applications [51]. This
combination makes it an ideal approach for this study that require both innovation and

validation.
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The methodology consists of six iterative stages as shown in Figure 8. Design Science Research
Methodology: Problem Identification & Motivation, Define Objectives of the Solution, Design

& Development, Demonstration, Evaluation, and Communication.

4 ) 4 ) 4 )
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Figure 8. Design Science Research Methodology [49]

The research began with a scoping review, which is detailed in section 2.3. The scoping review
enabled us to analyze existing literature, identify research gaps, and establish the significance
of the problem. This process helped in defining the research problem clearly and justifying the
need for a novel approach. Based on the findings from the scoping review, the study determined
the objectives as in section 1.3. These research objectives are formulated to address the
identified gaps (section 2.6.) by proposing a more efficient and effective solution. The
objectives provide a theoretical foundation that drives the design and development phase. The
solution is designed and developed through a series of experiment simulations (section 3.4.).
This stage involved implementing various preprocessing techniques (section 3.5.) to enhance
data quality, designing and training models to improve the accuracy and robustness of the
system, and iteratively refining the solution based on experimental results to optimize
performance. The developed models were tested in a controlled experimental setting. This
phase included running multiple experiments to validate the effectiveness of the proposed
solution, applying data preprocessing techniques to enhance input data quality, demonstrating
how the solution addresses the research problem effectively. The evaluation phase involves a

detailed assessment of the developed solution. This includes data augmentation techniques
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(section 3.6) to enhance model generalization, hyperparameter tuning (section 3.9.1.) to
optimize the models, performance metric evaluation (section 3.10.) (such as accuracy,
precision, recall) to systematically compare different models and configurations. Through this
evaluation, model technical insights are drawn. The final phase involved presenting and
discussing the findings. The results are documented and disseminated through discussion of

key insights, limitations, and future research directions.

3.2. Dataset

The dataset utilized in this study comprises approximately 3,000 digital panoramic
radiographic images, collected from various open-source repositories [52][53][54][55] to
ensure a diverse and comprehensive representation of oral conditions within dental

radiographs.

Following the collection, the images were subjected to manual annotation using the Roboflow
platform. A team of two dental experts, including an endodontist and an orthodontist,
thoroughly annotated each image to ensure clinical relevance and accuracy. The annotations
covered 56 distinct classes as shown in Figure 9 and Table 9, representing various dental
features and conditions such as dental caries, impacted teeth, root canal treatments, bone loss
and many more. This detailed annotation process allowed the creation of a robust dataset

suitable for training DL models.

Class Distribution

The dataset showed variations in the frequency of annotated classes, reflective of real-world
dental conditions. Common conditions, such as dental caries and missing teeth, were well-
represented, while rarer conditions, like dilaceration and peg laterals, were less frequent. This
long-tailed distribution aligns with clinical observations, where certain conditions occur more
commonly than others. Class imbalance [56] is a main challenge in this study, where certain
disease categories (rare dental anomalies) have significantly fewer samples compared to more
common conditions [57]. This imbalance can lead to biased model performance, where the
model favours the majority class, resulting in poor generalization and reduced sensitivity for
underrepresented classes [56]. To address this, data augmentation techniques [58] like Rotation
(x15°), Horizontal flipping, Grid Masking were applied. These augmentation techniques
helped in increasing the representation of minority classes, reducing model bias toward

majority classes and enhances the feature extraction, allowing the model to generalize well
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across different dental radiographs and improves classification performance, particularly

sensitivity and recall for underrepresented conditions [58].
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Figure 9. Number of Annotations for Various Dental Conditions

3.3. Data Annotation for Dental Radiographs

Data annotation is crucial for training ML models in applications like dental imaging [59]. For
this study, the 3,000 panoramic dental radiograph data set was meticulously annotated by two
dental specialists: an endodontist and an orthodontist. Their expertise ensured the highest level
of accuracy and clinical relevance in the annotations, critical for creating a reliable and robust

dataset for training DL models like YOLOvS, YOLOvVS, and YOLO-NAS.

The annotation process was conducted using the Roboflow platform, a widely used tool for
efficient and accurate data labelling[60]. Roboflow facilitated seamless collaboration between
the two dental experts, allowing them to label complex dental structures and abnormalities with
precision. The annotation process involved manually identifying and labelling regions of

interest within each radiograph as shown in Figure 11 and Figure 12, assigning them to one of

45|Page



the 56 classes. These classes covered a comprehensive range of dental structures and
conditions, from common dental issues such as caries and missing teeth to more specialized

conditions such as furcation bone loss and impacted teeth.
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Figure 10. Collection of annotated dental radiographs (X-rays) with bounding boxes

Figure 11. A dental panoramic X-ray with annotated bounding boxes

To ensure consistency and accuracy, the annotation process followed a structured workflow.
Both experts underwent a training phase to align their interpretations and annotation standards,
ensuring uniformity in labelling. Each radiograph was independently annotated by both the
endodontist and the orthodontist. Discrepancies in the annotations were resolved through
collaborative discussion to maintain consistency. A random subset of annotated images was

reviewed to ensure adherence to clinical standards and accuracy throughout the data set.
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Figure 12. A dental panoramic X-ray with annotated bounding boxes highlighting various
dental structures and conditions

The dataset includes 56 classes, each representing a specific dental condition, structural feature,
or abnormality. This diversity ensures that the model can learn to detect a wide array of dental
problems as shown in Figure 11 and Figure 12, making it highly applicable in clinical settings.

The Appendix Table 2 explains the clinical feature of each class annotated.

Clinical Significance of Expert Annotation

The involvement of two dental specialists brought a level of clinical expertise that ensures the
reliability of the data set. The focus of the endodontist on root structures and periapical lesions
complemented the expertise of the orthodontist on occlusion, alignment, and developmental
abnormalities. This multidisciplinary approach improves the quality of the data set, providing
a holistic view of dental conditions. Annotations for RCT-treated teeth, root canal fillings, and
periapical lesions address common endodontic concerns. Orthodontic features such as spacing,
impacted canines, and wire-supported orthodontic brackets align with the plan of orthodontic
treatment. Accurate and comprehensive annotation is crucial to ensure that deep learning
models can generalize well to real-world clinical scenarios [61]. Poorly annotated data can lead
to misclassification or missed detection of critical conditions, inability to identify subtle but
clinically significant features, lower sensitivity and specificity in model predictions. The high-
quality annotations provided by dental experts in this study minimize these risks, ensuring that

YOLO models can achieve high-performance metrics such as mAP and recall.

Dental radiographs present several challenges in annotation due to their complex overlapping
structures, which make it difficult to isolate individual features for accurate labelling.

Additionally, subtle abnormalities such as dilaceration or secondary caries require careful
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attention to detect minute changes in radiographic patterns. Another significant challenge is the
high-class diversity, as the dataset includes 56 distinct dental conditions, necessitating
meticulous annotation to ensure accurate representation of each class. These challenges were
mitigated through the expertise of the annotators and the advanced annotation capabilities of
the Roboflow platform [59], which provided efficient management tools for precise and

consistent labelling.

Impact on Deep Learning Models

The annotated dataset of 3,000 panoramic dental radiographs serves as a critical foundation for
training the YOLO models (YOLOVS, YOLOvS8 and YOLO-NAS), ensuring their effectiveness
in dental diagnostics. The high-quality annotations, created by dental experts, enable the
models to learn distinctive features and accurately differentiate between closely related classes,
such as primary teeth and developing tooth buds. This detailed labelling allows the models to
handle complex scenarios, such as detecting overlapping features such as orthodontic brackets
combined with spacing or mesially tilted teeth. Furthermore, the comprehensive and diverse
data set equips the models to generalize effectively to clinical settings, ensuring reliable
performance across varied patient populations and radiographic conditions. This solid
foundation supports the development of Al models capable of improving diagnostic accuracy
and clinical workflows in dentistry. The annotated dataset of 3,000 panoramic dental
radiographs is a cornerstone of this study, allowing the training of state-of-the-art YOLO
models for dental diagnostics. The involvement of two dental specialists ensured the clinical
relevance and accuracy of the annotations, covering 56 diverse classes. With the expertise of
annotators and the advanced tools offered by Roboflow [59], this dataset is well-positioned to
drive advancements in Al applications for dental imaging, enhancing diagnostic accuracy and

clinical efficiency.

3.4. Experimental Process

The experimental process in this study involves several key stages, starting with dataset
creation and data annotation, followed by multiple data preprocessing steps, as shown in Figure
13. The goal was to prepare high-quality dental radiographs for training and evaluation,
ensuring accurate and reliable model performance. First, the dataset was created by collecting
and organizing dental radiographs. These images were then annotated to label key features
relevant to oral disease detection. Next, several preprocessing techniques were applied to

enhance image quality and standardize the input data. This included cropping, grayscale
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conversion, resolution standardization, and augmentation techniques like geometric
transformations, rotation, flipping, and grid masking to improve model generalization. For
model development, three versions of the YOLO object detection model—YOLOvVS5, YOLOVS,
and YOLO-NAS—were chosen for their strong performance in medical and dental imaging.
The study examined the effectiveness of these models with and without hyperparameter tuning,
focusing on key training parameters such as epochs, batch size, learning rate, and loss functions
to optimize their performance. Once trained, the models were evaluated using key performance
metrics, to understand their clinical relevance in dental diagnostics. These metrics helped
determine how well the models could detect and classify oral diseases. Finally, the results of
this comparison were analyzed in depth to draw meaningful conclusions about the most
effective approach for Al-driven oral disease detection. This study aims to highlight the best-

performing model for practical applications in dental imaging and diagnostics.
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Dental radiograph databases, Dental clinics and hospitals, Patient
health record systems, Dental imaging devices, Dental research centers, Other
relevant sources

Image enhancement techniques (specific to dental imagery),

Image filtering techniques to highlight dental features

Identifying features specific to dental diseases (like cavities, gum disease, etc.)

Selection of Machine Learning Algorithm: For instance, Convolutional Neural Network

(CNN) tailored for dental images

Testing of the Model: Using a separate set of dental images

Performance Metrics: accuracy, sensitivity, specificity in dental disease detection

External Validation of the Model: Validation using external dental image datasets

|
o]

If the validation is bad, the model might need to be revised
and retrained. If the validation is good, the model is considered ready.

Ready Model: Potential Usage of the Model in Dental Practice

For diagnostic assistance, For monitoring dental health, For educational purposes

!

Integration into dental clinic workflows, Patient engagement and educational tools

Figure 13. Research Pipeline
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3.5. Data Preprocessing

The preprocessing of dental radiographs is a crucial step to ensure high-quality input for YOLO
models (YOLOVS, YOLOvS, YOLO-NAS) [62]. This step aims to refine the raw data,

eliminate noise, and focus on the regions of interest while retaining clinically relevant details.

3.5.1. Cropping and Region of Interest (ROI) Selection

Cropping and ROI selection is a preprocessing step designed to enhance the relevance and
quality of data used in training deep learning models, particularly for tasks like detecting oral
diseases in panoramic dental radiographs. This technique involves removing non-essential
parts of an image to focus the model's attention on the most clinically significant regions [63].
Panoramic radiographs often include background areas such as soft tissue, jawbones, or
portions of the imaging hardware that are not relevant for detecting dental structures or
diseases. By removing these extraneous regions, the cropped image becomes more focused,
reducing noise and computational complexity during training. The process ensures that the
model concentrates on regions containing dental structures like teeth, roots, bone, and
restorations, which are essential for diagnosing conditions such as caries, bone loss, or
impacted teeth. Cropping reduces the overall size of the image, resulting in fewer unnecessary

pixels being processed. This speeds up training and inference while maintaining accuracy [64].

Cropping Process: The upper portion of the radiograph (30% of the top region) typically
contains background or parts of the skull that are not directly relevant for oral disease detection
whereas 10% of the side regions may contain soft tissue or imaging borders that do not
contribute to the analysis. To crop and select the Region of Interest (ROI) in dental X-rays, we
used OpenCV to preprocess the image, detect contours, and extract the most relevant area.
First, we converted the image to grayscale and applied Gaussian Blur to reduce noise [64].
Then, adaptive thresholding enhances contrast, making dental structures more prominent. Next,
we detected contours and find the largest bounding box, assuming it represents the teeth or jaw.
Finally, we crop the ROI and save the processed image. If manual selection is needed, replace
the contour detection with cv2.selectROTI (), which allows clicking and dragging to define
the desired region. If any annotations were near the edges of the original image, the cropping

parameters were dynamically adjusted to preserve all features of interest [64].
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Impact on Training

By eliminating irrelevant areas, the model is trained on images containing only the most
important structures. This reduces distractions and allows the model to learn more effectively.
Background elements that may introduce noise during training (e.g., imaging hardware, soft
tissue shadows) are removed, improving the model’s ability to distinguish meaningful features.
Cropped images better reflect the diagnostic regions that dental practitioners focus on during
clinical analysis. This makes the model more applicable to real-world scenarios. A panoramic
radiograph where the top 30% contains portions of the skull and sinus cavities, and the side
10% includes imaging borders. Cropping these regions leaves a focused view of the dental
arches, which are the primary areas for detecting conditions like dental caries, impacted teeth,

and bone loss [63].

3.5.2. Conversion to Grayscale

Converting radiographs to grayscale is a crucial preprocessing step. This transformation is
performed primarily to reduce computational complexity while preserving critical structural
details necessary for accurate diagnosis. The main objectives of grayscale conversion include
colour information in dental radiographs is unnecessary for most diagnostic tasks. Since
radiographs are inherently grayscale images, removing redundant colour channels simplifies
the data without affecting essential information. Grayscale conversion enhances the contrast
between different anatomical structures and pathologies, such as carious lesions, fractures, or
periapical infections, making feature extraction more effective for Al models [24][65]. In deep
learning models, handling RGB images with three channels (Red, Green, and Blue) increases
memory usage and computational requirements. Converting to a single grayscale channel
significantly reduces the number of parameters the model must process, leading to faster
training and inference times. Since grayscale conversion standardizes the dataset, it enhances
the model's ability to generalize across different datasets, ensuring that variations in colour due

to image acquisition settings do not introduce biases [66].

To convert a dental X-ray to grayscale, we used OpenCV. Grayscale conversion is essential for
feature extraction, noise reduction, and improving contrast in medical imaging. This was done
using the cv2.cvtColor () function, which converts the image from BGR (Blue-Green-
Red) to grayscale. Grayscale conversion provides multiple advantages when applied as a data
augmentation technique. Dental radiographs obtained from different sources (e.g., various X-

ray machines or clinics) may have slight colour variations. Grayscale conversion ensures
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uniformity, leading to improved model consistency and performance. AI models trained on
high-dimensional data with unnecessary colour information may be overfitting noise rather
than learning meaningful patterns. By reducing dimensionality, grayscale conversion
minimizes overfitting and improves model robustness [67][24]. CNNs rely on edge detection
and texture analysis for classification. Grayscale images enhance these features, making them
more distinguishable for deep learning algorithms. Unlike other augmentation techniques that
alter image geometry or resolution, grayscale conversion retains essential diagnostic
information, ensuring the model still identifies anatomical landmarks and pathological

conditions accurately [65].

3.5.3. Resolution Standardization

Resolution standardization is an essential preprocessing step when preparing data for deep
learning models, particularly for object detection frameworks like YOLO. In this study, all
dental radiographs were resized to a consistent resolution of 640x640 pixels. This uniformity
ensures compatibility with the input requirements of YOLO-based models, including YOLOVS,
YOLOvVS8, YOLO-NAS. Panoramic dental radiographs often vary in size and resolution due to
differences in imaging devices and acquisition settings. Standardizing resolution ensures
uniformity, enabling the model to process each image in a consistent manner. YOLO models
require fixed input dimensions for efficient processing. The resolution of 640x640 pixels is a
standard input size optimized for these models, balancing computational efficiency with
detection accuracy. Standardizing resolution reduces the need for on-the-fly resizing during
training or inference, improving processing speed and memory efficiency. When resizing is
carefully applied, the anatomical proportions and spatial relationships between dental features
(e.g., teeth, bone, and restorations) are preserved. This ensures that the model learns accurate
patterns [68]. To standardize the resolution of dental X-rays to 640x640 pixels, we used

OpenCV’s cv2.resize () function.

Advantages of 640x640 Resolution

640x640 pixels provide sufficient detail to capture small dental features, such as caries,
fractures, or orthodontic brackets, while keeping computational requirements manageable.
Many pre-trained YOLO models use 640x640 as the default input size. Maintaining this
resolution allows seamless fine-tuning and transfer of learning. Standardizing resolution
ensures the dataset can be used across different YOLO variants (e.g., YOLOvS, YOLOVS,
YOLO-NAS) without additional preprocessing [43].
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Impact on Model Performance

A consistent resolution ensures that the models can learn features uniformly across the dataset,
reducing variability caused by inconsistent image sizes. Fine-grained features like root
fractures, caries, and bone loss remain distinguishable at 640x640 resolution. Uniform input
dimensions prevent issues like vanishing gradients or exploding errors during training, leading
to smoother optimization. Standardized image resolutions enable models to process data more

efficiently, making them well-suited for real-time use in clinical environments [69].

3.5.4. Dataset Splitting

The dataset used in this study was divided into three subsets as shown in Figure 14 and Figure
15 - training (70%), validation (15%), and testing (15%)—to facilitate effective model training,
hyperparameter tuning, and performance evaluation. To split a dataset of dental X-rays into
training  (70%), validation (15%), and testing (15%), we wused Python
train test split () function from Scikit-Learn. This code randomly shuftles and splits
the dataset, ensuring 70% of images go to training, 15% to validation, and 15% to testing.
Stratification was applied during the splitting process to ensure that the distribution of
annotated classes remained consistent across all subsets, preventing class imbalances and

ensuring reliable model evaluation.
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Figure 14. Dental OPG Dataset structure

The training subset (70%) contains most of the data and is used to teach the YOLO models
(YOLOVS, YOLOvVS, YOLO-NAS) to detect and classify dental features and diseases. The
training set, by including diverse examples, allows the model to identify patterns and
relationships within the data, enabling it to detect conditions such as dental caries, impacted

teeth, and periapical lesions [70]. The validation subset (15%) is used during training to monitor
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the model's performance and tune hyperparameters (e.g., learning rate, batch size). It helps
identify issues like overfitting by providing feedback on how well the model generalizes to
unseen data that it hasn’t directly trained on. The testing subset (15%) is completely
independent of the training and validation phases and is utilized to assess the final performance
of the trained model. It offers an unbiased measure of the model's accuracy, sensitivity,

specificity, and overall reliability when applied to unseen data.
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Figure 15. Stacked bar chart showing the distribution of annotations for various dental
conditions and structures across Training, Validation, and Testing datasets. The chart
categorizes the annotations into three sets: Training (70%) in purple, Validation (15%)

Impact on Model Training and Evaluation

A balanced and diverse training set helps the model learn effectively, especially for
distinguishing between similar classes (e.g., primary tooth vs. developing tooth bud).
Maintaining a consistent class distribution in the validation set allows for precise tracking of

the model's learning progress and prevents skewed results during hyperparameter tuning. A
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well-represented testing set ensures an accurate assessment of the model's performance on

unseen data, particularly for rare classes [71].

3.5.5. Non-Enhanced Datasets

For this study, only the non-enhanced dataset was utilized. Earlier investigations conducted by
our research team demonstrated that applying image enhancement techniques, such as band-
pass filtering, contrast stretching, binarization, and morphological operations (e.g., erosion and
dilation) as shown in Figure 16, resulting in a reduction in model accuracy [72]. The findings
indicated that enhancement methods, while useful for highlighting certain features like
periapical lesions and bone loss, inadvertently altered clinically significant patterns, potentially
leading to misclassifications. To avoid these issues, we opted to use the non-enhanced dataset
for this study. The raw radiographs were preserved in their original form, ensuring the natural
appearance of dental structures and maintaining all inherent patterns critical for accurate
disease detection. This approach aligns with evidence from our earlier studies, which
emphasized the importance of retaining unaltered radiographs for achieving higher accuracy in
deep learning models. By utilizing non-enhanced images, the study ensures the YOLO models
(YOLOVS, YOLOV8, YOLO-NAS) are trained on data that is closer to real-world clinical

conditions, enhancing their reliability and applicability in practical scenarios [73].

(a) Input Image
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Figure 16. Dental Image enhancement techniques
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3.6. Data Augmentation

Data augmentation [58] was utilized to enhance the dataset's diversity, minimize overfitting,
and strengthen the generalization performance of the YOLO models [74][75]. The following

augmentation techniques were applied to both the enhanced and non-enhanced datasets:

3.6.1. Geometric Transformations

Rotation

Rotation was applied as part of the data augmentation process as shown in Figure 17, Figure
18, Figure 19, Figure 20 to simulate variations in the orientation of dental radiographs, a
common occurrence in clinical practice. This technique involves tilting the image clockwise or
counterclockwise within a specific angular range. For this study, rotations were restricted to
+15°, a deliberate choice based on the unique characteristics of dental radiographs and the need
to maintain clinically relevant features [75]. To apply £15° rotations to dental radiographs, we
used OpenCV’s cv2.getRotationMatrix2D () and cv2.warpAffine () functions.
In real-life radiographic imaging, slight misalignments can occur due to variations in patient
positioning, radiographic machine setup, or operator technique. By introducing rotations, the
dataset replicates these practical scenarios, helping the model adapt to such inconsistencies.
Rotation augmentation ensures that the YOLO models (YOLOvVS, YOLOvVS, YOLO-NAS) can
correctly identify and classify dental features, regardless of minor tilts in the input image. This

enhances the robustness of the models for real-world applications [75].
Why £15° Rotation?

Rotations beyond 15° can significantly distort anatomical structures, making them
unrecognizable or altering their spatial relationships. For instance, excessive tilts might obscure
features like curved roots or dilacerations, which are critical for diagnosis. In clinical practice,
deviations in radiograph orientation are typically minor and seldom exceed £15°. Aligning
augmentation parameters with this realistic range ensures that the augmented dataset remains
clinically meaningful. Extreme rotations can lead to misaligned bounding boxes,
compromising annotation accuracy. Keeping rotations within a moderate range ensures that
bounding boxes retain their alignment with the dental features. A £15° range introduces
sufficient variability to enhance model learning without creating unrealistic scenarios that

could confuse the model during training.
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Impact on Model Performance

Introducing rotational variability improved the model’s ability to generalize to unseen data,
especially images with minor misalignments during acquisition [58]. Rotational invariance
enabled the models to maintain high detection accuracy for rotated structures, such as erupting
permanent teeth and orthodontic brackets. By mimicking real-world imaging conditions, the
augmented dataset prepared the models to perform reliably in clinical settings, where perfect

alignment of radiographs cannot always be ensured [74][76].

Flipping: Horizontal flipping

Horizontal flipping was used selectively during data augmentation to increase dataset diversity
and enhance the generalization abilities of YOLO models (YOLOvVS, YOLOvVE, YOLO-NAS)
[58]. This method mirrors an image along its vertical axis, effectively swapping the left and
right sides of the radiograph. This transformation is particularly useful in dental imaging to
simulate variations in patient positioning during radiographic acquisition [75][77]. To apply
horizontal flipping to dental radiographs, we used OpenCV cv2.f1lip () function, which

mirrors the image along the vertical axis.

In clinical practice, slight inconsistencies in patient positioning during panoramic radiography
are common. Horizontal flipping helps replicate these natural variations, ensuring the model is
trained on diverse scenarios. By exposing the model to flipped images, the model learns to
recognize dental structures irrespective of their orientation, improving its robustness and
reducing overfitting. Horizontal flipping was not applied to all images in the dataset but was
selectively implemented on a subset of the radiographs. This targeted approach was chosen to
maintain the natural balance and orientation of the dataset while introducing sufficient
variability for the model to learn. Flipping was applied to radiographs with symmetrical dental
structures (e.g., full dentition with no distinct lateral abnormalities) to ensure the transformation
did not disrupt critical diagnostic patterns. Radiographs displaying unilateral features (e.g.,
single-sided impactions or localized bone loss) were excluded from horizontal flipping to

preserve the clinical relevance of annotations [41].
Impact on Model Training

The addition of flipped images expanded the dataset’s variability, making the YOLO models
more adaptable to real-world scenarios where patient positioning during radiography can vary.

By selectively applying flipping, the study ensured that critical diagnostic patterns, especially
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those influenced by orientation, were not distorted or misrepresented. The inclusion of flipped
images contributed to higher accuracy and better detection of symmetrical dental structures,

such as missing teeth, orthodontic brackets, and veneers [75].

Figure 17. Augmented panoramic dental radiograph showcasing grid masking and bounding
box annotations for impacted teeth

¥

Figure 18. Augmented panoramic dental radiograph with rotation, grid masking and
highlighted bounding boxes identifying dental anomalies
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3.6.2. Grid Masking

Grid masking is a data augmentation technique applied to images as shown in Figure 17, Figure
18 to improve the robustness and generalization of deep learning models. In the context of
dental imaging, grid masking involves overlaying a grid-like pattern of blacked-out or obscured
regions onto a radiograph. These masks intentionally block portions of the image, forcing the
model to focus on the unmasked areas and extract meaningful features despite partial data loss.
To apply grid masking to dental radiographs, we used NumPy and OpenCV to overlay a grid-
like mask on the image. This technique mimics real-world scenarios where parts of a

radiograph might be obscured or distorted due to technical or anatomical reasons [66][78].

A grid pattern is superimposed over the dental radiograph. The grid consists of alternating
masked (blacked-out) and unmasked sections. The size, spacing, and density of the masks are
adjustable to control the level of occlusion. When applied in object detection tasks (e.g., using
YOLO models), grid masking ensures that bounding boxes around annotated regions (e.g.,
teeth, caries, implants) remain unaltered. Care is taken to preserve the integrity of critical
annotations within the image [65][79]. Dental radiographs can sometimes have artifacts or
obstructions, such as orthodontic wires, metallic implants, or overlapping teeth. Grid masking
prepares the model to perform well in such situations. By training on partially obscured images,
the model learns to focus on visible features and becomes less reliant on complete, unobstructed
data. This improves its ability to generalize to noisy or imperfect data in clinical settings. Grid
masking forces the model to identify meaningful patterns and features from the unmasked
portions of the image, strengthening its ability to detect abnormalities like caries, bone loss, or
impacted teeth. Dental images often vary due to patient anatomy, radiographic settings, or
machine quality. Grid masking diversifies the training data, making the model adaptable to

unseen variations [71][79].
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Figure 19. Augmented panoramic dental radiograph with rotation, minimal grid masking and
highlighted bounding boxes identifying dental anomalies

Figure 20. Augmented panoramic dental radiograph with rotation, multiple grid masking and
highlighted bounding boxes identifying dental anomalies

3.7. YOLO Models on Dental Radiographs

The dataset created served as the foundation for training YOLOvVS, YOLOvS8, YOLO-NAS
models, enabling robust detection and classification of oral diseases. The diversity and
comprehensiveness of the dataset ensure that the models are well-equipped to generalize to

unseen clinical data, making them valuable tools for advancing Al-driven dental diagnostics.
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The selection of YOLOvS, YOLOv8 and YOLO-NAS for this study on Al-driven dental
imaging was guided by their cutting-edge performance in object detection, particularly within
medical and dental imaging contexts. These models excel in speed, accuracy, and adaptability
as shown in Figure 21 making them well-suited for addressing the specific challenges of
detecting oral diseases in clinical settings. The choice was further supported by comparative
studies in Table 2 and benchmarks as illustrated in the attached , which demonstrate their

superior mAP and computational efficiency [43][80][81].

Average mAP on Roboflow-100 for YOLO-NAS vs other models

YOLO-NAS S 0.815

YOLOvS 0.801
YOLOvVS 0.734

YOLOvV7 0.676

Figure 21. Comparative performance of the mAP of different YOLO models.

YOLO-NAS M achieves the highest mAP score of 0.818, closely followed by YOLO-NAS S
at 0.815. YOLOVS also performs well, with a mAP of 0.801, while YOLOvS5 and YOLOvV7
achieve lower scores (0.734 and 0.676, respectively). This visual evidence highlights the
superiority of YOLO-NAS and YOLOVS8, which justify their inclusion in this study [6].

3.7.1. Importance of YOLO Models in Dental and Medical Imaging

YOLO models are well-regarded in medical and dental imaging because of their ability to
perform real-time object detection with high precision. Unlike other deep learning models that
require multiple passes through the data (e.g., region-based methods like Faster R-CNN),
YOLO models perform detection in a single pass [129]. This characteristic is particularly

valuable in clinical environments where time efficiency is critical.

Why YOLOVS?

YOLOVS is widely used for its balance between speed and accuracy. It is an optimized version

of earlier YOLO models as in Figure 6 designed to be lightweight and highly efficient and the
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architecture shown in Figure 6 . Its adaptability to various datasets and ease of implementation
makes it a popular choice for object detection tasks, including those in medical and dental

imaging [1] [17].

YOLOVS has been used in several studies [84][57][109] to detect abnormalities in medical
images, such as COVID-19, tumours, fractures, and other anomalies. For instance, a study [89]
demonstrated YOLOVS's effectiveness in detecting lung nodules in CT scans with high
accuracy and faster inference time compared to other models like Faster R-CNN. In dental
imaging [6][100], YOLOVS5 has been used for tasks such as caries detection, segmentation of
dental structures, and even classification of dental implants. Its ability to handle smaller objects

(for example, dental lesions) and maintain high precision makes it an ideal model for this study

[13]1[3].
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Figure 22. YOLOVS Architecture [149].

Why YOLOVS?
YOLOVS, the latest iteration of the YOLO family, builds on the strengths of YOLOvS while

introducing new features such as improved architecture as shown in Figure 23, better parameter
optimization, and improved handling of complex datasets. It offers state-of-the-art performance

in object detection tasks with superior mAP scores and faster inference speeds.

Studies have shown that YOLOV8 outperforms YOLOVS in terms of accuracy and robustness,
particularly in data sets with complex or overlapping objects. For example, in a study by Sutaji
et al. [16], YOLOVS8 achieved higher mAP scores in detecting skin lesions compared to
YOLOVS and Faster R-CNN. YOLOVS's ability to adapt to diverse datasets makes it suitable

for dental imaging, where variations in image quality and patient demographics can pose
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challenges. Its enhanced feature extraction capabilities ensure better detection of small-scale

features such as dental caries and microfractures [5][7].
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Figure 23. YOLOVS Architecture

Why YOLO-NAS?

YOLO-NAS (Neural Architecture Search) is a cutting-edge model that leverages automated
architecture optimization to achieve superior performance. As seen in the attached Figure 21,
YOLO-NAS consistently achieves the highest mAP scores compared to YOLOvVS, YOLOVS,
and other models. This makes it an excellent choice for tasks that require high precision and

recall.

YOLO-NAS uses neural architecture search to automatically optimize its structure, resulting
in a model that is efficient and highly accurate. This makes it particularly suitable for
applications requiring fine-grained detection, such as identifying subtle dental pathologies.
YOLO-NAS has demonstrated remarkable performance in detecting and classifying medical
abnormalities. For example, a study by Mithun et al., reported that YOLO-NAS achieved the
highest precision in detecting breast cancer lesions in mammograms [95], outperforming
traditional CNNs and other YOLO versions. The Figure 21 illustrates YOLO-NAS's dominance
in terms of mAP on the Roboflow-100 dataset, highlighting its ability to outperform both
YOLOvVS and YOLOVS. Its robustness and adaptability make it an ideal choice for detecting

various dental structures and diseases [18].
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Figure 24. YOLO-NAS Architecture [78].

3.8 Training and Evaluation of YOLO Models on Dental Radiographs

The training and evaluation process involved leveraging various YOLO architectures,
including YOLOvVS, YOLOv8, YOLO-NAS to perform object detection and classification tasks
on dental radiographs. These models were trained as shown in Figure 25 and evaluated to
diagnose multiple dental conditions, such as dental caries, impacted teeth, periodontal disease,

and bone loss.
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Figure 25. Training set screenshot.
3.8.1. Training Parameters

The training process for the YOLO models (YOLOvS, YOLOvS, YOLO-NAS) on dental
radiographs was carefully tuned to achieve optimal performance. The following parameters
were systematically adjusted and evaluated to ensure the models effectively detected and
classified dental conditions such as dental caries, impacted teeth, bone loss and many other

conditions [90]. Below is the explanation of the training parameters:

3.8.1.1. Epochs

An epoch refers to one complete pass of the entire training dataset through the model during
training. Each model was initially trained for 100 epochs, ensuring sufficient iterations for the
model to learn from the dataset. During preliminary experiments, models were trained with
varying numbers of epochs (e.g., 50, 75, 100, 150 epochs) to identify the point at which
performance metrics, such as mAP and Fl-score, plateaued or deteriorated (indicating
overfitting). The best-performing model for each YOLO version was selected based on the
highest evaluation metrics (mAP@0.5) achieved at a specific epoch. YOLOvVS5 showed optimal
results around 75 epochs, beyond which performance gains were negligible. YOLOvVS required
around 100 epochs to converge and achieve its highest mAP scores. YOLO-NAS, due to its
dynamic architecture, achieved peak performance at 120 epochs. This approach allowed the
models to avoid both underfitting (too few epochs) and overfitting (too many epochs), ensuring

robust generalization to unseen data [90][72].
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3.8.1.2. Batch Size

Batch size refers to the number of training samples processed in a single iteration before
updating the model weights. A batch size of 64 was chosen for the study to balance preventing
memory overflow while making efficient use of the NVIDIA Tesla T4 GPUs [36]. Ensuring
stable and rapid convergence without sacrificing training speed. Larger batch sizes (100) were
tested but resulted in slower convergence and less effective weight updates due to reduced
granularity in learning from the data. Smaller batch sizes (32) improved granularity but slowed

down the overall training process and increased the risk of overfitting [36][90].

3.8.1.3. Learning Rate

The learning rate controls the step size at which the model’s weights are updated during
training. Adaptive schedules were employed to dynamically adjust the learning rate during
training. This study used the cosine annealing schedule [91]. Higher learning rates were used
in the initial stages of training to enable rapid convergence. The learning rate was gradually
reduced in later epochs to fine-tune the model and prevent overshooting the optimal weights
[72]. Initial experiments tested static learning rates (0.001) and dynamic rates with warm
restarts. Adaptive learning rates consistently yielded better results, with YOLOvS8 showing the

most significant improvement due to its deeper architecture and more complex features.

3.8.1.4. Loss Functions

The loss function plays a crucial role in guiding the optimization process by measuring the
difference between the model’s predictions and the actual ground truth labels [92]. In this study,
a multi-task loss function [93] was used in YOLO models (YOLOVS, YOLOv8, YOLO-NAS)
to improve detection accuracy for dental disease classification and localization. The loss
function consisted of three primary components: Localization Loss, Classification Loss, and
Confidence Loss [94]. Localization Loss was used to measure the accuracy of predicted
bounding boxes in relation to ground truth, ensuring that the model correctly identifies teeth
and pathological regions. Classification Loss assessed how well the model predicted the correct
class label for detected objects, such as differentiating between caries and impacted teeth [93].
Confidence Loss quantified the model’s certainty in its detections, minimizing false positives
and false negatives, which is crucial for ensuring reliable diagnoses. To enhance performance,
the loss function was fine-tuned with an emphasis on localization loss, particularly for detecting
small abnormalities like early-stage caries, which are often difficult to detect. Additionally,

confidence loss adjustments were applied to handle overlapping dental structures, such as teeth
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with orthodontic brackets, where incorrect detections are common [54]. This multi-task loss
function helped the YOLO models precisely detect and classify dental diseases, particularly
small early-stage caries and overlapping dental structures. The optimized loss function
adjustments ensured improved bounding box accuracy, classification reliability, and confidence

calibration, leading to better model generalization across diverse dental radiographs [95].

3.8.2. Evaluation of Parameter Tuning

To ensure consistency and optimize the performance of YOLO models (YOLOVS, YOLOVS,
and YOLO-NAS) for dental disease detection, a structured training approach was applied with
uniform hyperparameter tuning [34][96][97]. Stochastic Gradient Descent (SGD) [98][99] was
used as the optimizer, with the learning rate (Ir0) dynamically selected between 107> and 1072
for optimal convergence [100]. The batch size was set to 64, balancing memory efficiency and
training stability [36]. The number of epochs varied based on model performance, with tests
conducted at 50, 75, 100, and 120 epochs to determine the best stopping point [101]. Models
trained for too few epochs (e.g., 50) underperformed due to insufficient learning. Over-training
beyond the optimal epochs (e.g., 200) resulted in overfitting, where the model memorized the
training data but failed to generalize to new data. Reporting the results at the optimal number
of epochs ensured fair comparisons between YOLOvVS, YOLOv8, YOLO-NAS. YOLOvVS
performed best at 75 epochs, YOLOVS required 100 epochs, and YOLO-NAS achieved peak
accuracy at 120 epochs. A cosine annealing learning rate [91] schedule was applied, starting
with a higher learning rate for rapid convergence before gradually decreasing to fine-tune the
models. Optuna was used for automated hyperparameter tuning [96], optimizing key
parameters such as momentum (0.85-0.99), weight decay (10%-107%), and warmup epochs (0-
5) [97]. The tuning process was conducted over 10 trials, with each trial training the model
using a different hyperparameter set. The best combination was selected based on mAP@0.5
[57], ensuring improved object detection accuracy. The multi-task loss function [92] as shown
Figure 38 and fine-tuning it made to enhance the detection of small dental abnormalities.
Training was conducted using Google Colab’s NVIDIA Tesla T4 GPUs, leveraging cloud-
based resources for computational efficiency. This approach ensured that each YOLO model
was finely tuned for accurate, real-time dental disease detection, while maintaining strong

generalization capabilities across varying imaging conditions [101].

68|Page



Table 3. Final Hyperparameter Settings for YOLOvS, YOLOvS, and YOLO-NAS Models

Parameter YOLOV5 | YOLOV8 | YOLO-NAS | Notes
Optimizer SGD SGD SGD Stochastic Gradient Descent
used for all models
Learning  Rate | 107* 1073 107 Selected dynamically within the
(Ir0) range 10 t0 1073
Batch Size 64 64 64 Balancgd_ betwee_n_ memory use
and training stability
Based on validation
Epochs 75 100 120 performance to avoid
underfitting/overfitting
i . . . . Learning rate gradually reduced
Cosine Annealing | Applied | Applied | Applied to fine-tune convergence
Momentum 0.95 0.90 0.98 g‘gg‘;d via Optuna (range: 0.85-
. 107 107 1073 Fine-tuned for better detection
Weight Decay :
of small dental anomalies
Loss Function Multi- Multi- Multi-task Training  conducted  using
task loss | task loss | loss cloud-based GPUs
NVIDIA || NVIDIA | NVIDIA Trainin conducted  usin
Hardware Tesla T4 | Tesla T4 | Tesla T4 ou d-b%se d GPUs J
(Colab) (Colab) (Colab)

3.9. Model Performance Metrics
For this study, YOLOvV5, YOLOv8, YOLO-NAS models were compared, each trained both
with and without hyperparameter tuning. To evaluate the performance of the YOLO-based
object detection models (YOLOvV5, YOLOV8, YOLO-NAS) for detecting and classifying

dental conditions from panoramic radiographs, evaluation metrics such as the Precision-Recall

(PR) Curve and the mAP were used. These metrics are crucial for assessing the model’s ability

to accurately identify dental anomalies such as caries, impacted teeth, root fractures and many
other conditions [102].

3.9.1. Precision and Recall

Precision, also referred to as Positive Predictive Value (PPV), measures the proportion of

correctly identified instances among all the detections made by the model. It indicates the

accuracy of the model in distinguishing true dental conditions from false detections within the

panoramic radiographs [103].

69|Page




Recall, also known as Sensitivity, measures the proportion of relevant instances (e.g., actual
dental conditions) that were successfully identified by the model. It reflects the model’s ability

to detect all true instances present in the radiographs [103].

Mathematical Definitions

The formulas for calculating Precision [104] and Recall [104] are as follows:

Precision = TP M
recision = TP + FP
Recall = —— )
A = TP FFN

Where:

e TP (True Positives): Instances where the model correctly identifies a dental condition
(e.g., correctly detecting caries or impacted teeth).

e FP (False Positives): Instances where the model incorrectly identifies a dental
condition that is not present in the image.

o FN (False Negatives): Instances where the model fails to detect a dental condition that

IS present in the image.

3.9.2. Precision-Recall (PR) Curve

The PR Curve illustrates the trade-off between precision and recall across various confidence
thresholds for detecting and classifying dental anomalies in panoramic radiographs [105]. This
curve is especially relevant in object detection tasks where datasets are imbalanced. In this
study, the number of true positives (e.g., detected dental diseases such as dental caries,
impacted teeth, or root fractures) is considerably smaller compared to the number of true
negatives (e.g., regions in the radiographs that do not contain abnormalities) [106].

A model achieving both high precision and high recall demonstrates accurate and
comprehensive detection of dental conditions. A steeper curve indicates better performance,
showing that the model maintains high precision even as recall increases as shown in Figure
26. A flat or declining curve suggests challenges in balancing precision and recall, especially
when handling imbalanced data. The PR curve helps evaluate the effectiveness of YOLO
models (YOLOV5, YOLOV8, YOLO-NAS) in distinguishing dental abnormalities from normal
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anatomical structures. A high precision at a given threshold means fewer false positives, which
is critical in avoiding unnecessary clinical interventions. High recall ensures that no critical

dental conditions are missed during diagnosis.
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Figure 26. Precision-Recall (PR) Curve for the third molar angle detection in dental panoramic
X-rays context. (a) Results for the third molar angle detection at different threshold values. (b)
A sample of the Precision-Recall (PR) Curve for one category (vertical) [80].

3.9.3. mAP

MAP is a comprehensive metric used to evaluate the performance of object detection models
by considering the trade-off between precision and recall at various confidence thresholds. It
provides a singular, consolidated measure of the balance between precision and recall, making
it particularly useful for assessing the effectiveness of YOLO models in detecting and

classifying dental conditions from panoramic radiographs [106].
The calculation of mAP involves two key steps:

The Average Precision (AP) for each class is calculated by integrating the area under the PR
curve. This measures how well the model performs in detecting a specific class (e.g., dental

caries, impacted teeth, root fractures) across different confidence levels.

The formula for AP[106] is given as:
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AP = Z(Rn —R,_1)P, (3)

n

Where:

e P,:Precision at the n-th threshold.

e R, :Recall at the n-th threshold.

mAP:

After computing the AP for all classes, the mAP[106] is derived by averaging the AP values
across all categories. This provides a single metric summarizing the model's overall

performance. The formula for mAP is given as:

N

1
mAP = Nz AP; (4)

i=1
Where:

e N:The total number of classes.

e AP;:Average Precision for the i-th class.

Significance of mAP

mAP serves as a benchmark for comparing the performance of different YOLO models. Higher
mAP values indicate better model performance in accurately detecting and classifying dental
anomalies. In clinical applications, mAP ensures that the model is not only precise (minimizing
false positives) but also comprehensive (minimizing false negatives), which is critical for
reliable diagnoses. By averaging AP values across all classes, mAP highlights the model’s

ability to detect less prevalent conditions, such as rare dental anomalies or subtle caries.
Accuracy:

Accuracy is a metric that measures the proportion of correct predictions made by the model out
of all predictions [106]. In the context of object detection in dental radiographs, accuracy can

be calculated using the following formula:

| - TP + TN
CeUracy = TP ¥ TN + FP + FN

(5)
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Where:

e TP (True Positives): Instances where the model correctly identifies a dental anomaly
(e.g., correctly detecting caries or impacted teeth).

e TN (True Negatives): Instances where the model correctly identifies no anomaly in
normal regions.

o FP (False Positives): Instances where the model incorrectly predicts an anomaly that
does not exist.

e FN (False Negatives): Instances where the model fails to detect an anomaly that

exists.

3.10. Importance of Specificity, Sensitivity, and Prediction Categories

In the realm of Al-enhanced dental imaging, specificity, sensitivity, and prediction capabilities
are fundamental metrics for evaluating the performance of models and their applicability in
clinical settings. These three categories as shown in Figure 27 are pivotal in ensuring that the
models not only achieve diagnostic accuracy but also align with the practical needs of dental

clinics and patients.
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Figure 27. Confusion Matrix Illustration Showing Relationships Between True Positive, False
Positive, False Negative, and True Negative Outcomes, with Derived Metrics (Sensitivity,
Specificity, PPV, and NPV) [107]

Sensitivity: Detecting True Positives

Sensitivity, or the true positive rate, measures the model's capability to accurately identify
positive cases, such as detecting dental caries or periodontal disease when they exist [108].
Sensitivity is a critical metric in dental imaging because early and accurate identification of
conditions significantly influences treatment outcomes. In a clinical setting, missed diagnoses
due to low sensitivity can lead to delayed treatment, exacerbation of oral health problems, and
increased healthcare costs. Early detection of caries is essential to prevent progression to deeper
cavities or more extensive restorative procedures [109]. High sensitivity ensures that patients
with actual conditions receive timely and appropriate interventions. Al models with optimized

sensitivity have demonstrated their utility in clinical settings [9].

Specificity: Avoiding False Positives

Specificity, or the true negative rate, indicates the ability of an AI model to correctly identify
negative cases, ensuring that individuals without a condition are not mistakenly diagnosed
[110]. High specificity is particularly important in dental imaging because false positive results

can lead to unnecessary treatments, patient anxiety, and resource wastage. In dental clinics,
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where resources, such as time and materials, are often limited, specificity ensures that the focus
remains on patients who really need attention [16].When diagnosing conditions such as oral
cancer [21] through CBCT imaging, specificity plays a crucial role. False positives could lead
to invasive biopsies or further imaging procedures, which are both costly and stressful for
patients. Studies [12][48] have shown that Al models that take advantage of DL algorithms can
achieve specificity rates comparable to or even surpass those of expert radiologists to identify
benign versus malignant lesions. These results underscore the potential of Al to reduce

diagnostic inaccuracies and optimize clinical workflows.

Prediction Categories: Personalized and Accurate Decision Making

Prediction categories extend the utility of Al beyond binary diagnostic outcomes (e.g. presence
or absence of disease) to include risk stratification, treatment outcome predictions, and case
prioritization [111]. By analyzing patient-specific data, including imaging features and
historical health records, Al models can predict the likelihood of disease progression or the
success of various treatment options. This predictive capacity is transformative in dental
clinics, where decisions often need to balance clinical efficacy, patient preferences, and cost
considerations [112]. Al models trained to predict the success of dental implants based on bone
density [113], implant positioning, and patient comorbidities can significantly improve
treatment planning. Studies have shown that predictive models using ML algorithms can
achieve high precision in predicting implant stability and long-term success rates [8][14]. These
predictions allow clinicians to customize treatment plans for each patient, enhancing both

outcomes and patient satisfaction.
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Chapter 4 - Results

This chapter summarizes the results of the study, focusing on the evaluation and comparison
of YOLO models (YOLOVS, YOLOv8, and YOLO-NAS) for dental imaging tasks. Key
metrics such as precision, recall, accuracy, and mean mAP were used to assess performance.
Precision and Recall metrics and the PR Curve provide insights into the models' balance
between true positive detection and false positive reduction. Detailed results for YOLOVS,
YOLOVS, and YOLO-NAS, including Training Loss, Validation Loss, and prediction metrics,
are presented. The Confusion Matrix offers a granular view of classification accuracy. This
analysis underlines the model’s ability to meet the research objectives and contributes to

advancing dental imaging methodologies.

4.1. Precision Results of YOLO Models

Precision is a key performance metric that evaluates the accuracy of positive predictions made
by the model. It is calculated as the ratio of correctly identified positive cases to the total
number of predicted positive cases, as defined in the formula in Section 3.10.1. The precision
results for various YOLO models (YOLOvS, YOLOv8, YOLO-NAS) when trained and
evaluated both with and without Hyperparameter Tuning are presented below Figure 28, Table

4 and Table 5 discuss the detailed breakdown of the results.
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Figure 28. YOLO versions performance comparison
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Table 4. Precision results for various YOLO models (YOLOvS, YOLOvS, YOLO-NAS)
when trained and evaluated both with and without Hyperparameter Tuning (HPT).

MODEL EVALUATED HPT Tuned HPT Untuned
YOLO v5 95.7% 88.3%
YOLO v8 87% 78.1%
YOLO-NAS 70% 51.1%

Table 5. Precision results discussion for various YOLO models

Models HPT Tuned HPT Untuned

YOLOvVS YOLOVS achieved a precision of The precision dropped slightly to
95.7% with hyperparameter tuning, 88.3%, indicating that YOLOv5
making it the most precise among the | performs exceptionally well even
tested models. This high precision with default settings. This result
highlights its superior capability to underscores the model’s
minimize false positives, which is robustness and its ability to
crucial for accurate dental diagnostics. | deliver reliable outcomes without
The model’s optimized parameters requiring significant
allowed it to better focus on relevant modifications.
features in the radiographs, ensuring
that detected objects were highly
likely to be true positives.

YOLOvVS YOLOVS achieved a precision of 87%, | The precision was 78.1%,
significantly improving its considerably lower than its tuned
performance compared to its untuned | counterpart. This suggests that
state. Hyperparameter tuning allowed | YOLOvS8’s default configuration
YOLOVS to adapt better to the is less effective for complex
dataset’s specific characteristics, medical imaging tasks, such as
reducing the rate of false positives and | dental radiography, where subtle
making it a strong competitor to anomalies need to be detected.
YOLOVS in terms of precision.

YOLO-NAS | YOLO-NAS reached a precision of The precision was 51.1%, the
70%, showing a substantial lowest among all tested models.
improvement from its untuned This suggests that YOLO-NAS
performance. Despite the increase, it struggles with false positives
still lags behind YOLOvV5 and when operating with its default
YOLOVS, indicating that its settings, making it less suitable
architecture may not be fully for clinical applications without
optimized for dental radiograph optimization.
analysis.

The YOLOvVS model shows 7.4% improvement with hyperparameter tuning indicates that it

performs well out of the box, optimization can refine its detection accuracy further, making it
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particularly suitable for applications requiring high diagnostic precision. The YOLOvS8 model
shows 8.9% improvement with tuning demonstrates the model's dependence on
hyperparameter adjustments to achieve optimal performance. While still slightly behind
YOLOVS, YOLOvS8 shows significant promise for precision-focused applications after fine-
tuning. Hyperparameter tuning with YOLO-NAS model resulted in an 18.9% improvement,
highlighting the model's potential for refinement. However, its relatively low tuned precision
suggests that additional architectural adjustments or training techniques may be needed for it

to compete with other models in dental imaging tasks.

YOLOVS stands out as the most precise model, with 95.7% precision after hyperparameter
tuning. Its ability to maintain high precision without tuning (88.3%) further emphasizes its
reliability and robustness. YOLOvS, with 87% precision after tuning, shows significant
potential and may become a preferred option for users who require a balance of precision and
other performance metrics. YOLO-NAS, with tuned precision of 70%, currently fall short of
the precision required for clinical-grade applications. They may require architectural
refinements and further research to compete effectively in this domain. The precision
differences across models underscore the importance of selecting the right architecture and

tuning parameters for specific tasks, particularly in sensitive fields like dental diagnostics.

4.2. Accuracy Results of YOLO Models

Accuracy is another key performance metric used to evaluate the overall performance of the
model. It is calculated as the ratio of correctly classified instances (both positive and negative)
to the total number of instances, as defined in Section 3.10.3. The accuracy results for various
YOLO models (YOLOvVS, YOLOvVS, YOLO-NAS) when trained and evaluated both with and
without Hyperparameter Tuning are presented below Figure 29, Table 6 and Table 7 discuss
the detailed breakdown of the results.
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Figure 29. YOLO versions performance comparison

Table 6. Accuracy results for various YOLO models (YOLOvVS, YOLOvVS, YOLO-NAS)
when trained and evaluated both with and without HPT.

Model Evaluated HPT Tuned HPT Untuned
YOLO v5 96.5% 91.2%
YOLO v8 89.8% 81.5%
YOLO-NAS 73.4% 58.7%

Table 7. Accuracy results discussion for various YOLO models

Models

HPT Tuned

HPT Untuned

YOLOvVS

Achieved an accuracy of 96.5%, the
highest among all models tested. This
reflects its exceptional capability to
correctly classify dental conditions
while minimizing both false positives
and false negatives. The model's
ability to fine-tune its parameters
enabled it to focus on subtle and
clinically significant features in the
radiographs, making it highly reliable
for dental diagnostics. This high
accuracy ensures that YOLOVS
provides dependable diagnostic

Maintained a robust accuracy of
91.2%, outperforming all other
models in their untuned states.
This indicates that the model
default architecture and
parameter settings are well-suited
for dental imaging tasks. The
5.3% improvement with tuning
highlights how further
optimization can refine the
model’s ability to generalize,
particularly in handling
imbalanced datasets and subtle
anomalies.
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support, reducing the likelihood of
diagnostic errors.

YOLOvVS Achieved an accuracy of 89.8% with The untuned model recorded an
hyperparameter tuning, showcasing its | accuracy of 81.5%, significantly
ability to adapt to the dataset’s lower than its tuned counterpart.
complexity and characteristics. The This emphasizes the model's
tuning process allowed YOLOVS to dependency on hyperparameter
reduce false classifications and adjustments to achieve optimal
improve its overall performance, performance, particularly in
making it a strong competitor to complex tasks like dental
YOLOVS. While slightly behind diagnostics. The 8.3%
YOLOVS, this accuracy makes improvement with tuning
YOLOVS a viable option for demonstrates YOLOVS's potential
applications where real-time when paired with appropriate
performance and ease of deployment | optimization techniques.
are priorities.

YOLO-NAS | Reached an accuracy of 73.4%, The accuracy dropped to 58.7%,

reflecting a significant improvement
over its untuned performance. Despite
this increase, it still lags behind
YOLOvVS and YOLOVS, suggesting
that its architecture may not be fully
optimized for complex and diverse
datasets like dental radiographs. This
accuracy level indicates that YOLO-
NAS can detect common dental
conditions but may struggle with
subtle or rare anomalies.

the lowest among all models.
This highlights the model's
difficulty in handling variability
in the dataset without tuning. The
14.7% improvement with tuning
underscores YOLO-NAS's
reliance on parameter
adjustments, though it remains
less effective compared to other
models in this study.

YOLOvVS5 stands out as the most accurate model, achieving 96.5% accuracy with
hyperparameter tuning and maintaining a high level of reliability even without tuning (91.2%).
Its ability to generalize across diverse dental anomalies makes it the best choice for clinical-
grade applications. YOLOVS, with a tuned accuracy of 89.8%, demonstrates substantial
potential and is a strong alternative for scenarios where computational efficiency and
deployment ease are critical. However, its reliance on tuning suggests it may require more
refinement for consistent clinical use. YOLO-NAS, with tuned accuracy of 73.4%, fall
significantly short of the performance required for clinical applications. Architectural
enhancements and advanced optimization techniques are needed to make these models

competitive for dental imaging tasks.

The differences in accuracy underscore the importance of selecting the right architecture and
fine-tuning parameters for specific tasks. While YOLOVS excels due to its robust design and

optimization capabilities, YOLOvV8 demonstrates promise but remains slightly behind in
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accuracy. In contrast, YOLO-NAS require significant improvements to match the performance
of their counterparts. This analysis aligns with findings from existing studies that highlight
YOLOVS5’s superiority in medical imaging tasks, such as breast cancer detection [114] and lung
nodule detection [115], where high accuracy and precision are essential. In dental diagnostics,
the high accuracy of YOLOVS ensures its potential as a reliable decision-support tool for

clinicians, streamlining workflows and improving patient outcomes.

A detailed comparative analysis of YOLOvS, YOLOvS, and YOLO-NAS reveals the
architectural and functional distinctions that contributed to their respective performance
outcomes in this study. Each model demonstrated unique strengths when applied to the dental
radiograph dataset, which included detection of conditions such as caries, impacted teeth, and
bone loss. YOLOvVS, known for its lightweight design and balance between speed and accuracy,
offered fast convergence and stable detection of common dental features, making it ideal for
real-time, resource-constrained environments. Its ability to identify small objects with high
precision also made it effective for lesion-level diagnosis. YOLOVS, by contrast, incorporated
a more refined architecture with enhanced feature extraction and better parameter optimization.
This enabled it to handle more complex cases such as overlapping teeth and low-contrast
anomalies, though it required a longer training cycle to stabilize performance. YOLO-NAS,
powered by Neural Architecture Search, delivered the highest mean average precision (mAP)
scores due to its adaptive structural tuning and deeper feature representations. Its superior
performance in detecting subtle pathologies like microfractures and early-stage periodontal
changes reflects its capacity for fine-grained classification. These differences underscore how
each model’s internal design aligns with the varying challenges of dental image analysis.
However, despite YOLO-NAS's and YOLOVS accuracy, the hyperparameter-tuned YOLOVS5
model ultimately delivered the most balanced performance in terms of detection precision,
training stability, and real-time inference speed—making it the most suitable model for

deployment in clinical dental settings.
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4.3. Prediction results

Figure 32. YOLOvS5 (HPT Tuned) Model Predictions on Dental Radiograph

Figure 30, Figure 31, Figure 32 shows the predictions of different models with hyperparameter
tuning (YOLO-NAS,YOLOvV8 and YOLOvVS). The YOLO-NAS model has fewer bounding
boxes compared to the other two and captures key dental structures but may have missed

some,7 classes are predicted, but potential false negatives are actually present. The YOLOVS
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model has moderate number of bounding boxes and captures a wider range of dental structures,
including root canals and fillings. Better accuracy than YOLO-NAS model, has predicted 11
classes but still not fully comprehensive. The YOLOvVS5 model has the highest number of

bounding boxes and covers more dental structures, including additional suspected findings. It

has predicted around 15 classes and is the best model compared to all the other models.

Figure 34. YOLOvV5 Model Predictions on Dental Radiograph: Identifying Edentulous Ridges
(Blue), Dental Posts and Crowns (Green), Dental Fillings (Cyan), and RCT-Treated Teeth
(Yellow) with Confidence Scores.
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Figure 35. YOLOvVS5 Model Predictions on Dental Radiograph: Identifying Edentulous Ridges
(Blue), Dental Posts and Crowns (Green), Dental Fillings (Cyan), and RCT-Treated Teeth
(Yellow) with Confidence Scores

Figure 33, Figure 34, Figure 35 demonstrates the output of the YOLOvS5 model, showcasing
its ability to detect and classify various dental conditions, where various bounding box colours
correspond to specific dental classifications. Each bounding box includes the predicted class
label and the confidence score (as a percentage) provided by the model, indicating the

likelihood of the classification's correctness.
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4.4. Training loss
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Figure 36. Training loss graph of the hyper-parameter tuned models

The training loss graph as shown in Figure 36 reveals that YOLOVS outperforms YOLOVS and
YOLO-NAS in terms of achieving the lowest training loss, making it the most effective model
for this dataset. YOLOVS demonstrates a consistent and efficient convergence pattern, quickly
reducing the loss during early epochs and maintaining stability throughout the training process.
This highlights its ability to effectively learn the features of dental radiographs and minimize
loss. YOLOVS, while also efficient in the initial training stages, achieves a slightly higher final
loss compared to YOLOVS. It converges faster than YOLO-NAS but does not refine its
parameters as eftectively as YOLOVS in later epochs. YOLO-NAS, on the other hand, exhibits
steady improvements over the course of training but requires a longer training period to
approach the performance of YOLOvVS5 and YOLOvVS. Despite its prolonged refinement,
YOLO-NAS ends with the highest training loss among the three models. These findings
suggest that YOLOVS is the best-suited model for the task of dental radiographic analysis,
offering superior performance in both efficiency and accuracy. YOLOVS serves as a strong
alternative when faster initial convergence is desired, while YOLO-NAS may be considered
for longer training cycles, though it does not match the overall effectiveness of YOLOVS for
this study. This underscores the importance of selecting YOLOVS for precise detection and

classification of dental pathologies, ensuring reliable outcomes in clinical applications.
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4.5. Precision-Recall Curve
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Figure 37. Precision - Recall graph of the hyperparameter tuned models

The precision-recall curve as shown in Figure 37 indicates that YOLOVS consistently
outperforms YOLOvV8 and YOLO-NAS across various recall thresholds. YOLOvVS maintains
higher precision while achieving increasing recall, showcasing its ability to accurately detect
and classify dental pathologies, such as dental caries, missing teeth, and impacted molars, with
fewer false positives. This is particularly significant in clinical settings, where precision is
critical to prevent misdiagnosis and ensure reliable patient outcomes. YOLOv8 demonstrates
competitive performance but struggles to maintain high precision at higher recall levels,
indicating a tendency to generate more false positives in complex dental radiographs or
challenging detection scenarios. YOLO-NAS, while providing steady performance, lags both
YOLOVS5 and YOLOVS in precision across all recall thresholds, highlighting its limitations in
handling imbalanced datasets often encountered in dental imaging studies. These results
suggest that YOLOVS is the most effective model for dental Al applications requiring high
accuracy and precision, particularly in scenarios where detecting subtle dental anomalies is
critical. Its superior performance in maintaining precision while increasing recall makes it well-
suited for clinical implementations, ensuring accurate and dependable diagnostic support for

dental professionals.
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4.6. Superior Performance of YOLOvS5 (HPT-Tuned) Over YOLOVS
and YOLO-NAS
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Figure 38. The above graphs illustrate the training and validation performance of the YOLOv5
model during the training process, focusing on key metrics and loss functions.
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Figure 39. The above graphs illustrate the training and validation performance of the
YOLOVS5 model during the training process over 100 epochs, focusing on key metrics and
loss functions.

The YOLOV5 (HPT-tuned) model consistently outperforms YOLOv8 and YOLO-NAS in the
experiments, demonstrating superior accuracy. Given its consistently better performance, we
have focused on discussing the YOLOV5 model results in detail.
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The training and validation losses show a steady decrease, indicating proper convergence and
effective learning. The model reaches stability in later epochs, suggesting that 40-50 epochs
might be sufficient for optimal performance. There is no significant divergence between
training and validation losses, implying that the model generalizes well and avoids overfitting.
Precision slightly dips early in training but stabilizes later, while recall improves significantly.
This balance is critical for detecting subtle dental anomalies like caries or fractures. The
consistent improvement in mAP metrics indicates robust performance across all classes,
including both common and rare dental conditions. The graphs provide a comprehensive
evaluation of the YOLOvV5 model's performance during training. The decreasing losses and
improving metrics suggest that the model effectively learns to detect and classify dental

anomalies in panoramic radiographs.

4.7. Confusion Matrix

The confusion matrix (Figure 40) represents the performance of a YOLOvV5 (HPT Tuned)
model in detecting various dental conditions. With an overall accuracy of 96.5% and
precision of 95.7%, the model demonstrates strong classification capabilities. The diagonal
dominance of true positives indicates that the model correctly identifies most classes,
suggesting a well-trained model with good generalization. Moderate false negatives (missed
detections) are present, affecting sensitivity slightly but ensuring specificity remains intact.
Additionally, false positives are scattered across different classes, indicating occasional
misclassifications, which could stem from visually similar conditions or dataset imbalances.
The presence of misclassification regions suggests areas where the model struggles, potentially
due to overlapping features among different dental conditions. Despite these challenges, the
high precision and accuracy confirm that YOLOV5 effectively distinguishes between classes

with reliable performance.
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Figure 40. Confusion matrix for YOLO V5 with hyperparameter tuning - represents the performance of
a model tasked with detecting and classifying various dental conditions from radiographs.
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Chapter 5 — Discussion

This chapter provides a comprehensive discussion of the study's findings, highlighting their
implications in advancing dental imaging techniques. The conclusion summarizes key insights,
while the limitations acknowledge challenges and constraints encountered during the research.
Finally, future work outlines potential directions for enhancing model performance and expanding

applications in medical and dental imaging.

5.1. Feasibility of AI-Based Deep Learning for Dental Disease
Diagnosis

Al have significantly transformed medical imaging, including dental diagnostics [116]. The
application of DL models such as YOLO architectures in dental diagnostics has demonstrated
significant potential in automating the detection and classification of dental conditions
[117][81][118]. This study evaluates the feasibility of DL models in dentistry, comparing their
advantages and limitations based on both experimental results and existing literature. The study
findings show a Hyperparameter-Tuned YOLOvS5 model, further reinforces this potential by
achieving an overall accuracy of 96.5% and a precision of 95.7% in detecting various dental
conditions. Compared to manual examination by dental professionals, AI models offer rapid
image processing and real-time detection, making them significantly more efficient [119]. The
elimination of human variability in diagnosis is another key advantage—traditional diagnostics
rely on a dentist's subjective interpretation of radiographs, which can lead to inconsistencies in
identifying dental conditions [120]. These findings align with previous research
[43][20][44][46] that highlights the effectiveness of YOLO models in dental imaging
applications while also demonstrating improvements in detection performance with
hyperparameter optimization. Compared to other YOLO-based studies [20][44], such as the
YOLO-V5 model [43] applied to paediatric panoramic radiographs, which achieved a precision
of 0.99 and mAP of 0.98, the HPT-tuned YOLOvVS model in this study showcases superior
generalization capabilities. Similarly, in a study [46] utilizing a hybrid YOLO ensemble with
transfer learning, the model achieved an accuracy of 86.96%, demonstrating that
hyperparameter tuning significantly enhances performance beyond standard training
approaches. Among the different YOLO architectures tested in this study, YOLOv5
consistently outperformed the others in detecting dental diseases. The model not only achieved
high precision (95.7%) and recall values but also showed an accuracy improvement of

approximately 7.4% after hyperparameter tuning. It remained robust in detecting anomalies,
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with minimal false positives and false negatives, aligning with previous research [42].While
YOLOVS also performed well, it lagged slightly behind YOLOVS in precision and recall. Even
though YOLOVS has improved computational efficiency, it exhibited a higher false positive
rate, particularly in complex cases like detecting dental posts and crowns in radiographs with
overlapping structures [38]. On the other hand, YOLO-NAS showed potential in general object
detection tasks but struggled in dental diagnostics. Study finding indicate that YOLO-NAS
only achieved a precision of 70%, even after hyperparameter tuning, making it less suitable for
clinical applications where high accuracy is crucial. Given that dental radiographs often contain
small, overlapping, and highly detailed structures, models with strong multi-scale detection
capabilities [101], like YOLOVS, are better suited for these tasks [37][121]. One of the biggest
strengths of Al-based models is their ability to achieve high precision and recall rates in
detecting various dental abnormalities, including caries, impacted teeth, root fractures, and
edentulous ridges [69][122]. Al-powered models, particularly YOLOvVS and YOLOVS, help
standardize this process, ensuring more consistent and reproducible results across different
cases [123]. Another major benefit is the reduction in diagnostic time [124][125]. Al-driven
models have been shown to cut diagnosis times by up to 40%, similar to findings from on Al-
assisted radiology [120]. Faster diagnostic processes mean more efficient patient management
and the ability to handle a higher volume of cases, particularly useful in busy dental clinics and
screening programs [125]. From a cost perspective, studies [126][127] estimate that Al-
powered diagnostics could reduce the cost of community dental screening programs by 30%,
making them viable for large-scale public health initiatives [125]. This is particularly relevant
for rural and underserved communities, where access to specialized dental professionals is
limited [128]. Al-powered YOLO models could be integrated into mobile screening units,
enabling large-scale and cost-effective dental screenings [111][86]. Automating the detection
of common dental issues like cavities and periodontitis would allow for early interventions,
ultimately improving oral health outcomes [129]. Despite these advancements, image
standardization remains a challenge in Al-based dental diagnostics. Variability in image quality,
illumination, and angle can impact model performance, particularly in real-world clinical
settings [46]. Previous research has highlighted how DL models, such as a YOLO-based system
for caries detection, performed well in non-standardized conditions but required additional
augmentation techniques for generalizability [74]. The HPT YOLOvVS model in this study was
trained with augmentation strategies, improving its robustness to variations in dental

radiographs and enhancing its applicability.
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5.2. Comparative Accuracy of YOLO Models in Dental Disease
Detection

When it comes to dental disease detection, accuracy is crucial, and the application of YOLO
models in dental diagnostics has advanced significantly, with various versions of YOLO being
employed for different detection tasks [130]. Among the different YOLO architectures tested in
the study, Hyperparameter-Tuned YOLOvVS emerged as the top performer, delivering an
impressive accuracy of 96.5% and precision of 95.7% in detecting various dental conditions. Its
backbone, CSPDarknet53, plays a key role in efficient feature extraction, allowing it to handle
even the most challenging dental radiographs with impressive accuracy. When compared with
other studies [131][132], a YOLOVSI model for detecting decayed, missing, and filled teeth
achieved a precision 0f 0.97, recall of 0.858, and mAP of 0.904, though our model exhibited higher
accuracy and precision due to superior hyperparameter tuning and dataset optimization [132].
Similarly, a YOLOv8 model [131] for tooth segmentation reported a 97.5% sensitivity after
applying Contrast Limited Adaptive Histogram Equalization (CLAHE) for image enhancement,
whereas our model demonstrated better overall accuracy and precision across a broader range of
conditions [131]. A direct comparison between YOLOvS5] and YOLOVS in detecting decayed,
missing, and filled teeth showed YOLOVS8’s improved training stability, but our HPT YOLOVS5
outperformed both in accuracy and precision due to optimized hyperparameters and enhanced
dataset quality [132]. Compared to YOLOvS and YOLO-NAS, YOLOVS strikes the best balance
between precision, recall, and computational efficiency, making it the most clinically viable choice
for real-time diagnostic applications [82]. One major factor is its ability to generalize well across
diverse datasets. This study, along with others in medical imaging, has shown that YOLOvVS
consistently detects small and overlapping objects more accurately than YOLOvS and YOLO-
NAS [82][40]. A similar trend was observed in Med YOLO, a YOLOv5-based framework that
outperformed YOLOVS in identifying medium-sized lesions in medical imaging [82]. This
confirms that YOLOvVS5’s optimized architecture and advanced feature extraction techniques give
it an edge in handling complex radiographic data, making it a reliable Al-assisted diagnostic tool
[86]. Looking at the numbers, YOLOVS consistently delivers high precision and recall across
different dental conditions [95]. Studies have shown that YOLOvV5 can achieve a recall of 0.991,
precision of 0.994, and an mAP of 0.995 for tooth detection and segmentation, making it one of
the most accurate models for dental imaging [69]. Another study focusing on dental filling
evaluation reported high accuracy with YOLOVS, achieving a sensitivity of 0.95, precision of 0.97,

and F1 score of 0.96 for normal filling detection[87].For tooth detection and numbering in mixed
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dentition pediatric patients, YOLOvS demonstrated sensitivity, precision, and F-1 scores of 0.99,
0.99, and 0.99, respectively[43]. YOLOVS achieves the lowest training and validation losses,
indicating its superior learning capacity and ability to minimize misclassifications. On the other
hand, YOLOvV8 and YOLO-NAS, while competitive, have their limitations. YOLOvV8, known for
faster convergence, struggles in handling imbalanced datasets and overlapping structures, leading
to more false positives in complex cases such as detecting dental posts and crowns [95]. YOLO-
NAS, despite being optimized for general object detection, requires longer training times and has
lower precision, making it less practical for real-time clinical use. Faster R-CNN and Mask R-
CNN, while accurate, are computationally expensive and not suitable for real-time applications—
another reason why YOLOVS5 remains the best choice for practical dental diagnostics [95]. Another
advantage of YOLOVS is its lightweight architecture, which allows for rapid inference without
compromising accuracy. In a clinical setting, this means dentists can quickly process radiographs
and make decisions faster, enhancing workflow efficiency [84]. Unlike YOLOv8 and YOLO-NAS,
YOLOVS5 optimally balance detection speed and accuracy, making it ideal for busy clinics where
real-time results are essential [69]. Beyond accuracy, YOLOVS also excels in handling real-world
clinical constraints. It requires less computational power than YOLO-NAS, making it easier to
deploy in resource-limited settings [133]. Additionally, its integration with Google Colab Pro and
similar platforms ensures easy prototyping and deployment, reducing barriers to Al adoption in
dentistry. The high mAP scores achieved by YOLOVS also confirm its ability to balance precision
and recall, making it highly effective for detecting both common and rare dental anomalies [117].
Moving forward, incorporating ensemble learning techniques, spatial attention mechanisms, or
improved feature fusion methods could further enhance YOLOVS5’s performance, particularly for

rare conditions [117] [133].

5.3. Impact of Hyperparameter Tuning on Al Model Performance

Hyperparameter tuning plays a huge role in getting the best possible performance out of YOLO-
based object detection models in dental imaging [134]. Fine-tuning parameters [134] like learning
rate, batch size, and augmentation strategies can make a significant difference in precision, recall,
and overall model robustness [134]. In this study, tuning YOLOvVS improved its precision by 7.4%,
compared to untuned model making it even better at detecting subtle dental anomalies like early-
stage caries and root fractures. This shows that even a well-optimized model can be pushed further
with careful tuning. Data augmentation strategies [74] also proved to be a game-changer. By
tweaking techniques like rotation and flipping, we trained the model to handle variability in dental

radiographs, mimicking real-world imaging scenarios. This improved YOLOVS’s robustness,
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allowing it to perform well on different datasets and imaging conditions [134]. When compared to
enhancements in YOLOVS architecture[135], such as lightweight deep convolution layers,
increased mAP by 2.4% on the COCO dataset and 4.2% on industrial datasets, aligning with our
hyperparameter tuning approach that significantly improved accuracy in dental diagnostics [135].
Comparatively, a YOLOvVS5 model [43] for tooth detection and segmentation in pediatric panoramic
radiographs achieved 0.99 sensitivity, 0.99 precision, and an mAP of 0.98, demonstrating high
performance but slightly lower overall accuracy than our model, which benefited from
hyperparameter tuning [43]. Similarly, a YOLOv10 model [136] applied for tooth detection and
numbering in panoramic radiographs reached 0.90 precision, 0.94 recall, and an mAP50 of 0.968,
yet our HPT YOLOVS model exhibited higher precision, indicating the effectiveness of optimized
hyperparameters even in an earlier YOLO version. In another study, CNNs [73] were used to
detect dental calculus, adjusting key hyperparameters such as learning rate (0.0001), batch size
(4), and epochs (30), leading to precise tooth identification. While this study does not use YOLO,
it highlights how hyperparameter tuning improves model accuracy, similar to our findings [73].
Furthermore, automated dental plaque detection was tested with YOLOv11m [137] achieved an
mAP@50 of 0.713, demonstrating strong performance in detecting over-mature plaque. However,
our HPT YOLOvVS model surpassed this performance, reinforcing the impact of hyperparameter
tuning on model efficacy [137]. Similarly, a customized YOLOvS8 model [94] for dental caries
classification obtained an mAP of 91.8%, Fl-score of 92.0%, and recall of 92.6%, yet was
surpassed by our HPT YOLOvS model’s superior performance [94]. YOLOvS8 required more
extensive tuning to reach competitive performance with YOLOvVS, highlighting how different
YOLO versions respond to optimization [90]. After hyperparameter tuning, YOLOVS achieved the
highest mAP score of all tested models, confirming its superior accuracy and adaptability [90]. In
dental imaging, missing an early-stage caries or a subtle root fracture could lead to serious
consequences for a patient, so fine-tuning Al models to catch these anomalies are critical. Looking
ahead, future research could explore automated hyperparameter tuning techniques like Bayesian
optimization [134], which could make the process more efficient and adaptable across different
datasets and clinical settings. While manual tuning worked well in this study, automating the
process could further enhance model performance and make Al-driven dental diagnostics even
more effective and accessible [90]. At the end, this study reinforces that hyperparameter tuning is
not just an optional step—it’s essential for maximizing the performance of Al models in dental
imaging [90]. The YOLOV5 model benefited significantly from fine-tuning, making it a smarter,

more precise, and clinically relevant tool for real-world applications.
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Chapter 6 - Conclusion

The integration of DL particularly YOLO-based object detection models, into dental diagnostics
has shown promising advancements in improving accuracy, efficiency, and clinical workflows
[135]. This study systematically evaluated and compared the performance of YOLOvS, YOLOVS,
and YOLO-NAS for detecting and classifying dental conditions from panoramic radiographs.
Among these, YOLOvVS emerged as the most reliable model, achieving a precision of 95.7% and
accuracy of 96.5% after hyperparameter tuning. Its ability to balance high detection accuracy with
computational efficiency makes it particularly well-suited for real-time clinical applications [11].
While YOLOvV8 and YOLO-NAS demonstrated potential, they fell short of YOLOVS in terms of
maintaining high precision, especially in complex and imbalanced datasets. The PR curves and
mAP scores reaffirmed YOLOvV5’s superior ability to detect subtle anomalies while minimizing
false positives and negatives—critical factors in clinical diagnostics where early and accurate
detection is key. A major takeaway from this research is the impact of hyperparameter tuning and
dataset diversity on model performance. YOLOVS5 showed a 7.4% precision improvement with
tuning, while YOLO-NAS improved by 18.9%, highlighting the importance of optimizing models
to suit specific clinical datasets. Furthermore, a well-annotated dataset covering 56 distinct dental
conditions played a crucial role in ensuring robust model generalization, with data augmentation
helping mitigate class imbalance for rare conditions. Al-powered tools like YOLOVS5 can serve as
decision-support systems [111], enabling clinicians to detect conditions like dental caries, root
fractures, impacted teeth and many other conditions with greater accuracy and efficiency. Al-
powered diagnostic tools can bridge the gap in dental healthcare access for rural and remote
communities [138]. Rural areas often lack trained dentists and Al tools can serve as diagnostic
aides, enabling general healthcare providers to identify dental conditions accurately [138]. Al tools
can be integrated into telehealth platforms [139], allowing images from rural clinics to be analyzed
remotely by Al systems and reviewed by specialists as needed. During community health
initiatives [140], Al tools can facilitate rapid and large-scale dental screenings, identifying
individuals who require further care. By addressing barriers to care in rural and resource-limited
settings [141], Al-driven solutions hold the promise of transforming dental healthcare delivery
worldwide. Traditional dental diagnostic workflows involve significant time for radiograph
interpretation [142]. Al tools streamline this process to provide immediate feedback on
radiographs, expediting diagnosis and treatment planning [143]. By automating the detection
process, dentists can focus more on patient care rather than image analysis. The decreasing cost of

Al technologies and cloud-based deployment options make them accessible even in low-resource
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settings [127]. Fewer repeat visits due to accurate diagnostics reduce both patient and healthcare
system costs [127]. Developing and deploying Al tools for dental diagnosis offers a path to more
cost-effective, accessible, and efficient dental healthcare systems [126]. While YOLOVS currently
stands as the most practical and accurate model for dental radiograph analysis in this study, further
improvements in DL architecture, dataset expansion, and real-world validation will be essential
for advancing Al-driven diagnostics. With continued innovation and clinical validation, Al-
powered detection models have the potential to revolutionize dental diagnostics, making high-

precision, automated screening a standard part of everyday clinical practice.

6.1. Clinical Implications

The results of this study highlight the potential of Al-powered diagnostic tools to enhance
accuracy, efficiency, and decision-making in dental clinics. The strong diagonal trend observed
in the confusion matrix (Figure 40) reflects the model’s reliability in identifying and classifying
dental conditions, a critical factor for clinical use [128]. High true positive rates suggest that
Al can serve as a valuable decision-support tool for dentists, reducing uncertainty in diagnoses
and improving patient outcomes [128]. The low occurrence of false positives and false
negatives means fewer diagnostic errors, ensuring that patients receive the right treatment at
the right time. However, misclassification of rare or complex conditions (such as peg laterals
or root caries) indicates areas for improvement, particularly in expanding datasets or integrating

advanced model enhancements to refine detection in underrepresented cases [144].

From a practical standpoint, AI models like YOLOVS5 could transform clinical workflows by
making diagnostics faster and more consistent. Early detection of conditions such as caries and
periodontal disease, thanks to the high sensitivity of the model which allows for preventive
treatments, reducing the need for more invasive procedures later on [145]. At the same time,
high specificity ensures that unnecessary treatments are minimized, optimizing resource
allocation and maintaining patient trust. By providing prediction categories that support
personalized care, Al tools can offer insights into treatment outcomes and disease progression,
enabling more data-driven clinical decisions. Beyond diagnosis, Al integration in dental clinics
also has broader implications for clinician training and workflow design. Dentists can use Al-
generated predictions as a secondary check, helping them validate their assessments and
boosting diagnostic confidence [144]. Additionally, by automating routine diagnostic tasks, Al
can free up clinicians to focus on more complex cases and patient interactions, ultimately

improving both efficiency and quality of care. As Al tools continue to evolve, their role in

97|Page



augmenting human expertise rather than replacing it will become increasingly valuable in
dental practice. With further refinements and regulatory advancements, Al-powered
diagnostics have the potential to become a standard part of modern dentistry, enhancing

accuracy, streamlining workflows, and improving overall patient care [144].

For real-world deployment, it is essential to consider how these Al models can be effectively
integrated into existing dental workflows and clinical infrastructure. YOLO-based models,
particularly the hyperparameter-tuned YOLOvVS used in this study, offer a viable pathway
toward real-time, chairside diagnostic support. These models can be embedded into dental
imaging software or cloud platforms, enabling clinicians to receive immediate visual feedback
during patient consultations [146]. In urban practices with advanced digital infrastructure, the
models can function on GPU-enabled systems for rapid inference, while in rural or underserved
areas cloud-based versions could support remote diagnosis and outreach services [127].
Furthermore, integration with practice management systems and electronic health records
(EHRs) can ensure seamless documentation and follow-up care [147]. Importantly, for
successful adoption, these tools must also address clinician trust and usability - by
incorporating explainable Al interfaces, providing prediction confidence levels, and aligning
with local data privacy standards [18]. As Al matures and regulatory pathways solidify, these
technologies are poised not only to assist in diagnosis but to reshape dental care delivery by
increasing access, reducing workload, and improving diagnostic equity across diverse clinical

settings [144].

6.2. Limitations and Future Work

While this study demonstrates the potential of YOLO-based object detection models in dental

diagnostics, there are several challenges that need to be addressed before widespread clinical

adoption. One of the biggest hurdles is the quality and diversity of training data [74]. Al models

are only as good as the data they learn from, and inconsistencies in labelling, class imbalances,

and variations in imaging conditions can lead to biased predictions [56]. Many datasets lack well-

annotated, high-resolution dental radiographs, which limits model generalizability across different

patient demographics, imaging equipment, and clinical settings. Future research should focus on

expanding datasets to include a wider variety of dental conditions while ensuring high annotation

accuracy to enhance model reliability. Another key limitation is the absence of cross-domain

validation. In this study, all training and evaluation were conducted using a single modality —
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panoramic dental radiographs (orthopantomograms) — without testing the models on external
datasets involving other types of dental imaging, such as bitewing, periapical, or cone-beam
computed tomography (CBCT). The dataset comprised approximately 3,000 digital panoramic
images collected from various open-source repositories [54][95], curated to represent a wide range
of oral conditions. However, despite the diversity within the panoramic modality, the exclusion of
other radiographic types limits the model’s ability to generalize across different imaging
techniques and clinical use cases. This raises concerns about the robustness and adaptability of the
models in real-world dental settings where multiple imaging modalities are often used. Future
research should incorporate cross-modality and cross-institutional validation, including bitewing
and periapical radiographs, to comprehensively evaluate the models’ generalization capabilities
and support broader clinical deployment [148]. Another major limitation is the nature of DL
models [81]. While YOLO models deliver high accuracy, their decision-making process remains
opaque, making it difficult for clinicians to interpret how diagnoses are made. This lack of
explainability is a key barrier to clinical trust and regulatory approval. Future work should explore
explainable Al (XAI) techniques [149] that provide more transparency into model predictions,
helping clinicians understand why a particular diagnosis was suggested. Regulatory and ethical
concerns also pose challenges to Al adoption in healthcare [146]. Patient privacy, data security,
and liability in case of diagnostic errors are critical issues that need to be addressed. Standardized
guidelines from regulatory bodies like the FDA and the European Medicines Agency are still
evolving [150], but compliance with these frameworks will be necessary for real-world
deployment. Further research should focus on developing Al models that align with clinical

regulations and ethical standards to facilitate seamless integration into dental practice.

From a technical standpoint, while YOLOvS emerged as the best-performing model, there is still
room for improvement. The model performed well in detecting common dental anomalies like
caries and impacted teeth, but rare conditions such as peg laterals and dilaceration were more
challenging due to dataset imbalance. Techniques like data augmentation, weighted loss functions,
and synthetic data generation could help mitigate these issues and improve detection across all
classes [74] . Future studies could also explore hybrid approaches—such as integrating YOLO
models with attention mechanisms or ensemble learning techniques [46]—to enhance accuracy,
particularly for subtle or overlapping dental structures. Another area of future research involves
model optimization for real-world clinical settings. While YOLOVS delivers excellent accuracy
and speed, it still requires high computational power for training and inference [145]. This limits

its practicality in resource-constrained environments, such as small clinics or mobile dental units.
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Exploring model compression techniques [88], such as knowledge distillation or pruning, could
help develop lightweight versions of YOLO that maintain high accuracy while reducing
computational demands. Additionally, while this study focused on non-enhanced radiographs to
preserve clinically significant patterns, future research could investigate advanced image
enhancement techniques [42] that improve image clarity without distorting important anatomical
details. Domain adaptation methods [100] could also be explored to improve model
generalizability across different imaging modalities and equipment brands, ensuring robust

performance in diverse clinical settings.

To move toward clinical deployment, a structured pilot study will be planned to evaluate the
real-world application of the proposed Al models in dental diagnostics [151]. This will involve
obtaining ethical approval from the participating hospital’s ethics board, including Health and
Disability Ethics Committees (HDECs), to ensure compliance with institutional and national
ethical guidelines. Collaboration with the hospital’s regional and national health governance
structures will be essential to align the pilot with existing protocols and care pathways. The
project will be formally registered within the institution to support transparency and oversight.
In parallel, engagement with the national data science governance (Artificial Intelligence and
Algorithm Expert Advisory) group will help ensure alignment with broader digital health
strategies and Al deployment frameworks. A privacy impact assessment (PIA) will be
conducted at both the hospital and national levels to safeguard patient data and ensure
compliance with legal standards [152]. Additionally, an IT infrastructure and security
assessment will be carried out to evaluate system readiness and address potential cybersecurity
risks. Lastly, the Al model will undergo rigorous validation using clinically accepted
definitions and diagnostic criteria to ensure that its outputs are interpretable, accurate, and
clinically actionable [151]. These steps will be crucial in bridging the gap between technical

development and the safe, responsible adoption of Al in everyday dental practice.

Ultimately, this study lays the foundation for future Al-driven advancements in dental diagnostics.
With continued research into improving dataset quality, refining model architectures, and
addressing clinical integration challenges, DL models have the potential to revolutionize dental
diagnostics, providing clinicians with faster, more accurate, and more accessible decision-support
tools. Moving forward, interdisciplinary collaboration between Al researchers, dental
professionals, and regulatory bodies will be essential to bridge the gap between Al development

and practical, real-world applications in dentistry.
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Appendix Table 1

Table 8. Scoping review extracted information.

S.no. | Authors Focus area AI/ML model | Study design Key findings

used

1. Yu et al. [153] The use of Al in CNNss, The study CNNs were
dental imaging, including a 4- | involved effective in
specifically layer and a 16- | experiments classifying teeth
leveraging ML layer model, using panoramic | with a high
models such as were utilized. dental degree of
CNN:s to interpret Additionally, radiographs of | accuracy,
and analyze dental | other ML patients from especially when
radiographs [153]. | techniques such | Pusan National | using a 16-layer

as Bag-of- University model which
Words models, | Hospital. achieved higher
the k-nearest Al models were | accuracy rates
neighbors trained and over multiple
algorithm, and | tested for two training
SVMs were tasks: teeth iterations.
also classification The 4-layer
considered. and sex CNN model
classification performed well
from the in sex
radiographs. classification
tasks, achieving
up to 97.5%
accuracy.
Bag-of-Words
models, k-NN,
and SVMs also
showed good
performance
but were
generally less
effective
compared to
CNNe .

2. Kilic et al.[154] | The application of | The model The research The Al system
Al, particularly DL, | employed is involves training | exhibited strong
for the automated Faster R-CNN | and testing an performance in
identification and Inception v2 Al algorithm on | detecting and
numbering of (COCO), aDL | adataset numbering
deciduous teeth in framework comprising 421 | deciduous teeth,
children using built on CNNs | panoramic achieving a
panoramic and optimized | images of sensitivity of
radiographs [154]. | for object children's teeth. | 98.04%,

detection tasks. | The Al system's | precision of
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performance 95.71%, and an
was assessed F1 score of
using a 96.86%. These
confusion findings
matrix to indicate that DL
evaluate its -based Al
sensitivity, models hold
precision, and significant
F1 score. potential for the
automated
charting of
children's
panoramic
dental
radiographs.
Zheng et al. The study aims to The research The research The
[155] enhance dental care | employs an integrates oral anatomically
automation through | anatomically anatomical constrained
Al utilizing constrained knowledge with | Dense U-Net
anatomically Dense U-Net, a | DL to improve surpasses the
constrained DL for | modified CBCT standard Dense
automated version of the segmentation U-Net in both
segmentation and Dense U-Net and lesion lesion detection
lesion detection in | that integrates | detection. It accuracy and
dental CBCT [155]. | anatomical introduces a voxel-matching
knowledge as | novel Dice coefficient
constraints regularized (DICE)
within the DL | optimization accuracy for
model for framework that | each label. The
CBCT employs mean- | system exhibits
segmentation field variational | notable
and lesion approximation improvements,
detection. for enhanced particularly in
computational identifying
efficiency. The | challenging
system is labels such as
evaluated using | lesions and
a dataset of materials,
CBCT images, | highlighting the
with its advantages of
performance incorporating
compared to anatomical
standard Dense | knowledge into
U-Net models DL models.
under different
loss functions.
Giannakopoulos | The study examines | The discussed | A comparative ChatGPT-4
etal. [156] the performance of | Al models are | mixed-methods | performed the
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generative Al
LLMs, including
ChatGPT (versions
3.5 and 4), Google
Bard, and Microsoft
Bing Chat, in
facilitating
evidence-based
dentistry. It
evaluates their
accuracy in
responding to
clinically relevant
questions within the
field of dentistry
[156].

generative
LLMs,
including
ChatGPT-3.5,
ChatGPT-4,
Google Bard,
and Microsoft
Bing Chat.
Built on the
transformer
architecture,
these models
are specifically
designed for
natural
language
processing,
comprehension,
and generation.

study in which
each LLM was
tested with 20
clinical
dentistry-related
questions.
Responses were
evaluated on a
scale of 0 to 10
based on strong
scientific
evidence,
including
guidelines and
consensus
statements, by
two experienced
faculty
members.
Statistical
analyses were
conducted to

best among the
models,
showing
statistically
significant
better results
compared to
other LLM:s.
However, all
models
occasionally
displayed
inaccuracies
and lacked
detailed source
citations,
raising concerns
about their use
in clinical
decision-
making without
proper

compare the oversight.
scores and
determine the
highest-
performing
model.
Rashidi et al. The implementation | The model The research The YOLOvV7
[20] of a DL based used is utilized a dataset | model achieved
object detection YOLOV7, a of 1,025 a precision of
algorithm CNN model panoramic 100%, an F1
specifically part of the dental X-ray score of 76%, a
designed for YOLO family, | images, recall of 96%,
autonomous dental | known for its annotated with | and a mAP of

treatment planning
using panoramic X-
ray images [20].

high accuracy
and quick
performance on
small datasets.

the guidance of
a dentist with
over 25 years of
experience.
These images
were employed
to train and
evaluate the
YOLOV7 model
for the
autonomous
detection of
damaged teeth
and the
recommendation

81.9%. These
results indicate
excellent
potential for
clinical use,
suggesting that
the model is
highly effective
in identifying
damaged teeth
and
recommending
appropriate
treatments.
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of treatment
plans.

Celik et al., The development of | The study The research YOLOvV3
[157] a computer-assisted | employs DL compares two showed the
detection system models such as | detector highest
utilizing deep Faster R-CNN | techniques, detection
CNNss to identify with a Faster R-CNN efficacy with an
impacted ResNet50 and YOLOV3, mAP@0.5 of
mandibular third backbone, applied to 440 0.96, and Faster
molar teeth using AlexNet, panoramic RCNN with a
various VGG16, and radiographs ResNet50
architectures on YOLOV3 to from 300 backbone
panoramic detect impacted | patients to yielded a
radiographs[157]. third molar assess their mAP@0.5 rate
teeth in effectiveness in | of 0.91. The
panoramic detecting study concluded
radiographs. impacted third that YOLOV3
molar teeth. The | had excellent
evaluation is performance for
based on detecting
performance impacted
metrics such mandibular
mAP, recall, and | third molar
precision. teeth.
Jader et al. DL method for The study The study The proposed
[158] instance employs a introduces a Mask R-CNN
segmentation of Mask R-CNN | segmentation system
teeth in panoramic | for instance system designed | achieved 98%
X-ray images. It segmentation to detect and accuracy, 88%
specifically of the teeth. segment F1-score, 94%
addresses the individual teeth | precision, 84%
challenges of in panoramic X- | recall, and 99%
isolating teeth in ray images. Its specificity over
these images, which performance 1224 unseen
also display other was evaluated images. These
parts of the patient's using a diverse | results were
body [158]. dataset of 1,500 | superior to 10
images, unsupervised
encompassing methods
10 categories of | previously
various buccal studied,
image types. highlighting the
effectiveness of
the DL
approach in this
complex
imaging
scenario.
Welikala et al. The automated The Al models | This research The study
[159] detection and discussed utilized a dataset | found that DL
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classification of oral
lesions using DL to
facilitate early
detection of oral
cancer. It
emphasizes the
development and
application of Al
technologies for

include
ResNet-101 for
image
classification
and Faster R-
CNN for object
detection.
These models
were employed

of 2155 oral
cavity images
from 1085
individuals,
employing DL
to classify and
detect oral
lesions. The
study evaluated

models,
particularly
ResNet-101 and
Faster R-CNN,
are effective
tools for
detecting and
classifying oral
lesions.

analyzing images to analyze oral | two different ResNet-101
captured through cavity images computer vision | showed a high
mobile devices as for the approaches: F1 score in
part of a presence of image identifying
telemedicine lesions and classification images that
approach [159]. other indicators | and object contain lesions
of potential detection, to or require
malignancies. assess their referrals, while
effectiveness in | Faster R-CNN
the early was effective in
detection of oral | detecting and
cancer. classifying the
location and
type of lesions.
9. Mabhdi et al. The automatic The model The research The system
[160] recognition of teeth | used is a Faster | utilizes 900 achieved mAP
in dental X-ray R-CNN, with panoramic 0f 0.942,
images using a transfer dental X-ray indicating high
transfer learning- learning from a | images, split reliability and
based Faster R- pre-trained into a training accuracy in the
CNN approach, ResNet-50 set of 810 automatic
following the model. This images and a recognition of
universal tooth approach is test set of 90 teeth. This
numbering system | chosen for its images. The demonstrates
[160]. efficiency in system is trained | the model's
automatic to recognize and | potential utility
feature number teeth in aiding dental
extraction and | based on their professionals.
object position in the
detection. X-ray images.
10. | HuChenetal. | Developing an The research The study The CNNs were
[161] auxiliary diagnosis | utilizes Faster | involved effective in
system for detecting | R-CNN, a DL | training CNNs detecting
dental diseases in model for on a dataset of lesions,
periapical object 2,900 periapical | particularly
radiographs using detection. The | radiographs, more severe
deep CNNs . It Faster R-CNN | using different conditions.
specifically targets | is equipped training Training
decay, periapical with region strategies to strategies that
periodontitis, and proposal handle disease customized the

periodontitis, and

techniques to

categories and

CNN:s for
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explores their identify and severity levels. | specific
detection across classify dental | Fivefold cross- | diseases or
different severity lesions in validation was severity levels
levels [65]. periapical used to evaluate | slightly
radiographs. model improved
performance performance in
with metrics certain
such as IoU, scenarios. The
precision, recall, | influence of
and AP. training
strategy, disease
category, and
severity level
on detection
performance
was statistically
significant.
11. Kushdeep et al. | The use of a Quick | The model The study The Quick R-
[162] R-CNN algorithm used is a Quick | involved CNN model
for automated tooth | R-CNN, which | collecting provided high
diagnostics. The is applied for clinical dental diagnostic
study involves object detection | images from accuracies,
detecting various in dental various clinics, | sensitivity, and
dental issues like diagnostic upon which the | specificity in
cavities and oral imaging. Quick R-CNN identifying
diseases through an was trained. The | dental issues. It
automated images were successfully
diagnostic model used to train and | differentiated
trained on clinical construct an between normal
dental images automated teeth and those
[162]. diagnostic affected by
model capable specific dental
of identifying conditions.
different types
of dental
cavities and oral
disorders.
12. Hung et al. Current The review It discusses the | Al applications
[163] applications, discusses methodology in dental 3D
opportunities, and various ML and findings of | imaging show
limitations of Al for | techniques, studies that have | promise in
3D imaging in including applied Al to 3D | improving
dental research and | CNNs, SVMs, | imaging in diagnostic
practice, focusing and other DL dental practice, | accuracy,
particularly on models. These | highlighting the | automating the
dentomaxillofacial | models are benefits and localization of
radiology and used for limitations of anatomical
intraoral and facial | automated these landmarks, and
scanning [163]. diagnosis, technologies. enhancing
treatment image quality.
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planning, and However,
enhancing challenges
image quality remain,
in dental including the
imaging. need for large
and diverse
datasets to train
the models
effectively and
the integration
of these
systems into
clinical
workflows.
13. Nakaura et al. The impact of The use of The paper LLMs offer
[13] LLMs on the field | LLMs, outlines how substantial
of radiology, particularly LLMs have potential to
exploring how these | those based on | been integrated | improve the
models can enhance | the into radiological | efficiency and
various aspects of Transformer practices, accuracy of
the radiology architecture, assessing both radiological
workflow, including | such as GPT their advantages | processes
report generation, and BERT. and the through
diagnostics, and complexities automation and
patient care, while they introduce. | advanced data
also addressing handling
potential challenges capabilities.
and limitations [13]. However,
challenges such
as data
hallucination,
bias, and the
need for
substantial
training datasets
are significant
and need
addressing to
ensure clinical
reliability.
14. | Ruben The concepts and The use of ML | A narrative Al
Pauwels[145] applications of Al and DL, review provides | technologies,
in dental imaging, particularly an overview of | particularly DL,
covering CNNE, in Al concepts and | are proving
diagnostics, dental imaging | applications in | valuable in
forensics, image applications. dental imaging, | dental imaging
processing, and These Al including ML for tasks such
image models are and DL as lesion
reconstruction. It used for tasks | methodologies. | detection,
aims to provide a like diagnosing | The study forensic
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non-exhaustive pathologies, summarizes analysis, and
overview of Al’s forensic various Al automatic
role in enhancing analysis, and applications in image
dental radiology image diagnostics, processing.
through various ML | processing. forensics, image | These
and DL approaches processing, and | technologies
[145]. reconstruction can perform at
rather than or above the
conducting a level of human
structured experts in some
experiment or cases, offering
comparative significant time
analysis. savings and
potential
accuracy
improvements
in diagnostic
processes.

15. Putra et al. [42] | The current The application | It includes a Al has shown
applications and of several Al literature search | significant
development of AI | models, up to December | potential in
in digital dental particularly DL | 2020, enhancing
radiography, methods like categorizing Al | dental
exploring its use CNNes, for applications by | radiographic
across various tasks such as their purposes assessments,
diagnostic and image and discussing | providing more
treatment planning | classification, | methodological | accurate and
tasks, including detection, and | developments reproducible
detection of dental | segmentation in | and challenges | results
caries, periodontal | dental in each area. compared to
bone loss, radiography. traditional
cephalometric methods. The
analysis, and review
enhancements in highlights
image quality [42]. various

successful
applications but
also notes
ongoing

challenges such
as the need for
larger and more
diverse datasets
and
standardization
in reporting and
methodological
approaches.
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Appendix Table 2

Table 9. Dental annotation classes and their clinical features [50]

S.No. | Class Annotated | Clinical Feature Clinical Image Dental Disease

1. Curved root Root shape anomaly ; Root anomaly

2. Dental Filling Dental restoration Restoration status
3. Dental caries Tooth decay Caries

4. Dental implant Prosthetic replacement Tooth replacement
5. Impacted teeth Tooth eruption anomaly Impaction

6. Missing teeth Absence of teeth Edentulism
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7. RCT Treated teeth | Endodontic treatment Endodontic treatment
outcome
8. RCT Treated Endodontic treatment Endodontic treatment
tooth outcome
9. Root stumps Residual root fragments Residual infection risk
10. Attrition Tooth wear Attrition
11. Completely Complete tooth loss in Edentulism
edentulous mandible
mandible
12. Completely Complete tooth loss in Edentulism
edentulous maxilla
maxilla
13. Conical tooth Abnormal tooth shape Developmental
anomaly
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Restoration status

Endodontic restoration

Endodontic restoration

Tooth development

14. Dental crown Tooth restoration
15. Dental post Post used in restoration
16. Dental post and Post and crown
crown restoration
17. Developing Tooth development
permanent tooth
18. Developing tooth | Developing tooth
bud structure
19. Dilaceration Root abnormality

Tooth development

Root anomaly
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20. Edentulous ridge | Residual alveolar ridge Edentulism

21. Erupting Tooth eruption Tooth eruption status
permanent tooth

22. Exfoliating Shedding primary tooth Primary tooth
primary tooth shedding

23. Extensive dental | Severe tooth decay Severe caries
caries

24, Fixed partial Prosthetic appliance Restoration status
denture

25. Fractured tooth Tooth fracture Trauma
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Periodontitis

Root anomaly

Fusion anomaly

Periodontitis

26. Furcation bone Advanced periodontal
loss disease

217. Fused roots Root anomaly

28. Fusion of teeth Tooth fusion anomaly

29. Horizontal bone Bone loss in
loss periodontium

30. Horizontal Impacted tooth in
impaction horizontal position

31. Impacted canine | Impacted canine

Impaction

Impaction
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Impaction

Impaction

Malocclusion

Orthodontic treatment

32. Impacted Impacted premolar
premolar

33. Impacted tooth Tooth impaction

34. Mesially tilted Tooth tilting anomaly
tooth

35. Metal wire Orthodontic material

36. Mini implant Prosthetic mini-implant

37. Missing filling Lost filling

Prosthetic replacement

Restoration failure
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Developmental
anomaly

Root development

Orthodontic treatment

Developmental
anomaly

38. Missing laterals Missing lateral incisor
39. Open apex Root development
anomaly

40. Orthodontic Orthodontic treatment
brackets with
wire

41. Para molar Extra tooth

42. Partially impacted | Partially erupted tooth
tooth

43. Peg laterals Small lateral incisor

Impaction

Developmental
anomaly
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44, Periapical lesion | Apical infection Periapical pathology

45. Primary tooth Primary dentition Primary tooth

46. Proximal dental Decay near tooth Caries
caries contact

47. Radio opaque Opaque structure in Radiographic finding
structure radiograph

48. Recently Healing socket after Post-extraction healing
extracted socket | extraction

49. Retained Deciduous tooth Developmental
deciduous tooth retained anomaly
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50. Root canal filling | Endodontic treatment Endodontic treatment

51. Root caries Decay on root surface Root decay

52. Secondary caries | Recurrent decay Recurrent decay

53. Spacing Abnormal tooth spacing Malocclusion

54. Tooth bud Developing tooth Tooth development
structure

55. Veneers Tooth veneers Cosmetic restoration
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56.

Vertical bone loss

Bone loss in
periodontium

Periodontitis
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