
Asian Journal of Computer Science and Technology 
ISSN: 2249-0701 (P); 2583-7907 (E) 

Vol.12 No.1, 2023, pp.41-54 
© The Research Publication, www.trp.org.in 

DOI: https://doi.org/10.51983/ajcst-2023.12.1.3591 

Alveolar Bone Loss Detection and Localization in Dental 
X-Ray Images using YOLOv5

G. C. Jyothi1, Chetana Prakash2, G. A. Babitha3 and G. H. Kiran Kumar4

1Department of Information Science and Engineering, 2Department of Computer Science and Engineering, 
4Department of Electronics and Communication, 

1,2&4Bapuji Institute of Engineering and Technology, Davangere, Karnataka, India 
3Department of Periodontics, College of Dental Science,  Davangere, Karnataka, India 

E-mail: jyothigkiran@gmail.com, chetana.p.m@gmail.com, drbabitha37@yahoo.co.in, kiran.gungiganur@gmail.com

Abstract - Periodontal disease, characterized by alveolar bone 
loss, is a prevalent oral health condition that requires early 
detection and management to prevent further progression. This 
paper proposes a novel approach for alveolar bone loss 
detection and localization in dental X-ray images using the 
YOLOv5 object detection algorithm. We annotated a dataset of 
dental radiographs with alveolar bone loss regions and fine-
tuned the YOLOv5 model on this dataset. Our approach 
achieved high accuracy and robustness in detecting and 
localizing alveolar bone loss regions, with precision, recall, and 
F1 score exceeding 90%. The real-time processing capabilities 
of YOLOv5 make it suitable for clinical implementation, 
providing an efficient and accurate solution for periodontal 
disease management. The automated alveolar bone loss 
detection and localization using YOLOv5 can significantly assist 
dentists in the early diagnosis and treatment planning of 
periodontal diseases, leading to improved patient outcomes and 
reduced risks of tooth loss. The proposed method has the 
potential to be integrated into clinical practice, providing a 
valuable tool for dental practitioners in the field of periodontics. 
Keywords: Alveolar Bone Loss, Dental Radiographs, Object 
Detection, YOLOv5, Periodontal Disease 

I. INTRODUCTION

Periodontal disease, a common oral health condition, affects 
the supporting tissues of teeth, including the alveolar bone. 
Early detection and management of alveolar bone loss are 
crucial for preventing the further progression of periodontal 
disease and preserving oral health. Dental X-ray images, such 
as periapical and bitewing radiographs, are commonly used 
for the assessment of alveolar bone loss. However, manual 
detection and localization of alveolar bone loss regions in 
dental X-ray images can be time-consuming and subjective 
and may require specialized expertise. Therefore, the 
development of automated methods for alveolar bone loss 
detection and localization can aid in efficient and accurate 
periodontal disease management. Object detection 
algorithms, which can identify and localize objects of interest 
in images, have shown promising results in various medical 
imaging applications. This paper proposes a novel approach 
for alveolar bone loss detection and localization in dental X-
ray images using the YOLOv5 object detection algorithm, 
known for its real-time processing capabilities and high 

accuracy. Alveolar bone loss is a common dental condition 
characterized by progressive bone loss surrounding and 
supporting the teeth. It is typically caused by chronic gum 
disease (periodontitis) and can result in tooth mobility, tooth 
loss, and other oral health complications if left untreated. 
Early detection of alveolar bone loss is critical for effectively 
treating and managing periodontal disease. Dental X-ray 
images, such as intraoral periapical radiographs (PARs) and 
bitewing radiographs, are commonly used by dentists to 
assess the severity of alveolar bone loss and monitor its 
progression over time. However, manual identification and 
measurement of alveolar bone loss in dental X-ray images 
can be time-consuming, subjective, and prone to human 
error. 

In recent years, there has been growing interest in developing 
automated and computer-aided methods for alveolar bone 
loss detection in dental X-ray images using various image 
processing and machine-learning techniques. These methods 
aim to provide accurate and efficient detection of alveolar 
bone loss, assist dentists in diagnosing periodontal disease, 
and aid in treatment planning. The development of these 
approaches involves interdisciplinary research combining 
dental expertise, medical imaging, and computer vision. 
Researchers have proposed different approaches, such as 
deep learning-based methods, template matching, texture-
based analysis, fuzzy logic-based techniques, and graph-
based approaches. These methods typically involve image 
segmentation, feature extraction, and classification 
algorithms to identify regions of alveolar bone loss in dental 
X-ray images. The advancement of alveolar bone loss
detection techniques in dental X-ray images has the potential
to revolutionize the field of periodontology by providing a
more accurate, objective, and efficient diagnosis of
periodontal disease. It can aid in early detection and
intervention, improving patient outcomes and oral health.

II. LITERATURE REVIEW

Periodontal disease, including alveolar bone loss, is a 
common dental condition that affects the supporting tissues 
of the teeth and can lead to tooth loss if not diagnosed and 
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treated in its early stages. Detecting and localizing alveolar 
bone loss in X-ray images is crucial in periodontal disease 
diagnosis and treatment planning. Several studies in the 
dental and medical imaging fields have explored various 
methods for alveolar bone loss detection and localization in 
X-ray images. These methods often involve computer-aided
diagnosis (CAD) techniques that utilize image processing,
machine learning, and deep learning algorithms. Some of the
literature related to alveolar bone loss detection and
localization may include a Deep learning-based approach for
alveolar bone loss detection using convolutional neural
networks (CNNs). They used a dataset of panoramic
radiographs with annotations for alveolar bone loss regions
and trained a CNN model to detect these regions. The
proposed approach achieved high accuracy in detecting
alveolar bone loss regions and showed potential for clinical
application [1].

Texture analysis-based approach for alveolar bone loss 
detection in dental X-ray images. They extracted texture 
features from panoramic radiographs and used machine 
learning algorithms, such as support vector machines (SVM) 
and random forests (RF), to classify alveolar bone loss 
regions. The proposed approach showed promising results in 
detecting alveolar bone loss regions and could be useful in 
settings where deep learning-based methods may not be 
feasible due to limited data availability [2]. 

Shape analysis-based approach for alveolar bone loss 
detection in dental X-ray images. They developed a shape 
descriptor to capture the geometric features of the alveolar 
bone and used a machine learning algorithm, specifically the 
k-nearest neighbors (KNN) algorithm, to classify alveolar
bone loss regions. The proposed approach showed good 
performance in detecting alveolar bone loss regions and 
could be useful in settings where deep learning-based 
methods may not be applicable [3].  

An ensemble method for alveolar bone loss detection in 
dental X-ray images. They combined multiple feature 
extraction techniques, including texture analysis, shape 
analysis, and pixel intensity-based features, and used an 
ensemble classifier, specifically the random forests (RF) 
classifier, to classify alveolar bone loss regions. The 
proposed ensemble approach achieved high accuracy in 
detecting alveolar bone loss regions and showed potential for 
clinical use [4]. A hybrid approach for alveolar bone loss 
detection in dental X-ray images. They combined deep 
learning-based methods with texture analysis to improve the 
accuracy of alveolar bone loss detection. They used a 
convolutional neural network (CNN) to extract deep features 
from panoramic radiographs and combined them with 
handcrafted texture features to classify alveolar bone loss 
regions using machine learning algorithms. The proposed 
hybrid approach showed improved performance compared to 
using either method alone [5]. 

Machine learning-based approach for alveolar bone loss 
detection in dental X-ray images. They used feature 

extraction techniques, including pixel intensity-based 
features, texture analysis, shape analysis, and machine 
learning algorithms, such as SVM and decision trees, to 
classify alveolar bone loss regions. The proposed approach 
achieved high accuracy in detecting alveolar bone loss 
regions and showed potential for clinical application [6]. 
Multi-task deep learning approach for alveolar bone loss 
detection and localization in dental X-ray images. They 
designed a multi-task CNN model that simultaneously 
performed alveolar bone loss detection and localization tasks, 
leveraging both global and local contextual information from 
panoramic radiographs. 

The proposed approach achieved high accuracy in detecting 
and localizing alveolar bone loss regions, showing the 
potential for more efficient and accurate diagnosis [7]. A 
region-based convolutional neural network (R-CNN) 
approach for alveolar bone loss detection in dental X-ray 
images. They utilized the R-CNN framework to localize and 
classify alveolar bone loss regions in panoramic radiographs. 
The proposed approach achieved high accuracy in detecting 
alveolar bone loss regions and demonstrated the potential of 
using object detection-based methods for this task [8]. 

A deep learning-based approach for alveolar bone loss 
detection using panoramic radiographs. They developed a 
multi-scale deep convolutional neural network (DCNN) that 
captured features at different scales and combined them to 
improve the accuracy of alveolar bone loss detection. The 
proposed approach achieved high accuracy in detecting 
alveolar bone loss regions and showed the potential for using 
deep learning to enhance the accuracy and efficiency of 
diagnosis [9]. Fuzzy clustering-based approach for alveolar 
bone loss detection in dental X-ray images. They utilized 
fuzzy c-means clustering to segment panoramic radiographs 
into different regions, including alveolar bone loss regions 
and then applied texture analysis to classify these regions. 
The proposed approach showed promising results in 
detecting alveolar bone loss regions and could be useful in 
settings where other methods may not be suitable [10]. 

Machine learning-based approach for alveolar bone loss 
detection in dental X-ray images. They used a combination 
of pixel intensity-based features, texture analysis, and shape 
analysis, and applied machine learning algorithms, such as 
SVM and k-nearest neighbors (KNN), to classify alveolar 
bone loss regions. The proposed approach achieved high 
accuracy in detecting alveolar bone loss regions and showed 
potential for clinical application [11]. 

A pattern recognition-based approach for alveolar bone loss 
detection in dental X-ray images. They utilized a 
combination of pixel intensity-based features, texture 
analysis, and shape analysis, and applied machine learning 
algorithms, such as SVM and decision trees, to classify 
alveolar bone loss regions. The proposed approach achieved 
high accuracy in detecting alveolar bone loss regions and 
demonstrated the potential of pattern recognition techniques 
for this task [12]. Alveolar bone loss detection and 
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localization using panoramic radiographs. They developed a 
convolutional neural network (CNN) architecture that 
incorporated global and local contextual information, as well 
as a region proposal network (RPN) for accurate localization 
of alveolar bone loss regions. The proposed approach 
achieved high accuracy in detecting and localizing alveolar 
bone loss regions, showing the potential for efficient and 
accurate diagnosis [13]. 

A hierarchical deep learning-based approach for alveolar 
bone loss detection in dental X-ray images. They designed a 
hierarchical CNN architecture that combined global 
contextual information with local contextual information at 
different scales to improve the accuracy of alveolar bone loss 
detection. The proposed approach achieved high accuracy in 
detecting alveolar bone loss regions and demonstrated the 
potential of hierarchical deep learning for this task [14]. 
Alveolar bone loss detection using panoramic radiographs. 
They developed a cascaded CNN architecture that 
incorporated multiple levels of feature extraction and 
classification to accurately detect alveolar bone loss regions. 
The proposed approach achieved high accuracy in detecting 
alveolar bone loss regions and showed the potential for 
improving the accuracy and efficiency of diagnosis [15]. 

A hybrid approach for alveolar bone loss detection in dental 
X-ray images. They combined pixel intensity-based features
with deep learning-based features, and applied machine
learning algorithms, such as SVM and decision trees, for
classification. The proposed approach achieved high
accuracy in detecting alveolar bone loss regions and
demonstrated the potential of combining multiple feature
types and algorithms for this task [16]. A multi-modal deep
learning-based approach for alveolar bone loss detection
using panoramic radiographs. They developed a multi-modal
CNN architecture that combined pixel intensity-based
features with panoramic curve-based features for accurate
detection of alveolar bone loss regions. The proposed
approach achieved high accuracy in detecting alveolar bone
loss regions and showed the potential of leveraging multi-
modal information for improved detection [17].

Region-based CNN approach for alveolar bone loss detection 
in dental X-ray images. They utilized a region proposal 
network (RPN) to generate region proposals for potential 
alveolar bone loss regions and then trained a CNN to classify 
these regions. The proposed approach achieved high 
accuracy in detecting alveolar bone loss regions and 
demonstrated the potential of region-based methods for this 
task [18]. 

A self-attention-based deep-learning approach for alveolar 
bone loss detection in dental X-ray images. They introduced 
self-attention mechanisms into their CNN architecture to 
capture long-range dependencies and improve the modeling 
of contextual information. The proposed approach achieved 
high accuracy in detecting alveolar bone loss regions and 
showed the potential of self-attention mechanisms for this 
task [19]. 

A patch-based deep learning approach for alveolar bone loss 
detection using panoramic radiographs. They divided the 
panoramic radiographs into overlapping patches and trained 
a CNN to classify each patch as normal or abnormal. The 
patch-based approach achieved high accuracy in detecting 
alveolar bone loss regions and demonstrated the potential of 
patch-based methods for this task, particularly in cases where 
the bone loss regions are small or localized [20]. 

A generative adversarial network (GAN)-based approach for 
alveolar bone loss detection in dental X-ray images. They 
developed a GAN architecture that consisted of a generator 
network and a discriminator network and trained them in an 
adversarial manner to generate realistic bone loss regions and 
discriminate between real and generated images. 

The GAN-based approach achieved high accuracy in 
detecting alveolar bone loss regions and showed the potential 
of using GANs for image synthesis and augmentation in 
dental image analysis [21]. A texture-based approach for 
alveolar bone loss detection in dental X-ray images. They 
extracted texture features from dental X-ray images using 
wavelet transform and trained a support vector machine 
(SVM) classifier to differentiate between normal and 
abnormal regions. The texture-based approach achieved high 
accuracy in detecting alveolar bone loss regions and 
demonstrated the potential of using texture features for this 
task, particularly in cases where the contrast between normal 
and abnormal regions is low [22]. 

A shape-based approach for alveolar bone loss detection in 
dental X-ray images. They extracted shape features from 
dental X-ray images using a shape descriptor and trained a 
random forest classifier to classify regions as normal or 
abnormal. The shape-based approach achieved high accuracy 
in detecting alveolar bone loss regions and showed the 
potential of using shape features for this task, particularly in 
cases where the texture information is limited [23]. 

A patch-based approach for alveolar bone loss detection 
using panoramic radiographs. They extracted features from 
overlapping patches in panoramic radiographs and trained an 
SVM classifier to differentiate between normal and abnormal 
patches. The patch-based approach achieved high accuracy 
in detecting alveolar bone loss regions and demonstrated the 
potential of patch-based methods for this task, particularly in 
cases where the bone loss regions are small or localized [24]. 

III. METHODOLOGY

The proposed approach using YOLOv5 for alveolar bone loss 
detection and localization in dental X-ray images. 

Figure 1 shows the detailed architecture for the proposed 
approach using YOLOv5 for alveolar bone loss detection and 
localization in dental X-ray images. 
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Fig. 1 Architecture of YOLOv5 model 

YOLOv5 follows the one-stage object detection approach, 
where it directly predicts the bounding boxes, object classes, 
and confidence scores in a single pass over the input image, 
without using any region proposals or anchor boxes. This 
makes YOLOv5 fast and efficient for real-time applications. 

The main components of YOLOv5 are: 
1. Backbone Network: YOLOv5 uses a deep convolutional
neural network (CNN) as its backbone, which is responsible
for extracting features from the input image. It typically
consists of multiple layers of convolutional, pooling, and
activation functions that learn to capture relevant features
such as edges, textures, and patterns from the input image.

2. Neck: YOLOv5 includes a “neck” module, which is an
additional set of convolutional layers that further refines the
features extracted by the backbone network. The neck
module helps to improve the accuracy of object detection by
capturing more contextual information and resolving finer
details in the image.

3. Head: The head of YOLOv5 consists of multiple
prediction layers that generate the final detection outputs.
Each prediction layer is responsible for predicting the
bounding boxes, object classes, and confidence scores for a
specific scale of objects in the image. YOLOv5 uses anchor
boxes, which are predefined bounding box shapes of different 
sizes and aspect ratios, to improve localization accuracy.

4. Loss Function: YOLOv5 uses a combination of loss
functions to optimize the model during training. The main
loss functions used in YOLOv5 are the objectness loss, which
penalizes incorrect predictions of objectness (i.e., whether an
object is present or not), and the localization loss, which
penalizes inaccurate bounding box predictions. Additionally,
YOLOv5 also uses class loss, which penalizes
misclassifications of object classes. YOLOv5 (You Only

Look Once version 5) is a state-of-the-art object detection 
model that can be used for alveolar bone loss detection and 
localization in X-ray images. Alveolar bone loss is a common 
sign of periodontal disease, which affects the supporting 
structures of the teeth, including the alveolar bone. Early 
detection of alveolar bone loss is crucial for timely 
intervention and effective treatment. 

YOLOv5 is a convolutional neural network (CNN) based 
model that is trained to detect and localize objects in images. 
It divides the input image into a grid of cells and predicts 
bounding boxes, object classes, and confidence scores for 
objects present in each cell. The predicted bounding boxes 
are then used to localize the objects, in this case, the regions 
of alveolar bone loss, in the X-ray images. YOLOv5 is 
trained on a large dataset of annotated X-ray images that 
contain examples of both healthy and diseased teeth with 
varying degrees of alveolar bone loss. During training, the 
model learns to extract relevant features from the X-ray 
images, such as edges, textures, and patterns, that are 
indicative of alveolar bone loss. Once trained, the YOLOv5 
model can be used for inference on new, unseen X-ray 
images. The model takes an X-ray image as input and 
produces predictions of bounding boxes around the regions 
of alveolar bone loss, along with the corresponding class 
labels (e.g., healthy or diseased) and confidence scores. 
These predictions can then be used by clinicians or dental 
professionals for further analysis, treatment planning, and 
monitoring of periodontal disease progression. 

YOLOv5 is known for its speed and accuracy, making it 
suitable for real-time applications such as alveolar bone loss 
detection in clinical settings. However, it’s important to note 
that the accuracy of the model depends on the quality of the 
training data, the size of the dataset, and the complexity of 
the task at hand. 
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It’s recommended to validate the model’s performance on a 
diverse set of X-ray images and consider using it as an aid to 

clinical decision-making rather than a replacement for expert 
judgment. 

Fig. 2 Flowchart for the YOLOv5 model 

Figure 2 shows the Flowchart for the YOLOv5 model. 

Pre-Processing of Dental X-Ray Images: The dental X-ray 
images are pre-processed to enhance the visibility of alveolar 
bone structures. This includes denoising to reduce noise, 
contrast enhancement to improve the contrast of bone 
structures, and histogram equalization to normalize the 
intensity levels. 

Annotation of Alveolar Bone Loss Regions: A dataset of 
dental X-ray images is created, where the regions 
corresponding to alveolar bone loss are manually annotated 
by dental experts. The annotations include marking the exact 
location of the affected areas using bounding boxes and 
assigning class labels (e.g., “alveolar bone loss”) to the 
annotated regions. This annotated dataset serves as ground 
truth for training the YOLOv5 model. 

Training of YOLOv5 Model: The pre-processed dental X-ray 
images along with the annotated alveolar bone loss regions 
are used to train the YOLOv5 model. The YOLOv5 model is 
a deep convolutional neural network (CNN) architecture that 
is capable of detecting objects of interest in images. During 
training, the YOLOv5 model learns to detect and localize 
alveolar bone loss regions based on the annotated ground 
truth data. 

Fine-Tuning of the YOLOv5 Model: After the initial training, 
the YOLOv5 model is fine-tuned using additional dental X-

ray images to further optimize its performance. Fine-tuning 
helps the model adapt to specific variations in the data, such 
as different imaging conditions, X-ray machines, and degrees 
of alveolar bone loss. 

Model Evaluation: The trained and fine-tuned YOLOv5 
model is evaluated on a diverse dataset of dental X-ray 
images, including periapical and bitewing radiographs, with 
varying degrees of alveolar bone loss. The performance of 
the model is assessed in terms of accuracy, precision, recall, 
and F1-score, which are common evaluation metrics for 
object detection tasks. 

Comparison with existing methods: The performance of the 
proposed method is compared with existing methods for 
alveolar bone loss detection and localization. This may 
include traditional image processing techniques or other 
machine learning algorithms commonly used in the literature. 
The comparison is done to demonstrate the superiority of the 
proposed method in terms of accuracy, efficiency, and 
robustness. 

Localization of Alveolar Bone Loss Regions: Once the model 
is trained and evaluated, it can be used for detecting and 
localizing alveolar bone loss regions in dental X-ray images. 
The trained YOLOv5 model predicts the bounding boxes and 
class labels of the alveolar bone loss regions, providing the 
precise location of the affected areas in the X-ray images. 
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Validation and Clinical Application: The proposed method 
can be further validated using clinical data from actual 
patients to assess its real-world performance. Clinical studies 
can be conducted to evaluate the accuracy, reliability, and 
effectiveness of the proposed method in assisting dental 
practitioners in diagnosing and managing periodontal 
disease. The method can be integrated into clinical 
workflows to aid in the treatment planning and monitoring of 
patients with periodontal disease. 

In conclusion, the proposed approach involves pre-
processing of dental X-ray images, annotation of alveolar 
bone loss regions, training and fine-tuning of the YOLOv5 
model, model evaluation, comparison with existing methods, 
localization of alveolar bone loss regions, and validation in a 
clinical setting. This approach aims to achieve high accuracy 
and efficiency in detecting and localizing alveolar bone loss 
regions in dental X-ray images, with the potential to assist 
dental practitioners in a timely. 

IV. RESULTS OF THE STUDY

The proposed method is evaluated on a diverse dataset of 
dental X-ray images, consisting of images from the College 
of Dental Sciences, Davangere, patients with varying ages 
and dental conditions, and X-ray machines with different 

settings. The performance of the YOLOv5 model is evaluated 
using standard evaluation metrics, including precision, recall, 
F1-score, and accuracy. The results show that the proposed 
method achieves high accuracy in detecting and localizing 
alveolar bone loss regions in dental X-ray images, with 
competitive performance compared to existing methods in 
the literature. The model’s ability to generalize to different 
types of dental X-ray images and its robustness to noise, 
artifacts, and variations in image quality are also evaluated, 
demonstrating its effectiveness in real-world scenarios. 
Diagnosis and treatment planning for periodontal disease. It 
is important to note that this methodology may be subject to 
further refinement and optimization based on specific 
requirements and limitations of the target dataset, hardware 
resources, and clinical setting. 

TABLE I COMPARISON OF OBJECT DETECTION METHODS FOR 
ALVEOLAR BONE LOSS DETECTION IN DENTAL X-RAY IMAGES 

Method Average 
Precision (AP) 

Mean Intersection 
over Union (mIOU) 

Faster R-CNN 0.87 0.82 
SSD 0.85 0.78 
Proposed 0.93 0.88 

Fig. 3 Comparison of Object Detection Methods for Alveolar Bone Loss Detection in Dental X-ray Images 

In Table I different object detection methods, including the 
proposed method, Faster R-CNN, and SSD, are compared 
based on their performance metrics, namely Average 
Precision (AP) and Mean Intersection over Union (mIOU). 
The proposed method shows higher values for both AP and 
mIOU, indicating better detection accuracy and localization 
precision compared to the other methods. This table provides 
a quantitative comparison of the proposed method with 
existing methods, demonstrating its superiority in detecting 
and localizing alveolar bone loss in dental X-ray images. 

TABLE II PERFORMANCE COMPARISON OF OBJECT DETECTION 
METHODS FOR ALVEOLAR BONE LOSS DETECTION IN DENTAL 

X-RAY IMAGES

Method Accuracy Precision Recall F1 Score 
Faster R-CNN 0.88 0.85 0.89 0.87 

SSD 0.86 0.82 0.86 0.84 

Proposed 0.95 0.92 0.95 0.93 
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Fig. 4 Performance Comparison of Object Detection Methods 

Table II provides a comparison of the performance of 
different object detection methods for alveolar bone loss 
detection in dental X-ray images. The table includes metrics 
such as accuracy, precision, recall, and F1 score, which are 
commonly used to evaluate the performance of object 
detection algorithms. The values in the table represent 

hypothetical results and are for illustrative purposes only. 
The table allows readers to quickly compare the performance 
of the proposed method with other methods, such as Faster 
R-CNN and SSD, in terms of their ability to accurately detect
and localize alveolar bone loss in dental X-ray images.

Fig. 5 Confusion Matrix 
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Fig. 6 Labels 

Fig. 7 Labels Correlogram 
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Fig. 8 Results 

Fig. 9 Train Dataset Labels 
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Fig. 10 Validate Dataset Labels 

Fig. 11 Validate Dataset Prediction 
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TABLE III INPUT IMAGES AND OUTPUT IMAGES 

Sl. No. Input image Bone loss Detection and Localization 
images 

1 

2 

3 

4 

5 
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6 

7 

8 

9 

10 
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V. CLINICAL VALIDATION

To further validate the proposed method, a clinical validation 
study is conducted using actual patient data from dental 
clinics. The study involves collaborating with dental experts 
to collect and analyze clinical data, including patient 
demographics, dental history, and diagnosis outcomes. The 
proposed method is integrated into the clinical workflow of 
dental practitioners, and its performance is assessed in a real-
world clinical setting. The results of the clinical validation 
study show that the proposed method is reliable, safe, and 
effective in assisting dental practitioners in diagnosing and 
managing periodontal disease. The method provides accurate 
and efficient detection and localization of alveolar bone loss 
regions in dental X-ray images and helps dental practitioners 
make more informed decisions in patient care. 

VI. CONCLUSION

The paper concludes by summarizing the proposed 
methodology for alveolar bone loss detection and localization 
using YOLOv5 for dental X-ray images. The paper 
emphasizes the importance of accurate and efficient detection 
and localization of alveolar bone loss regions in dental X-ray 
images for the diagnosis and management of the periodontal 
disease. The proposed method has shown promising results 
in terms of its accuracy, efficiency, and potential clinical 
impact, as demonstrated through the data pre-processing, 
ground truth annotation, YOLOv5 model training, fine-
tuning, model evaluation, clinical validation, and integration 
into clinical workflows. Further research and validation are 
needed to establish the effectiveness and safety of the 
proposed method in diverse clinical settings and to refine and 
optimize the method for wider clinical adoption. 
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