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ABSTRACT

Periodontitis is a prevalent dental disease marked by bacterial infection of the alveolar bone
surrounding the tooth; early identification and precise intervention are essential to avert severe
outcomes, together with tooth loss. Historically, the prognosis of periodontal ailment relies upon at
the guide identification and category through dental specialists, requiring substantial skill and often
proving to be time-consuming. This study examines the application of sophisticated neural network
architectures to automate the detection and categorization of periodontitis using dental imaging
datasets. Convolutional Neural Networks (CNNs) were applied to assess dental pictures, permitting
early illness detection and decreasing dependence on guide evaluations. A comparative investigation
of several optimization strategies in neural networks become accomplished to assess their effect on
detection performance. The findings reveal that the proposed method attained a detection accuracy of
96.93%, illustrating the capability of automated structures to improve diagnostic precision, efficiency,
and scalability in periodontitis detection. This method could markedly beautify patient effects while
optimizing healthcare workflows.

Keywords: Periodontitis, Early Detection, Convolutional Neural Networks, Deep Learning, Dental
Imaging, Disease Classification, Automated Systems, Diagnostic Accuracy, Optimization Strategies,
Clinical Workflows.

1. INTRODUCTION:

Oral diseases rank among the most prevalent health disorders worldwide, with the "world health
organization (WHO)" indicating that more than 3.5 a billion individuals around the world are affected
by oral diseases [1]. Tooth decay worldwide impact on about 2 billion individuals and serious
periodontal diseases that affect about 1 billion people (around 30% of the global populace), are among
the most common oral health concerns nowadays [1][7]. Periodontal sickness, a severe dental
suffering typically induced by bacterial infections within the periodontal tissues, is predominantly
exacerbated by means of inadequate oral hygiene and tobacco use. [5][6]. normal manifestations of
periodontal disease embody hemorrhaging gums, gingivitis, halitosis, dental sensitivity, and gum
recession, with superior times potentially resulting in enamel loss. [6]. the diagnosis of periodontal
disease commences with a visible exam of the gums to come across any signs of redness or irritation.
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The periodontal probe is used to measure the periodontal pocket intensity and evaluate the degree of
damage. X -ray imaging is applied to assess the OSS structure around enamel, detecting the
irregularity of the tooth alignment and verifying the Gingiva recession times. Nevertheless, the
conventional method of detecting periodontal disease is labor-intensive and predominantly depends
on physical assessment [14][5].

2. OBJECTIVES:

(1) To automate the diagnosis of periodontitis by leveraging deep learning techniques on dental
imaging datasets. This reduces reliance on manual assessment by dental professionals and speeds
up the diagnostic process. The approach aims to facilitate early disease detection and timely
intervention through Al-driven tools.

(2) To implement and evaluate “Convolutional Neural Networks (CNNs)” for the accurate detection
of periodontal disease. CNN models are trained to analyze visual patterns in dental images for
precise classification of infection severity. The objective is to enhance the reliability and
consistency of diagnoses across varied patient cases.

(3) To assess the effectiveness of different neural network optimization strategies in improving
detection performance. A comparative study is carried out to determine the best-performing
optimization method for the CNN models. This helps in fine-tuning the system to achieve the
highest possible diagnostic accuracy and efficiency.

(4) To demonstrate the clinical potential of automated periodontitis detection systems in real-world
dental workflows. The model achieved 96.93% accuracy, showing strong applicability in
enhancing healthcare delivery. This objective supports the integration of Al for better patient
outcomes and streamlined dental care services.

3. REVIEW OF LITERATURE/ RELATED WORKS:

Recent years have withessed substantial progress in the usage of "artificial intelligence (Al) and deep
learning" methodologies for the identification and diagnosis of dental ailments, particularly
periodontal disease. numerous studies have concentrated on automating the identification of dental
problems through diverse imaging modalities, including X-rays and intraoral pictures, to diminish
dependence on manual assessments and enhance diagnostic precision.

Deep learning methodologies, especially "Convolutional Neural Networks (CNNs)", have been
effectively hired to detect dental caries and periodontal lesions with notable effectiveness. Li et al.
(2021) illustrated the efficacy of CNNs in identifying apical lesions in periapical radiographs, with
full-size detection accuracy [5]. A study through Bui et al. (2022) applied the YOLOv3 model for
tooth localization in panoramic radiographs, enhancing the diagnostic procedure for dental diseases,
such as periodontal disease [1]. Extra research by Chen et al. (2021) validated that CNNs might
enhance the accuracy of peri-implantitis detection in periapical radiographs, in addition underscoring
the promise of deep mastering in diagnosing periodontal diseases [3].

Furthermore, automatic techniques were created to identify white spot lesions and other initial
indicators of dental caries via cell photography. Ding et al. (2021) utilized YOLOv3 to identify dental
cavities in phone photos, illustrating the viability of the usage of Al into cellular health applications
for dental diagnostics [30]. numerous research have tested the application of Al models for the
detection and classification of dental problems in bitewing and panoramic radiographs, demonstrating
the capacity of deep learning to improve diagnostic techniques [26][18].

Furthermore, the domain has exhibited encouraging outcomes in making use of Al for the automated
identification and enumeration of teeth in dental radiographs, a vital factor inside the diagnosis and
treatment making plans of periodontal disease. Yasa et al. (2020) introduced an Al-driven
methodology for the automatic detection and numbering of teeth in bite-wing radiographs,
demonstrating that deep learning can also substantially decrease the time and knowledge needed for
manual annotation [7].

These trends illustrate the increasing potential of Al and deep learning in improving the speed,
precision, and efficacy of periodontal ailment diagnosis. Notwithstanding those achievements, in
addition take a look at is critical to augment the resilience and scalability of these computerized
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structures in various clinical environments, hence enhancing patient consequences and clinical
processes.

Table 1: Comparison Table for Related Work

Sl

.N G The result of the Research Reference

o Research

1 | Tooth localization using | Achieved high accuracy in automatically locating | T. H. Bui etal.,
YOLOv3 for dental teeth, improving diagnostic efficiency for dental (2022) [1]
diagnosis on panoramic | professionals.
radiographs.

2 | CNN-based system for | Demonstrated precise detection and measurement | Y.-C. Chen et
measuring peri- of implant damage, enhancing clinical implant al., (2023) [3]
implantitis damage on outcome evaluation.
periapical film.

3 | Detection of dental CNN model accurately identified apical lesions, C.-W. Lietal.,
apical lesions using showing potential for aiding early diagnosis in (2021) [5]
CNN's on periapical dental imaging.
radiograph.

4 | Automatic teeth Developed an Al model for automatic tooth Y. Yasa et al.,
detection and numbering | detection and numbering, simplifying digital (2020) [7]
in dental bite-wing dental workflows.
radiographs.

5 | Detecting white spot Deep learning model effectively identified early- | H. Askar et al.,
lesions using deep stage caries, supporting preventive dental care (2021) [9]
learning on dental strategies.
photography.

4. MATERIALS AND METHODS:

The proposed approach seeks to automate the diagnosis and categorization of periodontitis via the
utilization of dental imaging datasets and modern deep learning methodologies. A "Neural network
(NN)" architecture is established, including each the ADAM and ADAMAX optimization algorithms
to assess their influence on model performance. those optimizers are chosen for his or her capability
to effectively manage tricky, high-dimensional data and adjust learning prices to beautify
convergence, as evidenced in prior research [5][6]. A 2d "Convolutional Neural network (CNN2D)"
is applied to extract and examine complicated data from dental shap shots, facilitating correct
identification of periodontal ailment. "Convolutional Neural Networks (CNNs)" have tested efficacy
in diverse dental imaging applications, such as the identification of apical lesions and caries, through
proficiently interpreting radiographs and delivering precise outcomes [1][5]. The system aims to
diminish dependence on manual diagnosis by dental practitioners, presenting an green, scalable, and
consistent answer for early detection, according with recent improvements in Al-driven dental
diagnostic tools [6][7][18]. The proposed approach aims to enhance diagnostic accuracy, optimize the
detection procedure, and establish a solid foundation for precise treatment of periodontitis by
integrating various methodologies, akin to other effective Al applications in dentistry [14][19].
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Fig 1: Proposed Architecture

The system architecture (fig. 1) illustrates a "machine learning" pipeline for image classification. The
procedure commences with the dataset, which undergoes image preprocessing. The facts is
subsequently normalized and randomized for training purposes. The training data is utilized to train
neural networks, inclusive of models optimized with Adam and Adamax optimizers, with a probable
extension for 2d "CNNs (Convolutional Neural Networks)". Eventually, the models undergo testing.
Visualization procedures are utilized to give performance indicators, including "accuracy, precision,
recall, and F1-score", for assessing the efficacy of educated models. The workflow encompasses data
processing, model training, and performance evaluation.

4.1 Dataset Collection:

The dataset utilized for the proposed method comprises classified dental imaging data specifically
intended for the identification and type of periodontitis. The collection encompasses a varied array of
dental X-rays and panoramic radiographs, featuring images that depict a spectrum of periodontal
disease, ranging from initial indications such as gingivitis to advanced instances that could result in
tooth loss. The photographs are annotated by means of dental experts, offering labels for the
presence, severity, and type of periodontal damage, alongside pertinent characteristics such as gum
recession and bone loss. The dataset furthermore included photos of healthy controls for comparative
evaluation. The pics go through preprocessing for uniformity, involving standardization of resolution,
dimensions, and color normalization, so facilitating a success feature extraction by the neural
network. The data file is divided into training, authentication and testing of subset to evaluate the
generalization skills and performance of the model in many environments. This data file serves as the
basis for training and verifying the proposed deep learning model.

4.2 Pre-Processing:

The photos are processed, resized, and accurately labeled for training purposes. Image data is
transformed right into a numpy array format for next processing, enabling green control and
manipulation of the data in "deep learning” models [6][14]. The processed images and their
accompanying labels are eventually saved for training, making sure that every photo is accurately
matched with its appropriate label, a conventional procedure in image-based diagnostic systems [5].

4.2.1 Visualization

Visualization strategies are utilized to present example photographs alongside their respective labels,
facilitating the examination of the dataset. This stage aids in assessing the quality and variability of
the pictures previous to version training, which is crucial for verifying the dataset's appropriateness
for the job and detecting any potential preprocessing concerns. [7][10].

4.2.2 Shuffling & Normalization

Normalization is utilized to adjust picture pixel values to a standardized variety, hence expediting
version convergence and improving training stability, as evidenced by numerous studies in deep
learning for dental image processing [1][19]. Shuffling is hired to randomly reorganize the dataset,
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improving range inside the training batches and mitigating overfitting by guaranteeing that every
mini-batch includes a representative sample of the dataset [5][18].

4.3 Training & Testing:

The model is trained with the preprocessed dataset, wherein the photos are enter into the
"Convolutional Neural network (CNN)" structure. The training approach utilizes the "ADAM and
ADAMAX" optimization algorithms to decrease the loss function and enhance model accuracy. The
data file is divided into training, validation and testing of subset, where the training subset is used to
optimize the model, validation subset for large fine -tuning of the hyper parameter and test subgroup
for performance assessment. Performance parameters, including accuracy and loss, are monitored to
assess the version's capacity to generalize and reliably identify periodontitis in novel data [1][6][14].

4.4 Algorithms:

NN with ADAM Optimizer: The "Neural network (NN)" utilizing the ADAM optimizer is a deep
learning method that adaptively modifies learning rates throughout the education manner. This
optimizer is extensively utilized in diverse packages, including dental photo class, thanks to its
proficiency in managing excessive-dimensional statistics and enhancing convergence pace [5][6].
The ADAM optimizer on this system lowers the loss characteristic, facilitating expedited and more
dependable learning for periodontitis diagnosis from dental images. The version's adaptive nature
allows optimal weight updates, hence improving both accuracy and standard performance in the
categorization of periodontal disease detection [1][7].

NN with ADAMAX Optimizer: The ADAMAX optimizer, an enhancement of the ADAM optimizer,
is intended to offer advanced performance with sparse data and larger models [6]. The ADAMAX
optimizer is hired in this system to train the neural network using dental pictures, enhancing stability
during the training manner. It improves convergence speed and mitigates overfitting, ensuring that
the model generalizes efficaciously and reliably identifies periodontitis across various picture
datasets. This optimizer enhances learning efficiency, especially whilst managing intricate and
diverse dental imaging data [5][14].

Extension CNN2D:The 2d "Convolutional Neural network (CNN2D)" is a model engineered to
autonomously extract spatial traits from -dimensional images, rendering it suitable for image type
tasks, including the detection of periodontal disease in dental radiographs [1][6]. The CNN2D model
utilizes convolutional layers to extract great patterns and hierarchical features from images, enabling
the network to parent complicated details vital for specific illness identity. This structure markedly
enhances the model's accuracy through assimilating both low-degree and excessive-stage features,
hence facilitating rapid and precise categorization of periodontitis from dental images [14][18].

5. RESULTS AND DISCUSSION:

Accuracy: A test’s accuracy is its capacity to appropriately differentiate between healthy instances
and patients. To evaluate the correctness of a check, one has to determine the percentage of actual
positivity and actual negative in every evaluated scenario. Mathematically, it can be stated as
follows:

TP + TN :

"Accuracy = (1)"

TP+ FP+ TN+ FN
Precision: The accuracy takes into account the percentage of correctly categorised cases in those
known as positive. Consequently, it is stated as a formula for determining accuracy:

True Positive :

"Precision = (2)

True Positive + False Positive
Recall: The reminder is a metric in "machine learning" that evaluates the ability of the model to
recognize all relevant times of selected elegance. It is a mile ratio of accurately predicted positive
observations to overall real positives and offers information about the model efficacy in identifying
occurrences of a particular elegance.
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TP
"Recall = ——(3)"
TP + FN
F1-Score: The F1 score is a metric for evaluating the accuracy of the "machine learning” model. It
integrates accuracy and do not forget the model metrics. The accuracy metric quantifies the
frequency of real predictions generated by the model for the duration of the entire data file.

Recall X Precision
"FlScore=2+# + 100(1)"
Recall + Precision

Table 1 offers the performance metrics—“accuracy, precision, recall, and Fl-score”—assessed for
each algorithm. The Extension CNN2D attains the greatest scores. Metrics from opportunity
algorithms are also provided for comparison.

Table 2: Performance Evaluation Metrics for classification

Model Accuracy Precision Recall F1 Score
Propose NN with ADAM 0.540 0.333 0.180 0.233
Optimizer
Propose NN with ADAMAX 0.714 0.630 0.672 0.645
Optimizer
Extension CNN2D 0.969 0.961 0.970 0.966
Fig 2: Comparison Graphs for classification
1.2
1
08
| Accuracy
0.6 ® Precision
0.4 w Recall
0.2 F1 Score
o —— N ——

Propose NN with ADAM Propose NN with ADAMAX Extension CNN2D
Optimizer Optimizer

In Graph 1, accuracy is depicted in light blue, precision in maroon, F1 score in green, and recall in
violet. As compared to the other models, the Extension CNN2D has extra performance, attaining the
highest values across all metrics. The graphs above visually represent these findings

6. CONCLUSION:

This paper efficaciously tackles the difficulties of automated periodontitis detection with the aid of
offering a robust deep learning methodology that employs dental imaging datasets. The system
employs advanced neural network topologies to markedly diminish dependence on manual analysis,
providing a cheap and scalable answer for the early detection of periodontal disease. Some of the
fashions examined, the 2d "Convolutional Neural network (CNN2D)" had the highest accuracy,
attaining an astonishing 96.93%, underscoring the model's exceptional potential to extract complex
characteristics and provide accurate classifications of periodontal diseases. The suggested technique
optimizes the diagnosis process, improving accuracy whilst minimizing the time and knowledge
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wished for guide labeling, according with trends in Al-driven dental diagnostics. The results highlight
the ability of computerized deep learning frameworks to revolutionize dental diagnostics, mainly in
elaborate situations like teeth alignment, hence facilitating enhanced patient outcomes and extra green
medical strategies.

Future Scope should strive to improve the specificity of periodontal disease characteristics, facilitating
more precise identification and categorization. Mitigating the constraints of conventional CNN
models, which includes the vanishing gradient problem, may be accomplished by investigating new
designs such as YOLO to beautify computing efficiency and learning proficiency. Furthermore,
advanced models like “ResNet and EfficientNet” warrant exploration to beautify accuracy, as they
have tested advanced overall performance in analogous situations. The primary goal is to satisfy
medical requirements and provide efficient assistance for dental diagnostics, guaranteeing the
system's broad applicability in clinical environments.
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