Sparkling Light Publisher

Sparklinglight Transactions on Artificial
Intelligence and Quantum Computing

journal homepage: https://sparklinglightpublisher.com/

Detection of Dental Caries Risk Detection Using Deep Learning

Kiran A ®*, Vidyarani U A °, Chaithanya K P ¢, Ashika Nayak ¢

“Dept.of Master of Computer Applications, Shree Devi Institute of Thechnology,Kenjar,Mangluru
b4sst Prof-Dept.of Master of Computer Applications, Shree Devi Institute of Thechnology,Kenjar,Mangluru
“Dept.of Master of Computer Applications, Shree Devi Institute of Thechnology,Kenjar,Mangluru
“Dept.of Master of Computer Applications, Shree Devi Institute of Thechnology,Kenjar, Mangluru
E-mail address of authors: kirananagod24@gmail.com , vidyas135@gmail.com , ckudekallu@gmail.com , ashikarnayak5@gmail.com

Abstract

Dental caries is the most common oral diseases affecting individual worldwide, necessitating the development of advanced
diagnostic methods. This study introduces a novel approach using a score based multi-input deep neural network convolution
(CNN) for the effective detection of dental caries. Our model attempts to enhances the accuracy of caries detection and help dental
professionals make well-informed treatment decisions by utilizing a variety of input data, such as radiographic images and clinical
parameters. When tested on a large dataset, the suggested methodology outperformed conventional methods. According to the
results, combining multiple input modalities can greatly enhance dental practice's diagnostic results. This study opens the door for
future advancements in caries management and prevention in addition to making a contribution to the field of dental diagnostics.
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1. Introduction

Dental cavities are a major public health issue that affects people of all ages. To stop dental diseases from getting
worse, early detection and treatment are essential. Conventional cavity detection techniques, like visual inspection and
dental imaging, frequently depend on the skill of dental specialists, which may result in inconsistent diagnosis and
treatment results. in the upgrade of deep learning and computer vision, there is significant potential to improve the
accuracy and efficiency of dental cavity detection. Using neural networks convolution (CNNSs), the system will analyze
images and determine the presence of cavities. Dentists can treat patients more speed and with high accuracy,
ultimately improving the quality of dental care, by making this automate.
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The ability to capture complex patterns within large datasets. This makes, Deep learning has becoming popular in
medical image analysis. In this study, a dataset of annotated dental images will be used to train and validate the model.
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Its performance will then be compared with traditional diagnostic methods to evaluate the effectiveness of deep
learning in dentistry. This project not only helps to ongoing research in healthcare technology but also demonstrates
the practical benefits of utilizing deep learning techniques to dental diagnosis.

1.1. Objectives

Here are some objectives:

1) Develop an Accurate Predictive Model: compare various architectures and train and optimize deep learning models
(such as CNNs and Transformers) for cavity detection from dental images.

2) Improve Early Detection & Diagnosis: Make it possible for automated early-stage cavity detection, which lessens
the need for manual diagnosis and spots patterns that are invisible to the naked eye.

3) Enhance Diagnostic Speed & Efficiency: By automating the diagnosis process, dentists can prioritize high-risk
patients and cut down on diagnosis time.

4) Increase Accuracy & Reduce False Positives/Negatives: Reduce misdiagnoses by enhancing model accuracy with
a variety of datasets.

5) Personalize Cavity Risk Prediction: To create more individualized predictions, incorporate patient-specific
information (such as diet, genetics, and oral hygiene practices).

6) Assist in Treatment Planning: Estimate the extent of cavities and suggest suitable courses of action.

7) Facilitate Al Integration in Dental Clinics: Provide practitioners with easy-to-use tools and guarantee compatibility
with current dental imaging software.

8) Evaluate Ethical & Practical Implications: Take into account privacy, bias, and fairness issues while adhering to
medical Al laws.

2. Literature Survey
2.1. Introduction

The literature provides an overview of the use of Al, ML, and DL in dentistry, with a focus on caries detection.
Earlier diagnostic methods relied heavily on radiographs and manual inspection, but new advances in CNNs and
computer vision have significantly improved diagnostic automation, accuracy, and efficiency. Examining these
components helps highlight successful strategies and point the areas that need more work.

2.2. Related Works

[1] Paper Title: ““ Al Integration in Dental Diagnostics”. Authors: Black, A., & Clark, S Publication year:2023

The paper “Integration of Al in Dental Diagnostics” by Black and Clark (2023), published in Artificial Intelligence in
Healthcare Journal, explores the growing role of Artificial Intelligence (Al) in dental diagnostics, focusing on how Al
technologies can improving the precision of detecting dental conditions.

Key Points

1. Enhanced Diagnostic Accuracy: The authors talk about how artificial intelligence (Al), specifically machine
learning (ML) models, increases the precision of dental condition diagnosis. When it comes to identifying dental
issues like cavities, periodontal disease, and other oral conditions. By examining radiographs and various imaging
methods.

2. ML in Radiographic Analysis: To detect dental issues is highlighted in the paper. Al can decipher X-rays and other
diagnostic pictures to find abnormalities that human experts might miss, like cavities or fractures.
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To sum up, Black and Clark’s paper explains how AI can improve dental diagnostics by increasing automation,
prediction of disease, and accuracy. It also highlights the need to address ethical concerns, implementation difficulties,
and regulatory frameworks in order to fully realize AI’s potential to revolutionize dental healthcare.

[2] Paper Title: “Evaluation of Deep Learning in Dental Radiographs” Authors: Robert Martinez, Lisa Taylor
Publication Year: 2022

The paper “Evaluation of Deep Learning in Dental Radiographs” by Robert Martinez and Lisa Taylor, published in
2022, explores the use of deep learning algorithms to analyze dental radiographs and improve dental diagnostics. The
researchers highlight that these advanced methods have the potential to transform dental care by enabling more
precise, efficient, and automated diagnostic practices.

Key Findings

1. Enhanced Diagnostic Accuracy: The deep learning models utilized in this research demonstrate high accuracy in
detecting dental issues such as cavities, fractures, and periodontal diseases. By learning to recognize subtle patterns
in radiographs, these models can identify details that may be missed by human experts.

2. Automation of Detection: The capacity of deep learning models to automate the detection process is the noteworthy
benefits mentioned. By doing this, dental professionals’ cognitive load is lessened, freeing them up to concentrate
more on patient care and treatment planning rather than manually interpreting radiographs.

3. Improved Patient Outcomes: Detecting dental issues at an early stage enables the creation of treatment plans that
are specifically customized to meet the individual needs of each patient. This leads to better outcomes, as timely
intervention can halt the progression of dental diseases, resulting in more effective treatments and improved oral health
management.

Overall, the study highlights the significant potential of deep learning in transforming dental diagnostics by increasing
efficiency, minimizing human error, and ultimately enhancing the quality of patient care.

[3] Paper Title: “Automated Detection of dental Caries Using Machine Learning” Authors: Emily Davis, Michael
Brown Publication Year: 2021

The paper “Automated Detection of Dental Caries Using Machine Learning” by Emily Davis and Michael Brown,
published in 2021, explores the creation and use of a machine learning model intended especially for the detection of
dental cavities, or caries, from dental images.

Key Points

1. Data Collection: The authors compiled a large and diverse dataset of dental images, which were annotated by dental
professionals. These images were labeled to identify areas affected by dental caries, ensuring that accurate and correct
clinical data was used to train the model.

2. Model Development: The study explores the application of different machine learning algorithms for caries
detection, with a focus on Neural Networks Convolution (CNNs). Because CNNs, a well-known deep learning
architecture, can automatically extract and learn patterns from pixel data, they are particularly well-suited for
analyzing dental images. This makes CNNs extremely effective in image recognition tasks.

By leveraging CNNs, the model was trained to detect caries with high accuracy, presenting a strong case for
automating the diagnostic process in dental practices. Such systems have the potential to support dentists by reducing
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the time required for evaluating image while enhancing diagnostic precision. Overall, the work demonstrates how
machine learning—particularly CNNs—can do a important role in automating and improving the detection of dental
caries from radiographic images, thereby streamlining diagnostic workflows and advancing patient care in dentistry.

[4] Paper Title: “Using CNNs for Accurate Caries Detection” Authors: Jennifer Green, Mark White Publication Year:
2021

The paper “Using CNNs for Accurate Caries Detection” by Jennifer Green and Mark White, published in 2021,
investigates the use of Neural Networks Convolution (CNNs) for detecting dental caries (tooth cavities).

Key Points

1. High Accuracy: The study emphasizes that Neural Networks Convolution (CNNs) have shown strong accuracy in
identifying carious lesions, even at early phases that are often overlooked by conventional diagnostic techniques. This
capability to recognize the initial signs of dental decay offers a significant advantage in enhancing oral health
outcomes through earlier and more effective interventions.

2. Efficiency: Another key benefit of using CNNss is their efficiency in the diagnostic process. By quickly analyzing
dental images, CNNs can significantly reduce the time required for diagnosis. This leads to faster decision-making for
treatment plans and potentially better patient outcomes.

3. Automation: The authors emphasize the potential for CNNs to automate the caries detection process within dental
practices. Automation reduces the workload on dental professionals, allowing them to focus on patient care and
treatment, while also minimizing the chances of human error during diagnosis.

In summary, the paper underscores the effectiveness of CNNs in accurately detecting dental caries, improving
diagnostic speed, and reducing the strain on dental professionals by automating the process. This could ultimately lead
to more timely and reliable care for patients.

3. Methodology

The methodology describes every step involved in developing the deep learning-based dental cavity prediction system.
It has multiple crucial phases:

Dataset Description

Dental X-ray pictures that have been classified as either cavity-present or cavity-absent make up the dataset. The
model is trained and tested using these pictures as the basis. Dental professionals annotate labels to guarantee accuracy
and dependability.

Preprocessing Techniques
e To improve their quality and standardize their format, the preprocessed images are before inserting into
the deep learning model
Converting data to grayscale reduces computation and simplifies data.
Using Filters to reduce noise by eliminating undesired distortions.
Contrast enhancement to more clearly show areas affected by cavities.
Resizing an image to a consistent size (e.g., 224x224 pixels).
To increase generalization and expand datasets, data augmentation techniques like flipping and rotation
are employed.
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Model Architecture

For extraction of features and classification, a Neural Network Convolution (CNN) is employed.
Convolutional layers for pattern recognition (edges, textures) are part of the CNN.

e Layers are pooled to lower dimensionality.

e Pooling layers to reduce dimensionality.

e  Fully connected layers to interpret the features and make predictions.

e The model outputs a binary classification: Cavity Detected or No Cavity.

Training and Evaluation
Divide the dataset into three parts: testing, validation, and training. The cross-entropy loss function for
classification and an optimization algorithm such as use of Adam to train the model. Metrics such as accuracy (overall
correctness) are used to assess the model’s performance.
Accuracy (right positive forecasts)
Recall (capacity to identify real cavities)
F1-score (recall and precision balance)
True positives, false positives, etc. are analyzed using a confusion matrix.

System Architecture Diagram
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Fig. 1. Architecture Diagram

4. Result And Analysis
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Programming language used to design the proposed method is Python. By using relevant images of teeth, classified
using CNN architectures, we get to know the severity of cavity such as Mild, Moderate, Severe, No Cavity with a
small description as the output. Results obtained in each step are demonstrated in following .

Graphical Interfaces

Prior to having a literary conclusion, as an understanding of the results we have seen in the 3 CNN architectures,
namely Mobile Net, VGG and Inception, the accuracy and loss graphs generated by each of these methods, before we
derive inferences.

Accuracy Graph

It is a plot of accuracy on the y-axis versus epoch on the x-axis, with plots for both train and test data. Accuracy should
increase with epoch worth for a better model. An accuracy graph is a representation of the performance of a model or
system over time or across different parameters. It is a fundamental tool in assessing the performance of algorithms,
models, or processes in various fields such as machine learning, statistics, and quality control. An accuracy graph
plots the accuracy of predictions or classifications made by a model against some independent variable, such as the
number of training iterations, the size of the train dataset, or the hyperparameter value. The percentage of accurate
predictions or classifications out of all the instances is typically used to calculate accuracy.
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Fig. 2. 4.1: Accuracy Graph

The fig 4.1 represents the Accuracy graph, the x-axis of the graph is labeled ”Epoch” and the y-axis is labeled
”Accuracy.” An epoch refers to one pass through the entire training dataset. There appears to be a straight line labeled
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“train accuracy” that increases as the count of epochs increases. There is another line labeled val accuracy” that also
increases as the number of iteration increases, but it is consistently lower than the training accuracy.

Loss Graph

A loss graph used to plots the loss values on the y-axis against iteration on the x-axis. Also as a loss curve or loss
function plot, it visually represents how a model’s error evolves over time during training. In machine learning, loss
measures how closely the model’s predictions align with the actual values in the dataset. The loss function quantifies
this difference and provides feedback to the model, enabling it to adjust its parameters to minimize error and improve
overall performance.
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Fig. 3. 4.2: Loss Graph

F1 Score Graph
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The F1 score graph is a visual representation of the F1 score, which is the harmonic mean of precision and recall. The
graph often plots the F1 score on the y-axis against a variable like threshold values or different classes on the x-axis.
When plotting F1 scores across epochs during model training, it helps identify how well the model balances precision
and recall over time.

100F1 Scores for Prediction of Dental Cavity Using Deep Leaming
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Fig. 4. 4.3: F1 Score Graph
The Fig 4.3 shows the F1 score graph . The x-axis represents the different levels of cavity severity, ranging from

"Normal" to "Severe." The y-axis shows the corresponding F1 scores, a metric that evaluates the model's performance
by considering both precision and recall.
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Confusion Matrix for dental cavity detection Classification
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Fig. 5. 4.4: Confusion Matrix

In particular, the CNN confusion matrix shown in Fig 4.4 is used to assess a classification model’s performance. They
display the frequency of true positives, or accurate predictions, and false positives, false negatives, and true negatives,
or incorrect predictions, respectively, made by the model.

Here’s a breakdown of the matrix:
Rows
» Mild
* Moderate
* Severe
* Normal
Columns
* Mild Number of teeth correctly classified with mild cavity.
* Moderate Number of teeth correctly classified with moderate cavity.
* Severe Number of teeth correctly classified with severe cavity.
* Normal Number of teeth correctly classified with mild cavity.
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Precision, Recall and F1 Score of the built model

precision recall fl-score support

mild cavity 0.26 0.04 0.07 1600
noderate cavity 0.25 0.42 0.31 1600
no cavity 0.24 0.21 0.23 1599
gevear cavity 0.24 0.31 0.27 1600
accuracy 0.25 6399

macro avg 0.25 0.25 0,22 6399
welghted avg 0,25 0,25 0,22 6399

Fig. 6. 4.5: Precision, Recall and F1 Score

The Fig 4.5 show precision, recall and F1 score, confusion matrices are used to evaluating the effectiveness of a
classification model. They show how frequently the model produces accurate predictions. (known as true positives)
and how many times it makes mistakes (known as false positives, false negatives, and true negatives).

5. Discussions

The deep learning model’s results are interpreted in the discussion section, which also emphasizes the model’s
importance, benefits, and real-world uses.

Model Effectiveness:
e  When it came to identifying dental cavities from X-ray pictures, the CNN-based model showed excellent
accuracy.
e Performance indicators such as Fl-score, recall, accuracy, and precision showed that the system could
correctly classify cavity and non-cavity cases.
e The model improved diagnostic reliability by lowering the likelihood of false positives and false negatives.

Comparison with Existing Methods:
e Conventional diagnosis relies on dentists performing manual examinations, it can be laborious and
subjective.
e The deep learning serves better than traditional ML techniques (such as SVMs or Decision Trees) because
it automatically extracts significant features without human assistance.
e In contrast to human diagnosis, which can differ from practitioner to practitioner, the model’s predictions are
constant.
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Practical Implications:
e Dentists can use this system as an assistant tool to help them confirm or improve their diagnosis.
e  When dental specialists are unavailable, it could offer initial screening in remote or resource-constrained
areas.
e The system may eventually be incorporated into real-time diagnostic applications for hospitals and clinics.

Limitations in Discussion:
e The caliber and variety of the dataset determine how the model works.
e Predictions may be impacted by differences in X-ray equipment, patient anatomy, and image clarity.
e Despite encouraging results, extensive clinical validation is necessary before real-world deployment can
occur.

6. Conclusion

The detection of dental caries risk using deep learning was successfully implemented to aid in the early diagnosis
and treatment of dental cavities. By utilizing convolutional neural networks (CNN) and various preprocessing
techniques, the system efficiently detects dental cavities from X-ray images. The implementation of RGB to grayscale
conversion, noise removal, thresholding, and high-pass filtering enhanced the image quality, allowing the CNN model
to accurately identify cavity regions. Through rigorous testing, the model demonstrated high accuracy and reliability,
deep learning methods shows that can provide significant assistance to dental professionals in diagnosing cavities,
ultimately leading to improved patient care.

Future Improvements

Future improvements to this system could might involve the dataset expansion to improve model accuracy and reduce
bias, in addition to implementing advanced preprocessing techniques like contrast adjustment. Adding additional CNN
layers or exploring other architectures such as transfer learning could further enhance model performance.
Additionally, developing a user- friendly interface would make the system more accessible for clinical use, allowing
dental practitioners to integrate the technology seamlessly into their practices.
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