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Abstract— The primary cause of tooth loss is dental caries, a
bacterial illness that progresses over time. Poor dental hygiene is
the cause of this, as it also contributes to several dental disorders.
Early caries diagnosis with the use of tele-dental systems will be
very beneficial for children's oral health care. Because teeth that
have extensive caries may need to be extracted due to infection and
pain. Therefore, the researchers' main focus is the early diagnosis
and detection of these caries. In dentistry, soft computing
approaches are widely employed to simplify diagnostics and
shorten diagnosis times. The goal of this study is to use digital color
images to identify dental cavities early on, allowing for simple and
efficient treatment. This classification is also appropriate for
telemedicine, since in the proposed work, we will be implementing
a teleinformatics oral health care system using the convolution
neural network (CNN) deep learning model. We have trained
several CNN models using deep learning. A binary dataset
containing photos with dental caries and those without has been
used for testing and training. It highlights how accurate CNN
models are at classifying data.

Keywords— convolution neural network (CNN), dental caries,
deep learning, soft computing

|. INTRODUCTION

Dental caries, also called tooth decay, is a common oral illness
brought on by the fermentation of carbohydrates in the mouth
by bacteria. Effective treatment and prevention of dental caries
depend on early identification of additional harm to the tooth's
structure. The accuracy and sensitivity of conventional caries
detection techniques, like as visual inspection and radiographic
imaging, are constrained. The use of neural network technology
to increase the precision and effectiveness of dental caries
diagnosis has gained popularity in recent years. One kind of

machine learning algorithm that draws inspiration from the
composition and operations of the human brain is the neural
network. They can learn from vast volumes of data and identify

patterns that human specialists might find difficult to identify.
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Fig.1.1 Pie Chart depicting dental caries between ages 1-6

A Existing Methodology

Strong yet flexible supervised machine learning methods
and support vector machines (SVMs) are employed for both
regression and classification. However, they are usually used in
classification problems. The implementation of SVMs differs
from those of other machine learning algorithms. Their ability
to handle several continuous and categorical variables has led
to their recent surge in popularity. A multidimensional
hyperplane representing several classes is all that an SVM
model is. To cut down on errors, the SVM will create the
hyperplane repeatedly. SVM seeks to identify a maximum
marginal hyperplane (MMH) by classifying datasets.
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Fig.1.1 SVM model

The SVM algorithm is not well-suited for handling large data
sets. SVM performs poorly when there is greater noise in the
data  set and the target  classes overlap.
When there are more features per data point than there are
training data samples, the SVM will not work well.
Because the support vector classifier positions data points
above and below the classifying hyperplane, there is no
probabilistic basis for the classification. SVM classification
will be laborious even if the kernel approach is used because of
its high computational cost and the previously described
reasons for the processing time lag. Thus, it will take a while to
train the datasets itself.

B. Proposed Methodology

Using eight distinct preprocessing techniques, the accuracy of
feature extractionwas increased. Before the image is converted
to grayscale, its RGB values are retrieved. Computational
systems called CNNs are created specifically with pattern
recognition in mind. CNN is involved in several industries,
including healthcare, and plays a significant part in the
diagnosis of photos taken when a disease is still in its early
stages. To bring out the features of the affected area in the
grayscale image, a sharpening filter is employed. There will be
an addition of advanced features including skewness, knots,
and entropy. to finally obtain voice notes according to the
stages of caries.

Fig.1.2 A Dental Caries affected tooth

In numerous benchmark datasets and competitions, CNNs have
demonstrated improved performance in image classification,
object detection, and semantic segmentation—often surpassing
SVMs. The dataset was split up into 20% for testing and
validation and 80% for training. CNNs can be trained to do a

variety of tasks by fine-tuning pre-trained models or changing
the architecture. Their versatility across various applications
stems from their adaptability, while SVMs necessitate
meticulous feature engineering. For high accuracy, the data
augmentation method multiplies the photos during the training
stage. CNNs use several layers to generate hierarchical feature
representations. Convolutional layers extract features of shape,
color, and texture. They can obtain both high-level and low-
level features as a result, improving their ability to discriminate
and generalize. Because CNNs can do end-to-end learning,
there is less chance of information loss or errors because they
can take raw input data and output the final classification or
prediction without the need for intermediate processing steps.
I.LITERATURE REVIEW

In recent years, machine learning methods have been widely
used in various fields, such as finance, spatial sciences, smart
grid, intelligent transportation, renewable energy, agriculture,
and especially medicine. In the era of big medical data, the
advantage of machine learning is that it can predict and
diagnose through the analysis of a large number of clinical data,
and its performance is very close and competitive to or even
better than the performance of clinicians. This article focuses
on the application of machine learning techniques in the field
of stomatology and detailedly describes application cases
involving oral cancer, dental caries, periodontitis, dental pulp
diseases, periapical lesions, oral implants, and orthodontics.
Finally, the research obstacles and future work are discussed

[1].

The current research has shown a high prevalence and
incidence of children's teeth caries, especially for the first
permanent molar, which might do a lot of harm to their general
health. Fortunately, early detection and protection can reduce
the difficulty of treatment and protect children's oral health.
However, traditional diagnostic methods such as dentist's visual
inspection and radiographic imaging diagnosis are non-
automatic and time-consuming. Given the COVID-19
epidemic, these methods should not be taken into consideration,
since they fail to practice social distancing and further increase
the risk of infection. To address these issues, in this paper, we
propose a novel caries detection and assessment (UCDA)
framework to achieve a new technique for fully automated
diagnosis of dental caries on the children's first permanent
molar. Inspired by an efficient network feature pyramid and
anchor boxes, the proposed UCDA framework mainly contains
a backbone network that is initialized with ResNet-FPN and
two parallel task-specific subnetworks for region regression
and region classification [2].

An Artificial Intelligence system was developed that detects
cavity presence in photographs and visually explains the
rationale behind each diagnosis. While previous systems only
detected cavities on one extracted tooth showing one tooth
surface, this study’s system detects cavities on photographs
showing multiple teeth and four tooth surfaces [3].
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This research provided a mixed dataset of dental photographic
(colored or Xray) images, instantiated a deep learning approach
to enhance the existing dental image carious regions’
localization procedure, and implemented a full-fledged tool to
present carious regions via simple dental images automatically

[4].
I1l.METHODOLOGY

As a result, we are feeding CNN classifiers with the dental
caries image. Using various layers, CNN may generate output
that is classed as caries, healthy control, and moderate
cognitive. In machine learning, artificial neural networks
perform astonishingly well. Different neural network types are
used for different kinds of jobs. For instance, convolutional
neural networks are used to classify images, whereas recurrent
neural networks—more precisely, an LSTM—are used to
anticipate the sequence of words. In this, we're going to design
a core building component for CNN. A convolutional neural
network may have one or more convolutional layers. The
number and complexity of the data dictate the number of
convolutional layers required.

Before exploring the specifics of neural networks,
let's first recap the fundamental ideas of Neural Networks with
Convolution. A typical neural network consists of three types
of layers:

1. Input Layers: This layer is where we feed data into our
model. The total number of features in our dataset is equivalent
to the number of neurons in this layer (or, in the case of an
image, the number of pixels).

2. Hidden Layer: The input layer sends data to the hidden layer.
There might be a lot of hidden levels, depending on our model
and the amount of data. Each buried layer may have a different
number of neurons, but overall, there are usually more neurons
than features. By multiplying the output of the layer before it
by its learnable weights ina matrix, adding the learnable biases,
and calculating the activation function, each layer's output is
calculated, so  making the  network  nonlinear.

3. Output Layer: The output from the hidden layer is passed
into the output layer, which uses a logistic function like sigmoid
or softmax to translate the output of each class into probability
ratings for each class.

The data is then fed into the model, and the output of each
layer is subsequently obtained. This procedure is called feed-
forward. We move on to the following stage after identifying
the issue using an error function. After that, we backpropagate
into the model and compute the derivatives. Effectively, loss is
reduced by the process of backpropagation. Image processing,
classification, segmentation, and other auto-correlated data are
the main uses for a convolutional neural network (CNN), which
consists of one or more convolutional layers. A convolution can
be thought of as a filter that is dragged over an input.
Convolutions can be conceptualized well by using the comment
made by Dr.Prasad Samarakoon that "a convolution can be

thought of as looking at a function's surroundings to make
better/accurate predictions of its outcome.” Examining more
focused regions of the picture rather than the entire thing to find
particular details can yield better results. CNNs are most
commonly used for image classification, e.g., to classify
handwritten characters and numbers or identify roadways in
satellite photographs. Apart from these routine tasks, CNNs are
also very good at signal processing and image segmentation.
Recurrent neural networks (RNNs) are widely used in CNNs,
which are utilized for natural language processing (NLP) and
have been applied to speech recognition comprehension.

Padding:

There are a lot of ways to deal with edge pixels:

- Padding with zero-value pixels

- Losing edge pixels

- Reflection padding

The best technique is reflection padding, which increases the
number of pixels needed for the convolutional kernel to process
edge pixels by copying pixels from the image's edge. For a 3x3
kernel, you need to add one extra pixel to the outside, and for a
7X7 kernel, you need to reflect three extra pixels. The amount
of pixels surrounding each side of the measurement is used to
divide it in half and round it down. Research journals usually
merely ignore the edge pixels, which leads to a 36-percent data
loss that becomes worse with the number of deep convolutional
layers.

Strides:

A stride two convolution, in which the convolutional kernel
travels over two pixels at a time, is more frequently used than a
stride one convolution. For example, our 3x3 kernel would
halve the size of the output channel/feature map by starting at
location (1, 1), moving to (1, 3), then to (1, 5), and so on. The
ceiling of width w/2, height h/2, and depth 1 would arise from
an input of width w, height h, and depth 3 because the padding
causes the kernel to produce a single summed output from each
stride.

GREY LEVEL CO-OCCURRENCE MATRIX (GLCM):

Simplifying the number of resources needed to accurately
describe a big collection of data is the goal of feature extraction.
When executing an analysis of intricate data The quantity of
variables at play is one of the main issues. Generally speaking,
analysis involving a lot of variables needs a lot of memory and
processing capacity, or else the classification method overfits
the training set and performs badly on fresh data. The phrase
"feature extraction" refers broadly to techniques for creating
variable combinations that circumvent these issues while still
providing an accurate enough description of the data. Few
architectures incorporate onboard textural feature extraction,
even though the texture is important for image analysis and
pattern identification. This article formulates a Grey-level co-
occurrence matrix to derive statistical texture properties. It is
possible to extract several texture features from the GLCM.
There are just four second-order properties that are computed:
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entropy, correlation, inverse difference moment, and angular
second moment. The high discrimination accuracy needed for
motion picture estimates is provided by
these four measurements.

Angular Second Moment:

Angular Second Moment is also known as Uniformity or
Energy. Itis the sumofsquares of entries inthe GLCM Angular
Second Moment that measures the image homogeneity.
Angular Second Moment is highwhen the image has very good
homogeneity or when pixels are very similar

Ng—1 Ng—1

DI IE
j=0

S e -equation 1
Where i, j are the spatial coordinates of the function p (i, j), Ng
is the gray tone.

Inverse Difference Moment:

Inverse Difference Moment (IDM) is the local homogeneity.
It is high when the local gray level is uniform and the inverse
GLCM is high.
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-equation 2

IDM weight value is the inverse of the Contrast weight

Entropy:

Entropy shows the amount of information on the image that is
needed for image compression. Entropy measures the loss of
information or message in a transmitted signal and also
measures the image information.

Ng—-1Ng—1
_Pl'j * 'EU.':;-PU'
ENTROPY = (=0 j=0 )

-equation 3

Correlation:

Correlation measures the linear dependency of grey
levels of neighboring pixels. Digital Image Correlation is an
optical method that employs tracking & and image registration
techniques for accurate 2D and 3D measurements of changes in
images. This is often used to measure deformation,
displacement, strain, and optical flow, but it is widely applied
in many areas of science and engineering. One very common
application is for measuring the motion of an optical mouse.

Ng-1 Ng-1

> E (L NP0 ) = p

a0 ad
E

Comelation 2

-equation 4

Texture Analysis Using the Gray-Level Co-Occurrence
Matrix (GLCM):

The statistical method of examining texture that considers the
spatial relationship of pixels is the gray-level co-occurrence
matrix (GLCM), also known as the gray-level spatial
dependence matrix. The GLCM functions characterize the
texture of an image by calculating how often pairs of pixels
with specific values and in a specified spatial relationship occur
in an image, creating a GLCM, and then extracting statistical
measures from this matrix. (The texture filter functions,
described in Texture Analysis cannot provide information
about shape, i.e., the spatial relationships of pixels in an
image). After you create the GLCMs, you can derive several
statistics from them using the graycoprops function. These
statistics provide information about the texture of an image.
The following table lists the statistics.

Statistic Description

Contrast Measures the local variations in the gray-level co-occurrence matrix.
Correlation Measures the joint probability occurrence of the specified pixel pairs.
Energy Provides the sum of squared elements in the GLCM. Also known as

uniformity or the anqular second moment.

Homogeneity Measures the closeness of the distribution of elements in the GLCM to the
GLCM diagonal.

HISTOGRAM EQUALIZATION:

Histogram equalization is a method in image processing
of contrast adjustment using the image's histogram.

T

Histograms of an image before and after =
equalization

Fig.3.1 A Histogram of an image

This method usually increases the global contrast of many
images, especially when the usable data of the image is
represented by close contrast values. Through this adjustment,
the intensities can be better distributed on the histogram. This
allows for areas of lower local contrast to gain a higher contrast.
Histogram equalization accomplishes this by effectively
spreading out the most frequent intensity values. Histogram
equalization often produces unrealistic effects in photographs;
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however, it is very useful for scientific images like thermal,
satellite, or x-ray images, often the same class of images to
which one would apply false color. Also, 17 histogram
equalization can produce undesirable effects (like visible image
gradient) when applied to images with low color depth. For
example, if applied to the 8-bit image displayed with an 8-bit
gray-scale palette it will further reduce the color depth (number
of unique shades of gray) of the image. Histogram equalization
will work the best when applied to images with much higher
color depth than palette size, like continuous data or 16-bit
gray-scale images.

Back projection:

The process of applying the updated histogram back to the
original image, which serves as a lookup table for pixel
brightness values, is known as the back projection (or "project")
of a histogrammed image. The function assigns the histogram
bin value to the destination image, where the coordinates of the
bin are determined by the values of pixels in this input group,
for each group of pixels collected from the same point from all
input singlechannel images. Statistics-wise, the value of every
pixel in the output image represents the likelihood that the
matching group of input pixels is a part of the item whose
histogram is being used.

Histogram equalization of color images :

The above describes histogram equalization on a grayscale
image. However, it can also be used on color images by
applying the same method separately to the Red, Green, and
Blue components of the RGB color values of the image.
However, applying the same method on the Red, Green, and
Blue components of an RGB image may yield dramatic changes
in the image's color balance since the relative distributions of
the color channels change as a result of applying the algorithm.
However, if the image is first converted to another color space,
Lab color space, or HSL/HSV color space in particular, then
the algorithm can be applied to the luminance or value channel
without resulting in changes to the hue and saturation of the
image. There are several histogram equalization 18 methods in
3D space. Trahanias and Venetsanopoulos applied histogram
equalization in 3D color space However, it results in
"whitening" where the probability of bright pixels is higher than
that of dark ones.

SOFTWARE DESCRIPTION:

MATLAB® is a high-level technical computing language and
interactive environment for algorithm development, data
visualization, data analysis, and numerical computation. Using
MATLAB, you can solve technical computing problems faster
than with traditional programming languages, such as C, C++,
and Fortran. Matlab is a data anal ysis and visualization tool that
has been designed with powerful support for matrices and
matrix operations. As well as this, Matlab has excellent
graphics capabilities and is a powerful programming language.

IV. EXPERIMENTAL RESULTS

This section aims to provide you with an overview of the
research and its processes.

1. Setting the Stage: Image Format and Preprocessing

The X-ray images, serving as the foundation for analysis,
typically exist in formats like DICOM or PNG. These formats
encapsulate crucial information like pixel depth and resolution,
enabling accurate representation of the dental landscape.

Preprocessing plays a crucial role in optimizing these images
for subsequent analysis. Techniques like grayscale conversion
unify color variations, while normalization ensures consistent
pixel intensity across diverse images. Noise reduction filters,
such as Gaussian blurring, eliminate specks and artifacts,
enhancing clarity and facilitating feature extraction. These
preprocessing steps pave the way for robust analysis by the
heart of the system — the Convolutional Neural Network
(CNN).

2. The Powerhouse: Convolutional Neural Networks
(CNNs)

CNNs, inspired by the biological visual cortex, excel at
extracting meaningful features from images. In your project,
the CNN acts as a multi-layered feature extractor, meticulously
dissecting the pre-processed image.

e Convolutional Layers: These layers apply learned
filters, akin to specialized lenses, to identify patterns
and edges within the image. Each filter focuses on
specific features, like textures or shapes, building a
hierarchical understanding of the image.

e Activation Functions: Following
convolutions, activation functions, like
ReLU, introduce non-linearity, allowing the network
to learn complex relationships between features.

e Pooling Layers: These layers downsample the
extracted information, reducing computational cost
and preserving essential spatial relationships between
features.

Through this series of operations, the CNN gradually
transforms the raw image into a high-level representation,
capturing critical information about the teeth and potential
caries lesions.

3. Demystifying the Interface: Connecting Image
Processing and CNNs

Now, let's connect the dots and understand how these technical
elements contribute to the user experience:

e Loading the Image: When a user uploads an X-
ray, the interface converts it to a suitable format and
initiates preprocessing, ensuring compatibility and
optimal data preparation for the CNN.
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e Visualization: Pre-processed images may be visually
presented, allowing the user to assess image quality
and confirm proper loading.

e Behind the Scenes: The pre-processed image is fed
into the trained CNN, which extracts salient features
indicative of caries.

e Classification and Visualization: Based on the
extracted features, the CNN classifies each tooth as
healthy or carious. This information is translated back
into the visual domain, highlighting suspected lesions
on the original image or presenting a separate
classification map.

4. A Powerful Combination for Enhanced Diagnosis

By weaving together image processing techniques and the
robust feature extraction capabilities of CNNSs, your project's
interface offers a powerful tool for caries detection. By
understanding the technical underpinnings, we appreciate the
intricate dance between algorithms and data, ultimately leading
to a clearer picture of dental health.

Fig.4.1 The detection of caries

This above image is the result of the process which consists of
the edges, the median filtered image, the histogramimage, etc

A. Model Accuracy

e "The 99% accuracy achieved by this project suggests
its capability to significantly improve early detection
of dental caries, potentially leading to better patient
outcomes."

e "Witha 99% accuracy rate, this project holds immense
promise for transforming dental care by enabling more
precise and timely caries diagnosis."

e "The project's high accuracy of 99% paves the way for
real-world applications in dental clinics, potentially
improving oral healthcare for countless individuals."

V.CONCLUSION AND FUTURE ENHANCEMENT

To sum up, the thorough investigation of neural networks,
particularly. The use of Convolutional Neural Networks (CNN)
to identify dental caries has great potential to advance oral
healthcare. This creative method has the potential to bringin a
new age of dental care that is marked by increased efficiency
and accuracy in the identification of dental caries.

The application of CNNs in this field opens the door to a
revolutionary influence,

The goal of this study is to greatly improve dental caries
detection accuracy by utilizing CNNs. CNNs' automated
feature learning capabilities, especially when used to image
data, allow for the very accurate diagnosis of subtle, early-stage
caries. This higher accuracy translates into a more proactive
and dependable method of diagnosis application to dental
caries detectionis a natural fit for tele-dentistry's objectives,
which include expanding access to high-quality oral
healthcare for a larger population. This technology  can
help underserved or remote areas since it makes remote
diagnosis and consultation possible, which
will ultimately improve oral health outcomes for a variety of
communities. The versatility of CNNs allows  them to be
applied to a wider range of dental imaging tasks, opening up
new possibilities for the field of dentistry. These networks can
be adjusted or expanded to handle

more dental disorders and difficult diagnostic situations.  All
things  considered, the thorough investigation of  neural
networks, and more especially CNNs, to detectdental
caries represents a major advancementin oral healthcare.
ltoffersa  paradigmshift by utilizing state-of-the-
art technology to improve early intervention,
increase diagnostic accuracy, and raise the standard of oral
healthcare provided to people worldwide. This innovative
approach goes beyond mere improvement. It represents a
paradigm shift, where machine learning's prowess becomes a
partner in diagnosis. CNNs' ability to autonomously learn
features from vast image datasets translates into unparalleled
precision in detecting even the subtlest, early-stage caries
lesions. This enhanced accuracy fuels a more proactive and
dependable diagnostic approach, catching potential issues
before they escalate. the rigorous exploration of neural
networks, particularly CNNs, for dental caries detection
signifies a momentous leap forward in oral healthcare. It offers
a transformative path towards early intervention, heightened
diagnostic accuracy, and ultimately, elevated standards of care
for people worldwide. This journey, however, is just beginning.
As we delve deeper into the potential of Al-powered dentistry,
we stand poised to unlock a future where advanced technology
empowers professionals and empowers patients, forging a
brighter, healthier smile for all.
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