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ABSTRACT
If it is not addressed, several oral issues can arise from dental caries, one of the most prevalent oral disorders.
However, access to professional dental care is often limited, particularly in underserved communities. Our
proposed AI-based solution empowers individuals to monitor their oral health and detect early signs of cavities.
Children are particularly susceptible to pits and caries in permanent molars, which mostly arise in the cavities
on the occlusal, buccal, and palatal surfaces of molars. To address this challenge, we propose developing an AI-
powered solution that utilizes smartphone cameras to capture and analyze dental images for cavity detection.
This research enables image processing techniques and computer vision algorithms to identify and classify
various cavities, including early-stage lesions and enamel defects. Using the Teeth Cave Convolutional Neural
Network (CAVTee-CNN), which was particularly designed for dental cavity detection, we were able to
minimize information loss during the preprocessing of images. This custom network was developed through
extensive experimentation with convolutional layers, activation functions, and pooling mechanisms adapted to
highlight dental features. The CAVTee-CNN Model enhances both efficiency and accuracy; it yields the best
result of 85.2. By providing timely and accurate cavity detection, the application can empower users to make
informed decisions about their oral health and seek appropriate dental care when necessary.
Keywords
Convolutional Neural Network, Deep learning, Image processing, Object detection, Teeth Cave
Convolutional Neural Network (CAVTee-CNN), Preventive Fluoride Treatments
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Introduction

Dental decay is a common dental illness that
needs to be treated early to prevent more
serious consequences. World Health
Organization (WHO) estimates that dental
problems affect over 3.5 billion people globally.
Dental caries affects 530 million children's
primary teeth. Due to its high cost, universal
health coverage usually does not cover oral
health treatment (UHC). In most wealthy
countries, dental treatment makes up 20% of
out-of-pocket medical expenses and an average
of 5% of total health spending [1]. With the
help of a teeth cavity detection system, dentists
can easily organize and analyze dental images,
from initial examination to diagnosis, as shown
in Fig. 1. Dental platforms have shown a rapid
increase in usage. For example, the number of
dental images processed by the system
substantially surged from a hundred thousand.
Over the past ten years, machine learning and
neural networks in particular have advanced
significantly, outperforming humans on several
tasks, including breast cancer diagnosis and the
ImageNet image classification test [2]. Neural
networks are also increasingly used in dentistry
[3]. They have been utilized, among other
things, to find dental cavities in pictures,
periapical radiographs, bitewings, and
orthopantomograms [4]. This technique can
act as a second reader, offering a separate
evaluation of the image and allowing dentists to
double-check their choices. In addition to
lowering the likelihood of caries being missed,
the automated approach may be utilized to
ascertain the location of caries for educational
or dental documentation purposes [5].
An increase in the number of dental exams and
more accurate diagnoses is likely to result from
the system's ability to facilitate remote image
analysis, which broadens the system's reach and
visibility. Incorporating knowledge and
experience, we investigate the circumstances in
which dentists will use the online-posted image
analysis, and we show that dentists' preferences

differ [6]. When it comes to logistical and
physical limitations, online dental image
analysis has done away with proximity,
preparation time, space, and a narrow target
audience. However, there are a lot of new
opportunities for errors in the digital age.
Misinterpretation, promotion of incorrect
diagnoses, and lack of accuracy are all examples
of issues that can happen before, during, or after
a diagnosis. Another kind of issue can happen
when a dentist fails to interpret an image
accurately [7]. The topic of much research has
been the occurrence of errors before and after
diagnoses. Modeling dentist behavior has been
the primary focus of prior digital dental
research. This study has concentrated on topics
such as image analysis period, image attributes,
motivation to diagnose, competitive advantage,
and format. What drives dentists to use online
image analysis has received less empirical
attention in the aforementioned literature.
Further research is advised, both empirical and
theoretical, to clarify how dentists behave when
diagnosing dental images. Accuracy, speed, and
usability in the dental marketplace have all
increased at an exponential rate. In the years to
come, this tendency is anticipated to pick up
speed [8]. An integral part of the dental
marketplace, which makes use of image analysis
techniques, is online image analysis mechanisms.
Everyone from dental organizers to dentists
and patients. The goal of the system is to keep
user information secure, prevent errors, and
keep the system up and running with little
downtime.
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Fig 1. Dental imaging modalities

1.1 Intra Oral

In short, intraoral imaging equipment is used to
capture radiography images that are viewable
on a computer or tablet. To obtain radiography
images, one must expose oneself to X-rays, a
procedure known as direct optical imaging [9].
Intraoral imaging technology simplifies the
process of capturing high-quality dental photos
for patients and providing them with visual
information in a timely and efficient manner.
The parallel technique is the best exposure
strategy for intraoral camera systems. A film is
wrapped around the patient's teeth and
positioned parallel to its axis in the parallel
procedure.

1.2 Extra Oral

The films in these radiographs are positioned
outside of the mouth cavity, and the beam is
pointed in its direction. When there are
clinically relevant lesions present, this type of
radiography can be used to evaluate variations
of the jaw, face bones, hard tissue growth,
developmental anomalies, fractures, and the
joint between the jaws [10].

1.3 CNN

It is an element of deep learning algorithms that
are specifically designed for image analysis.
This algorithm is capable of overfitting because

it is a fully linked network that draws
inspiration from nature. Nonetheless, one of
CNN's main advantages is that this method
needs minimum pre-processing [11].

2 Literature review
In the context of the medical field, patient
health records are crucial [12]. The recorded
medical information could serve as a guide for
the physician in deciding on the best course of
action and in providing the patient with timely,
advanced treatment information to improve
their health. Using an ineffective paper note
system to frequently store medical data
recording is a widespread best practice in
Indonesia [13]. The lack of cavitations was
more accurately diagnosed by CAVTee-CNN.
Both diagnostic categories play a significant
role in minimally invasive surgery. Children
between the ages of seven and twelve should
use pit and fissure sealants to keep their molars
from developing cavities [14]. Dental caries,
one of the oral health problems that affects
about 3.5 billion people worldwide, must be
examined by a dentist. By localizing and
processing either colored photos or X-ray
pictures captured by specialized dental
photography cameras, the automated methods
find and identify different regions from dental
images [15]. According to the findings of
China's fourth oral health epidemiological study
(1), the country's caries rate for permanent teeth
was 89.0% for those aged 35–44, 95.6% for
those aged 55–64, and 98.0% for those aged 65–
74 [16]. Because of its high metrics, YOLOv5
is suggested as a priority deep network for
caries detection among those that have been
studied [17]. Yolov5 with the bigger backbone
and RetinaNET [18] with the
SwimTransformer backbone were the top-
performing designs. The comparison study is
displayed in Table 1 below.
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Table 1. Comparison study
Research
Papers Algorithm Technology Result

[19]
Deep learning

algorithms used for
caries detection.

Neural networks
and AI-based
techniques in
dental imaging
for caries
detection.

It draws attention
to the difficulties

with data
accessibility and

model
generalisation as
well as the

efficiency of deep
learning in
precisely

identifying dental
cavities.

[20] (MPCA) with weight
optimization using

Non-Linear
Programming.

Feed-forward neural
Network trained with
Adaptive Dragonfly
Algorithm (ADA).

Image Processing
and Neural
Networks.

It proposes a new
method (MPCA-
ADA) for caries
detection and
claims it might
outperform

existing methods.

[21] It includes traditional
image processing

techniques and modern
machine learning-based

approaches.

Digital imaging
(e.g., X-rays) and
deep learning
models

It highlights how
well deep learning
techniques work
to increase dental
caries detection
efficiency and
accuracy.

[22] Visual inspection of
teeth using codes of
different lesion

severities on various
surfaces.

It relies on visual
inspection only.

It enables dentists
to detect and
manage cavities
more effectively
by allowing early
detection of non-
cavity lesions.

[23] It focuses on using a
noise-filtering

algorithm for detecting
children's molars.

Noise reduction
techniques in
imaging to
enhance.

It demonstrates
improved accuracy

in detecting
children's molars
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by applying noise-
filtering methods.

[24] No Specific Algorithm
was Mentioned.

Visual
Inspection,
Optical

Techniques,
Fluorescence, and

laser light.

This research
aimed to develop

advanced
diagnostic

methods for early
caries detection,
meeting industry
and clinician
interests.

[25] Segmentation using k-
means clustering,

feature Extraction, and
selection classification

using multiple
classifiers

Digital
Photography

Image Processing
Operations

The research
presents a fully
automated system
for diagnosing
occlusal caries

using color photos
captured via

photography and
aligns with the
international
caries detection
and assessment
systems (ICDAS

II)

Our Proposed
Method

A custom CNN model
designed for the

detection of cavities and
pits

Deep Learning
with Custom
Image Dataset.

It Utilizes a
combination of
internet-sourced
and self-captured
images, labeled for
training. Achieves
an accuracy range
of 85-90% in

object recognition
tasks,

demonstrating
robust

performance.

3 Methodology
Researchers utilized a dataset of 3000 normal
mobile images, divided into training and testing
sets with a 20/30 ratio. They used the
previously qualified Google Net Inception v3
CNN YOLO, R-CNN network for pre-

processing and transfer learning. Various
performance metrics such as precision, recall,
specificity, positive and negative predictive
values, AUC, and ROC were calculated. The
dataset distribution based on maxillary and
mandibular teeth and their diagnosis of dental
caries was also analyzed. Images were resized to
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416x416 pixels and converted to JPEG format.
In the CAVTee-CNN model, we utilized the
SGD Optimizer to maximize performance. The
custom architecture, specifically designed with
convolutional layers optimized for detecting
cavities and pits, was meticulously trained over
15 epochs, with 32 batches per epoch and a
learning rate of 0.01. Through strategic fine-
tuning, we enhanced the model's focus and
accuracy. As a result, the combined accuracy for
premolar and molar datasets reached 82.0%,
with an AUC of 0.845 for dental caries
prediction.

3.1 Dataset
The teeth datasets from a typical ground data
acquisition were collected for this investigation
from several clinics, as well as from the teeth
Robo-flow datasets. It includes graphics that
depict cavities and non-cavities. The 3942
photos in the dataset were divided into 3468
images used for training and 154 images used
for testing. The dataset snapshot is displayed in
Fig. 2.

Fig 2. Snapshot of the utilized dataset

3.2 Image enhancement and preprocessing
The dataset included images in JPG format. For
validation, 20% of the training set's images were
used, along with a random horizontal flip. To
zoom our model, a random zoom range of 0.2
was employed.

3.3 Justification
The CAVTee-CNN architecture was chosen
specifically for its ability to meet the demands of

caries detection, where speed, accuracy, and
compact model size are essential. These factors
are especially important for running efficiently
on edge devices, which have limited resources
for processing, filtering, and storing data.
To improve how information flows through the
network, CAVTee-CNN uses a custom feature
extraction method that boosts the way low-level
features move through the layers. We've also
implemented adaptive feature pooling, which
helps carry important information from one
layer to the next, improving the model's ability
to accurately detect cavities, even when they’re
small or difficult to spot.
For detecting caries of different sizes, CAVTee-
CNN generates feature maps at multiple scales,
enabling the model to recognize small, medium,
and large cavities with precision. This multi-
scale detection capability allows CAVTee-CNN
to handle the varying sizes of tooth decay
effectively, making sure it can pick up on even
the smallest features while maintaining
accuracy across the board.

3.4 The deep convolutional neural network
algorithm’s architecture

10 layers make up the sequential model we have
developed. Fig. 3 displays the model's
architecture. The training dataset was subjected
to 49 epochs and a learning rate of 0.001.

Fig 3. CNN model layers
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Layer 1- uses a Conv2D layer with an input
shape of (150, 150, 3) and "real" activation.
Layer 2- uses a pooling layer with a pool size of
(2, 2).
Layer 3- uses a dropout layer with a value of
0.5.
Layer 4- A Conv2D layer with "real" activation
is employed.
Layer 5- uses the pool size (2, 2) in the pooling
layer.
Layer 6- uses a dropout layer with a value of
0.5.
Layer 7- To flatten the image into a 1-D array,
utilize a flattened layer.
Layer 8- With 256 nodes and "real" as the
activation function, a dense layer is employed.
Layer 9- uses a dropout layer with a value of
0.5.
Layer 10- uses a dense layer with the activation
function "sigmoid."

4 Formulas/ Equations
The primary evaluation parameter that
represents overall performance in the object
detection job is mean Average Precision (mAP)
[26]. We first determine the Precision and
Recall for each category. Prediction accuracy is
measured by precision, while performance in
identifying all positives is shown by recall. The
area under the associated Precision-Recall curve
can be used to determine AP using the 11-point
interpolation technique provided in the
PASCAL VOC challenge. mAP is the mean

value of APs in all categories. The average AP
where the intersection over union (IoU), a
positive threshold, is 0.5, is denoted as mAP@.5.
With a step size of 0.05, mAP@.5:.95 represents
the average AP for IoU between 0.5 and 0.95.
The following formulas provide the
mathematical definitions [26].

Where True Positive (TP), False Positive (FP),
False Negative (FN), and categories (c) are the
abbreviations listed.

5 Model Comparison

Table 2 shows the comparison of the existing
model with the proposed models

ble 2. Comparison with different models

S.n
o

Model Types mAP@0
.05

mAP@0.5:0.
95

1 YOLOv5
[27]

One-
Stage

0.45 0.33

2 EfficientDe
t [28]

One-
Stage

0.52 0.40 18.0

3 RetinaNet
[29]

One-
Stage

0.50 0.37 60.0
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4 Faster
R-CNN
[30]

Two-
Stage

0.42 0.37

5 Mask
R-CNN
[31]

Two-
Stage

0.39 0.34

6 CAVTee-
CNN

Custom
CNN

0.65 0.58

6 Results and discussion
Our Proposed CNN model trained on a
dataset of 3942 dental images (95%
training, 5% testing) achieved good
results in detecting caries for clear
images as shown in Fig. 5. However,
the model's accuracy suffered with
blurry images within the dataset as
shown in Figs 4,6, and 7. This suggests
the need for further exploration of data
augmentation techniques or alternative
CNN architectures to improve
robustness against image blur in dental
caries
detection.

Fig 4. Training and validation losses

Fig 5. Precision-Confidence Curve for
different classes

Fig 6. Precision-Recall Curve for each
class

Fig 7. Recall-Confidence Curve for
various classes

In this work, we created CAVTee-CNN,
a unique convolutional neural network
made especially for dental caries lesion
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detection and segmentation. Drawing
inspiration from established CNN
architectures, CAVTee-CNN integrates
several advanced techniques, including
dilated convolutions and a feature
pyramid network, to enhance its ability
to extract multi-scale features. These
innovations were made to address
unique challenges for dental image
analysis.
Our comparative evaluation of
CAVTee-CNN against traditional U-
shaped networks, which are commonly
used for similar segmentation tasks,
underscores the effectiveness of our
approach. The results indicate that
CAVTee-CNN significantly improves
the accuracy of caries detection and
segmentation.

7 Conclusion
One of the best ways to prevent PFC,
the hyper dental caries that affects
children, is through PFS. Teenagers,
too. A precise and ideal location can
prevent children from missing the best
time for PFS. In this study, we show
how to use CAVTee-CNN, a
proprietary deep learning network, to
detect objects for PFS needs and dental
caries in children's first permanent
molars. We use an applet to distribute
the pre-trained network to mobile
devices. Our detection will aid in a
home pre-screening for children's PFS
needs and doesn't require complicated
procedures or specialized dental
equipment. Following training on the
image data gathered using the applet, it
is anticipated that the model's
performance will continue to improve.
Additional image data may aid in the
investigation of methods for identifying
small objects in low-resolution and dark
photos.

8 References
[1] Salahin, S.M.S.; Ullaa, M.D.S.;

Ahmed, S.; Mohammed, N.;

Farook, T.H.; Dudley, J. One-
Stage Methods of Computer
Vision Object Detection to
Classify Carious Lesions from
Smartphone Imaging. Oral 2023,
3, 176-190.

[2] Majanga, Vincent, and Serestina
Viriri. "A survey of dental caries
segmentation and detection
techniques." The Scientific
World Journal 2022 (2022).

[3] Yan, Zhiwen, et al. "Detection of
Children’s Molars Based on
Noise Filter." (2022).

[4] Hussain, S. M. T., Abro, A. A.,
Ebrahim, M., Daniyal, S. M., &
Ibrahim, H. (2024).
ADVANCED IMAGING
TECHNIQUES IN CT SCANS
FOR EARLY LUNG CANCER
DETECTION USING
NEURAL NETWORKS: A
STUDY OF PAKISTAN’S
HEALTHCARE
SECTOR. Lahore Garrison
University Research Journal of
Computer Science and
Information Technology, 8(4),
12-21.

[5] Rashid, Umer, et al. "A hybrid
mask RCNN-based tool to
localize dental cavities from
real-time mixed photographic
images." PeerJ Computer
Science 8 (2022): e888.

[6] Masood, A., Daniyal, S. M., &
Ibrahim, H. (2025). Enhancing
Skin Cancer Detection: A Study
on Feature Selection Methods
for Image Classification.

[7] Ding, Baichen, et al. "Detection
of dental caries in oral
photographs taken by mobile
phones based on the YOLOv3
algorithm." Annals of
Translational Medicine 9.21
(2021).

[8] Daniyal, S. M., Masood, A.,
Ebrahim, M., Adil, S. H., & Raza,



https://journalofemergingtechnologyanddigitaltransformation.com Syed Muhammad Daniyal*

Journal of Emerging Technology and Digital Transformation
Online ISSN

3006-9726
Print ISSN

3006-9718 Volume . 4 Issue . 2 (2025)

118

K. (2024). An Improved Face
Recognition Method Based on
Convolutional Neural
Network. Journal of
Independent Studies and
Research Computing, 22(1),
103-110.

[9] Ying, Shunv, et al. "Performance
Comparison of Multifarious
Deep Networks on Caries
Detection with Tooth X-ray
Images." Journal of Dentistry
(2024): 104970.

[10]Dayı, B.; Üzen, H.; Çiçek, İ.B.;
Duman, Ş.B. A Novel Deep
Learning-Based Approach for
Segmentation of Different Type
Caries Lesions on Panoramic
Radiographs. Diagnostics 2023,
13, 202.

[11]Farook, Taseef Hasan, et al.
"Computer vision with
smartphone microphotography
for detection of carious lesions."
Intelligence-Based Medicine 8
(2023): 100105.

[12]Liang, Gaobo, and Lixin Zheng.
"A transfer learning method
with deep residual network for
pediatric pneumonia diagnosis."
Computer methods and
programs in biomedicine 187
(2020): 104964.

[13]Daniyal, S. M., Ibrahim, H.,
Wajahat, S., Maqsood, S. W.,
Rehman, F. J., Hashmi, S., ... &
Siddiqui, M. H. S. (2025).
Enhancing Early Breast Cancer
Detection Using Deep Learning
Approach: A Comprehensive
Review. Annual Methodological
Archive Research Review, 3(5),
1-31.

[14] Juyal, Aayush, et al. "Dental
caries detection using faster R-
CNN and YOLO V3." ITM
Web of Conferences. Vol. 53.
EDP Sciences, 2023.

[15]Daniyal, S. M., Rizvi, S. H. R.,
Memon, W. A., & Maqsood, S.
W. (2025). Smart Diagnosis of
Diabetic Foot Ulcers Using
Convolutional Neural Networks
on a Real-World
Dataset. Dialogue Social Science
Review (DSSR), 3(6), 565-580.

[16]Mohammad-Rahimi H,
Motamedian SR, Rohban MH et
al (2022) Deep learning for
caries detection: a systematic
review. J Dent 122.

[17] Prados-Privado M, Villalón JG,
Martínez-Martínez CH et al
(2020) Dental caries diagnosis
and detection using neural
networks: a systematic review. J
Clin Med

[18]Lin TY, Goyal P, Girshick R,
et al (2017) Focal loss for dense
object detection. In:
International conference on
computer vision (ICCV), pp
2999–300.

[19]Tan M, Pang R, Le QV (2020)
EfficientDet: scalable and
efficient object detection. In:
Computer vision and pattern
recognition conference (CVPR).

[20]Ying, S., Wang, B., Zhu, H., Liu,
W., & Huang, F. (2022). Caries
segmentation on tooth X-ray
images with a deep
network. Journal of
Dentistry, 119, 104076.

[21]Daniyal, S. M., Hussain, S. M. T.,
Abbasi, F. L., Hussain, D.,
Abbasi, M. M., & Amjad, U.
(2024). A Hybrid Deep Learning
Model for Precise Epilepsy
Detection and Seizure
Prediction. Spectrum of
engineering sciences, 2(3), 62-77.

[22]Elyas Palantei, Dewiani, Asrul
Ramadhan, and Sigit Lukman, A
smart card-based campus dental
clinic services: experimental
tests. In 2019 IEEE



https://journalofemergingtechnologyanddigitaltransformation.com Syed Muhammad Daniyal*

Journal of Emerging Technology and Digital Transformation
Online ISSN

3006-9726
Print ISSN

3006-9718 Volume . 4 Issue . 2 (2025)

119

International Conference on
Communication, Networks and
Satellite (Comnetsat), August 1 -
3, 2019, Makassar, Indonesia.
IEEE, New York, NY, 9-13.

[23]Sengupta, A., Kanungo, A.,
Singh, M., Usman, S., & Nirmala,
S. AUTOMATED DENTAL
CARIES DETECTION.

[24]Rehman, T., Daniyal, S. M.,
Nabi, S. G., Khan, G., Ali, A., &
Ibrahim, H. (2025).
Classification and Detection of
Skin Lesions Through Machine
Learning Methods. Annual
Methodological Archive
Research Review, 3(6), 102-128.

[25]Wang, K.; Liew, J.H.; Zou, Y.;
Zhou, D.; Feng, J. Panet: Few-
shot image semantic
segmentation with prototype
alignment. In Proceedings of the
IEEE/CVF International
Conference on Computer Vision,
Seoul, Republic of Korea, 27–28
October 2019; pp. 9197–9206.

[26]Rehman, Q., Daniyal, S. M.,
Jadoon, H. K., Taleeb, M.,
Nawaz, A., & Abbasi, M. M.
(2025). Automated Lung Cancer
Classification from 3D CT Scans
Using Deep Convolutional
Networks. Dialogue Social
Science Review (DSSR), 3(6),
581-592.

[27]Anantharaman, R., Velazquez,
M., & Lee, Y. (2018, December).
Utilizing mask R-CNN for
detection and segmentation of
oral diseases. In 2018 IEEE
international conference on
bioinformatics and biomedicine
(BIBM) (pp. 2197-2204). IEEE.

[28]Meghjee, S., Daniyal, S. M.,
Sameer, M., Kapasi, M., &
Wajahat, S. (2025). LDCE-Net:
A Custom-Built Lightweight
CNN for Classifying Liver
Fibrosis Stages via Ultrasound

Imaging. Annual
Methodological Archive
Research Review, 3(6), 150-169.

[29] Chaves, Eduardo Trota, et al.
"Detection of caries around
restorations on bitewings using
deep learning." Journal of
Dentistry (2024): 104886.

[30]Khanagar SB, Al-ehaideb A,
Maganur PC et al (2021)
Developments, application, and
performance of artificial
intelligence in dentistry–a
systematic review. J Dent Sci
16(1):508–522.

[31]Ghodke, Swapnil & Jena, Ashok
& Singh, Satinder. (2020).
Multidisciplinary Management
of a Patient with Multiple
Missing Maxillary Incisors.
International Journal of
Dentistry Research. 5. 57-61.
10.31254/dentistry.2020.5206.


	In short, intraoral imaging equipment is used to c
	The films in these radiographs are positioned outs
	It is an element of deep learning algorithms that 
	3.4The deep convolutional neural network algorithm’s 

