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Abstract

Purpose: Dental caries can emerge anywhere in the mouth, particularly in the interior of the cheeks and the gums.
Some of the indications are patches on the inner lining of the mouth, along with bleeding, toothache, numbness,
and an unusual red and white staining. Hence, it is important to predict the presence of a cavity at an early stage.
The currently available manual method is inefficient and hence we provide an advanced method by using the
deep learning concepts.

Materials and Methods: In this work, different types of algorithms such as Res Net, Deeper Google Net, and
mini VGG Net are to be used to predict the class of cavity at an early stage.

Results: A comparison between the accuracy of three different algorithms is given in this paper. Thus, by using
efficient deep learning algorithms, it will be able to predict the presence of the cavity and the class of the cavity
at an early stage and take the necessary steps to overcome it.

Conclusion: In this work, a comparison between three different algorithms is given and proved that the efficient

algorithm is the inception algorithm among the other algorithms that achieves an accuracy of about 98%, which
is suitable for use in hospitals.
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1. Introduction

Dental caries, sugar-driven tooth decay, is a
common health issue that leads to oral pain and tooth
loss with considerable economic and quality-of-life
burdens. It continues to be a major public oral threat
among all age groups despite significant
advancements in the dental healthcare of the
population in the world [1]. The facultative anaerobic
bacteria, Mutants Streptococci (MS), was found to be
the chief causative agent of dental caries. It aggregates
on the dental surface breaking down the sugars giving
rise to an acidic environment. This leads to the
demineralization of the tooth enamel thereby forming
dental caries [2]. The tooth, bacteria causing dental
plaque (Streptococcus Mutants), and the eating habits
that deposit sugar in the teeth are the key factors
contributing to dental caries [3]. According to the
report by the American Dental Association, dental
caries can be classified as normal, initial, moderate, or
extensive based on the lesion extent detected in the
patients [4]. Patients with dental caries suffer not only
from toothache and difficulty in chewing food but also
have trouble communicating with others due to
discolorations and missing of the tooth [5]. If the
dental caries is allowed to progress without proper
treatment, it may be life-threatening. It results in
odontogenic infections such as Sepsi and Ludwig
angina. There is also a chance for deep neck abscesses
as reported in a study for 49.1% of cases [6]. The
earlier the spotting of initial tooth decay, the lesser the
burden of invasive treatment and dental healthcare
costs. Dentists utilize a diagnostic tool, oral panoramic
radiographs (X-rays), for the earlier diagnosis of
dental caries. It plays a central role in the detection of
masked dental structures, cavities, and malignant or
benign masses that cannot be explored under visual
checkup. Adequate decalcification of tooth structures
allows examining dental caries using radiography [7,
8]. In most cases, Dental X-rays are performed yearly.
However, they can be more frequent depending on the
severity of a dental problem or treatment [9, 10]. In the
last few years, with the rapid progress of artificial
intelligence, researchers have analyzed deep learning
with Convolutional Neural Network (CNN) to extract
a promising variety of medical images to greatly
alleviate the burden of clinical doctors in dental
healthcare. CNN algorithm is a fully connected
network and requires little pre-processing which is a
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major advantage of CNN [11]. The utilization of deep
learning for the diagnosis of dental issues has shown
greatly improved clinical outcomes [12]. Deep
learning (computer software) is a sub-group of
machine learning that imitates the neural networks in
a brain. Deep learning has its name from the usage of
deep neural networks [13]. The first deep learning
model was initiated in [ 14] for semantic segmentation.
The SegNet model that offers improvements through
the adoption of asymmetric auto-encoder architecture
[15] follows this. The U-Net model is another model
that takes inspiration from auto-encoders but
introduces skip connections between corresponding
layers in the encoding and decoding path, thereby
leading to further betterments in accuracy [16]. Some
other oral diseases are also diagnosed and treated
using machine learning techniques along with imaging
techniques. Inflammations on gingival surfaces were
detected using intraoral fluorescence imaging [17] and
plaque classification used quantitative light-induced
fluorescence imaging [18]. These software measures
allow the diagnosing of products, processes, and
projects, and also check whether there is an
unexpected deviation of the values of measures or they
are within the expected norm [19]. Efforts were made
in recent years to develop a computerized dental X-ray
image analysis system for clinical usage like image
segmentation, anatomical landmark identification,
diagnosis, and treatment [20-23].

2. Materials and Methods

The X-ray images of the dental cavity of different
classes and normal dental X-ray images are collected
and pre-processed to reduce the size of images so that
they can be directly trained and tested. Around 150
images have been utilized for the work. The data has
been collected from Kaggle. Figure 1 represents a
sample image of dental X-rays with the classes of
caries.

The software used is python-anaconda power shell
prompt.

One Filter Module: VGG16 architecture

The VGG network was established to classify CT
slices, which can avoid the failure of CT slice
segmentation without MS [24].

Two Filter Module: ResNet architecture
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Figure 1. Images of Classes of dental caries

Following the victory of AlexNet [25] at the
ILSVRC2012 classification contest, deep Residual
Network [26] was found to be the most cutting edge in
the computer vision/deep learning community in the
last few years.

Inception Module: Deeper GoogleNet

The main purpose of the GoogLeNet model is to
employ a number of smaller convolution kernels to
restrict the number of neurons and parameters, and it
wins the championship in the challenge of Imagenet
2014 [27, 28].

3. Results

Comparison of images is done with the help of three
architectures (VGG Net, Deeper Googlenet, and
Resnet 50). Results are compared using accuracy,
recall, precision, and F measures values for all the
normal and classes of the cavity. The validation
accuracy is found running for 20 epochs, respectively
and increased gradually to find the state of accuracy.
Classification is done using the 3 architectures. We
have compared VGGNet, ResNet 50, and Deeper
Googlenet and classified to which category the dental
caries class belongs to. In this work, the dental cavity
is determined by using three different algorithms and
gives a comparison with achieving the maximum
efficient accuracy with the inception module. Initially,
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the anaconda navigator is started which is used to
perform all the required execution of the work. As the
execution is completed, the accuracy is been plotted
for the training obtained which is around 67%.

The graphs plotted for the number of epochs used can be
seen in Figures 2, 3, and 4, which are a comparison between
the accuracy of the model trained and the loss of the model.
Tables 1, 2, and 3 depict the parameter values obtained after
the images of different classes are tested using the VGG
Net, Res Net, and Deeper Googlenet.
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Figure 2. Graphical Output of Single Filter Graph
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Figure 3. Graphical Output of Two Filter Architecture
1.025 -

1.000 -

0.975 -

& 0,950

o

o

=

O 0.925

<

&

&

g 0.900
0.875 - —— pain_loss

—— wval_loss

0.850 - train_acc

—— wval_acc
0 5 10 15 20 25 30
Epoch #

Figure 4. Graphical Output of Inception Module
Architecture
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Table 1. Single filter output

Class of
Dental Precision  Recall Support
. Score
Caries
1 0.50 0.02 0.05 41
2 0.34 1.00 0.50 32
3 1.00 0.86 0.92 35
4 1.00 0.96 0.98 24
Normal 0.62 0.29 0.40 34
Table 2. Two filter output
Class of Fl1-
Dental Precision Recall Support
. Score
Caries
1 1.00 1.00 1.00 41
2 0.94 1.00 0.97 32
3 1.00 0.77 0.87 35
4 0.67 1.00 0.80 24
Normal 1.00 0.82 0.90 34
Table 3. Inception Module Output
Class of Fl1-
Dental Precision Recall Support
. Score
Caries
1 1.00 0.90 0.95 41
2 1.00 1.00 1.00 32
3 1.00 1.00 1.00 35
4 1.00 1.00 1.00 24
Normal 0.89 1.00 0.94 34

Table 4 represents a comparison of the three algorithms
in terms of accuracy.

4. Conclusion

This work gives a comparative analysis between 3
different types of architectures in deep learning and
analyzes which algorithm serves the best in automated
detection of the class of cavity. Different types of
classification algorithms are applied to the dataset
containing the X-ray images of teeth and their efficiency
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Table 4. Comparison of Output

Total Accuracy
No. Of Architecture
Epochs F1-  Gupport
P Score pp
VGGNET 0.58 166
RESNET 0.92 166
20
DEEPERGOOGLENET  0.98 166

is studied. The performance of classification was
validated based on accuracy, precision, and recall, and
the F-score gave better accuracy in deeper Google net
than the other networks. The accuracy value for deeper
google Net was calculated as 98%. The accuracy value
for Resnet 50 was calculated as 92%. The accuracy value
for VGGnet was calculated as 52%. Hence, the
classification method compared with Deeper Google Net
provided higher accuracy than VGGnet and Resnet 50.
The proposed method helps even the junior doctors to
treat the patient in the absence of the senior doctor since
everything is generated automatically. Only a few are
fully automatic among the methods that are proposed, the
manual dependent on X-ray results could lead to time
delay, which can be avoided if the following is
incorporated. The proposed system helps to
automatically differentiate between the types of cavity
from the normal, future it can be improved to analyze the
depth of the cavity and segment the cavity region, which
will be more useful in the treatment. A few more sectors
of artificial intelligence can also be incorporated along
with the proposed system to increase the standard of the

proposed system [29].
Acknowledgements

The work has been supported by Sathyabama Institute
of Science and Technology, Chennai. The author(s)
received no financial support for the research,
authorship, and/or publication of this article.

References

1- Hilary Thean, Mun Loke Wong, and Holy Koh, "The dental
awareness of nursing home staff in Singapore—a pilot study."
Gerodontology, Vol. 24 (No. 1), pp. 58-63, (2007).

FBT, Vol. 13, No. 1 (Winter 2026) 206-211



Dental Caries Detection and Deep Learning

2- Hakan Colak, Coruh T Diilgergil, Mehmet Dalli, and
Mehmet Mustafa Hamidi, "Early childhood caries update: A
review of causes, diagnoses, and treatments." Journal of
natural science, biology, and medicine, Vol. 4 (No. 1), p. 29,
(2013).

3- Yoon Lee, "Diagnosis and prevention strategies for dental
caries." Journal of lifestyle medicine, Vol. 3 (No. 2), p. 107,
(2013).

4- Thomas J Hilton, Jack L Ferracane, James C Broome, José
dos Santos, and James B Summitt, "Summitt's fundamentals
of operative dentistry: a contemporary approach." (No Title),
(2013).

5- Poul Erik Petersen, Denis Bourgeois, Hiroshi Ogawa,
Saskia Estupinan-Day, and Charlotte Ndiaye, "The global
burden of oral diseases and risks to oral health." Bulletin of
the world health organization, Vol. 83pp. 661-69, (2005).

6- Opeyemi O Daramola, Carrie E Flanagan, Robert H Maisel,
and Rick M Odland, "Diagnosis and treatment of deep neck
space abscesses." Otolaryngology—Head and Neck Surgery,
Vol. 141 (No. 1), pp. 123-30, (2009).

7- R Krithiga and C Lakshmi, "A survey: segmentation in
dental X-ray images for diagnosis of dental caries." Int J
Control Theory Appl, Vol. 9 (No. 40), p. 941, (2016).

8- Sudhir Kumar Sharma, K Vijayakumar, Vinod J Kadam,
and Sheldon Williamson, "Breast cancer prediction from
microRNA profiling using random subspace ensemble of
LDA classifiers via Bayesian optimization." Multimedia
Tools and Applications, Vol. 81 (No. 29), pp. 41785-805,
(2022).

9- Anupama Bhan, Garima Vyas, Sourav Mishra, and Pulkit
Pandey, "Detection and grading severity of caries in dental
X-ray images." in 2016 International Conference on Micro-

Electronics ~ and  Telecommunication — Engineering
(ICMETE), (2016): IEEE, pp. 375-78.

10- K Vijayakumar, K Pradeep Mohan Kumar, and Daniel
Jesline, "Implementation of software agents and advanced
AoA for disease data analysis." Journal of Medical Systems,
Vol. 43pp. 1-6, (2019).

11- R Vinayakumar, KP Soman, and Prabaharan
Poornachandran, "Applying convolutional neural network
for network intrusion detection." in 2017 International
Conference on Advances in Computing, Communications

and Informatics (ICACCI), (2017): IEEE, pp. 1222-28.

12- Daniel S Kermany et al., "ldentifying medical diagnoses
and treatable diseases by image-based deep learning." cell,
Vol. 172 (No. 5), pp. 1122-31. €9, (2018).

13- Janka Hatvani, Adrian Basarab, Jean-Yves Tourneret,
Miklés Gyongy, and Denis Kouamé, "A tensor factorization
method for 3-D super resolution with application to dental
CT." IEEE transactions on medical imaging, Vol. 38 (No.
6), pp. 1524-31, (2018).

14- Jonathan Long, Evan Shelhamer, and Trevor Darrell,
"Fully convolutional networks for semantic segmentation."

FBT, Vol. 13, No. 1 (Winter 2026) 206-211

in Proceedings of the IEEE conference on computer vision
and pattern recognition, (2015), pp. 3431-40.

15- Vijay Badrinarayanan, Alex Kendall, and Roberto Cipolla,
"Segnet: A deep convolutional encoder-decoder architecture
for image segmentation." [EEE transactions on pattern
analysis and machine intelligence, Vol. 39 (No. 12), pp.
2481-95, (2017).

16- Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "U-
net: Convolutional networks for biomedical image
segmentation." in Medical Image Computing and Computer-
Assisted Intervention-MICCAI 2015: 18th International
Conference, Munich, Germany, October 5-9, 2015,
Proceedings, Part IlI 18, (2015): Springer, pp. 234-41.

17- Aman Rana, Gregory Yauney, Lawrence C Wong, Otkrist
Gupta, Ali Muftu, and Pratik Shah, "Automated
segmentation of gingival diseases from oral images." in 2017
IEEE  Healthcare Innovations and Point of Care
Technologies (HI-POCT), (2017): IEEE, pp. 144-47.

18- Sultan Imangaliyev, Monique H van der Veen, Catherine
MC Volgenant, Bart JF Keijser, Wim Crielaard, and Evgeni
Levin, "Deep learning for classification of dental plaque
images." in Machine Learning, Optimization, and Big Data:
Second International Workshop, MOD 2016, Volterra, Italy,
August 26-29, 2016, Revised Selected Papers 2, (2016):
Springer, pp. 407-10.

19- Ramzi Ben Ali, Ridha Ejbali, and Mourad Zaied,
"Detection and classification of dental caries in x-ray images
using deep neural networks." in International conference on
software engineering advances (ICSEA), (2016), p. 236.

20- Sima Nikneshan, Sudeh Mohseni, Mahtab Nouri, Hoora
Hadian, and Mohammad Javad Kharazifard, "The effect of
emboss enhancement on reliability of landmark
identification in digital lateral cephalometric images."
Iranian Journal of Radiology, Vol. 12 (No. 2), (2015).

21- Jindan Zhou and Mohamed Abdel-Mottaleb, "A content-
based system for human identification based on bitewing
dental X-ray images." Pattern Recognition, Vol. 38 (No. 11),
pp. 2132-42, (2005).

22- YH Lai and PL Lin, "Effective segmentation for dental X-
ray images using texture-based fuzzy inference system." in
Advanced Concepts for Intelligent Vision Systems: 10th
International Conference, ACIVS 2008, Juan-les-Pins,
France, October 20-24, 2008. Proceedings 10, (2008):
Springer, pp. 936-47.

23- Abdolvahab Ehsani Rad, Mohd Shafry Mohd Rahim, and
Alireza Norouzi, "Digital dental X-ray image segmentation
and feature extraction." TELKOMNIKA Indonesian Journal
of Electrical Engineering, Vol. 11 (No. 6), pp. 3109-14,
(2013).

24- Jiangchang Xu, Shiming Wang, Zijie Zhou, Jiannan Liu,
Xiaoyi Jiang, and Xiaojun Chen, "Automatic CT image
segmentation of maxillary sinus based on VGG network and
improved V-Net." International Journal of Computer
Assisted Radiology and Surgery, Vol. 15pp. 1457-65, (2020).

210



S. Divakaran, et al.

25- Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton,
"ImageNet classification with deep convolutional neural
networks." Communications of the ACM, Vol. 60 (No. 6), pp.
84-90, (2017).

26- Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun,
"Deep residual learning for image recognition." in
Proceedings of the IEEE conference on computer vision and
pattern recognition, (2016), pp. 770-78.

27- Christian Szegedy et al, "Going deeper with
convolutions." in Proceedings of the IEEE conference on
computer vision and pattern recognition, (2015), pp. 1-9.

28- K Vijayakumar, V Rajinikanth, and MK Kirubakaran,
"Automatic detection of breast cancer in ultrasound images
using Mayfly algorithm optimized handcrafted features."
Journal of X-Ray Science and Technology, Vol. 30 (No. 4),
pp- 751-66, (2022).

29- Ali B Syed and Adam C Zoga, "Atrtificial intelligence in
radiology: current technology and future directions." in
Seminars in musculoskeletal radiology, (2018), Vol. 22 (No.
05): Thieme medical publishers, pp. 540-45.

211

FBT, Vol. 13, No. 1 (Winter 2026) 206-211



