
Master Thesis

Czech

Technical

University

in Prague

F3 Faculty of Electrical Engineering

Department of Computer Science

Dental caries detection from bitewing X-ray

images

Lukáš Kunt

Supervisor: prof. Dr. Ing. Jan Kybic

Field of study: Open informatics

Subfield: Artificial inteligence

May 2022



ii



ZADÁNÍ DIPLOMOVÉ PRÁCE

I. OSOBNÍ A STUDIJNÍ ÚDAJE

478073Osobní číslo:LukášJméno:KuntPříjmení:

Fakulta elektrotechnickáFakulta/ústav:

Zadávající katedra/ústav: Katedra počítačů

Otevřená informatikaStudijní program:

Umělá inteligenceSpecializace:

II. ÚDAJE K DIPLOMOVÉ PRÁCI

Název diplomové práce:

Detekce zubních kazů z rentgenových snímků

Název diplomové práce anglicky:

Dental caries detection from bitewing X-ray images

Pokyny pro vypracování:
1) Familiarize yourself with state-of-the-art methods in object detection and computer-assisted dental caries detection.
2) Based on the studied literature, propose a solution to dental caries detection from X-ray images based on deep learning.
3) Implement a program that automatically detects caries from bitewing X-ray images.

Seznam doporučené literatury:
[1] Srivastava et al: Detection of Tooth caries in Bitewing Radiographs using Deep .Learning. NIPS 2017 workshop on
Machine Learning for Health.
[2] Jae-Hong Lee et al: Detection and diagnosis of dental caries using a deep learning-based convolutional neural network
algorithm. Journal of Dentistry 2018
[3] Moran et al: Classification of Approximal Caries in Bitewing Radiographs Using Convolutional Neural Networks. Sensors
2021
[4] Yusuf Bayraktar, Enes Ayan: Diagnosis of interproximal caries lesions with deep convolutional neural network in digital
bitewing radiographs. Clinical Oral Investigation, 2021.

Jméno a pracoviště vedoucí(ho) diplomové práce:

prof. Dr. Ing. Jan Kybic algoritmy pro biomedicínské zobrazování FEL

Jméno a pracoviště druhé(ho) vedoucí(ho) nebo konzultanta(ky) diplomové práce:

Termín odevzdání diplomové práce: 20.05.2022Datum zadání diplomové práce: 23.02.2022

Platnost zadání diplomové práce: 19.02.2024

_________________________________________________________________________________
prof. Mgr. Petr Páta, Ph.D.

podpis děkana(ky)
podpis vedoucí(ho) ústavu/katedryprof. Dr. Ing. Jan Kybic

podpis vedoucí(ho) práce

III. PŘEVZETÍ ZADÁNÍ
Diplomant bere na vědomí, že je povinen vypracovat diplomovou práci samostatně, bez cizí pomoci, s výjimkou poskytnutých konzultací.
Seznam použité literatury, jiných pramenů a jmen konzultantů je třeba uvést v diplomové práci.

.
Datum převzetí zadání Podpis studenta

© ČVUT v Praze, Design: ČVUT v Praze, VICCVUT-CZ-ZDP-2015.1



iv



Acknowledgements
Firstly, I would like to express gratitude
to prof. Jan Kybic for supervision of this
thesis and his willingness to help at any
time.

Secondly, I would like to thank MDDr.
Tichý was always eager to help, and
without his dedication to creating the
dataset, we would not have achieved
the results we did.

Last but not least, I would like to
thank my family for their support dur-
ing my studies.

I would like to further emphasize
my gratitude to my girlfriend Anna for
her undying moral and encouragement
throughout the creation of this thesis.

Declaration
I hereby declare that the presented
work was developed independently and
that I have listed all sources of informa-
tion used within it in accordance with
the Methodi- cal instructions for observ-
ing the ethical principles in the prepa-
ration of university thesis.

Prague, May 20, 2022

v



Abstract
Dental caries is the most prevalent dis-

ease globally, with more than 3.5 billion

people affected. The treatment of den-

tal caries imposes a burden on health

care in every country �nancially and

timewise. Detection of the disease in its

early stages can mitigate the impact on

the cost of treatment and improve the

patient's prognosis.

Bitewing X-ray imaging is the second

most used method for dental caries de-

tection after the visual-tactile method.

Aproximal and an-early stage carious

lesion can be easily overlooked by the

visual-tactile exam, making the bitew-

ing X-ray imaging very bene�cial for

early detection and a chance for recov-

ery without the need for further dental

treatment.

This Master's thesis addresses the

problem of dental caries detection from

bitewing images using convolutional

neural networks. First, a dataset of

3889 bitewing images with 7257 anno-

tated dental caries was created for the

purpose of this thesis. We trained mul-

tiple architectures for object detection

and compared their performance using

it. In the end, we used an ensemble of

models to obtain the best-performing

model.

We have created a solution that can

detect dental caries with a precision of

0.751 and a recall of 0.7. Furthermore,

a second model for segmentation of den-

tal restoration was created, achieving

an IOU score of 0.676.

Keywords: dental caries detection,

convolutional neural networks, dental

restorations segmentation, ensemble,

bitewing, X-ray image

Supervisor: prof. Dr. Ing. Jan Kybic

Biomedical imaging algorithms, FEE

Abstrakt
Zubní kaz je jedním z nejrozší �ren �ejších

onemocn �ení na sv �et �e postihující více

ne� 3.5 miliard lidí. Lé �cba je náro �cná

jak �nan �cn �e, tak �casov �e a zat �e�uje zdra-

votnický systém ve všech zemích sv �eta.

V�casná detekce zubního kazu umo� �nuje

tuto zát �e� sní�it a zlepšit pacientovu

prognózu.

Po detekci pohledem spojené s pou-

�itím zuba �rské sondy jsou bitewingové

rentgenové snímky druhou nejvíce vyu-

�ívanou metodou pro diagnostiku zub-

ního kazu. �Casné a aproximální kari-

ézní léze nejsou prvn �e zmín �enou me-

todou v�dy spolehliv �e diagnostikovány,

co� dává bitewingovým RTG snímk	um

zna �cnou výhodu a šanci pro d �rív �ejší di-

agnostiku spojenou s mo�ností zhojení

léze bez nutnosti dalšího léka �rského zá-

sahu.

Tato diplomová práce se zabývá pro-

blémem detekce zubního kazu z bitewin-

gových RTG snímk	u za pou�ití konvolu �c-

ních neuronových sítí. Pro ú �cely této

práce byl nejprve vytvo �ren dataset sklá-

dající se z 3889 bitewingových RTG

snímk	u se 7257 anotovanými zubními

kazy. Za jeho pou�ití jsme natrénovali

n �ekolik architektur pro detekci objekt	u

a porovnali jejich výsledky. Nakonec

jsme vyu�ili spojení model	u pro získání

modelu s nejlepšími výsledky.

Vytvo �rili jsme �rešení, které umo� �nuje

detekci kaz	u s p �resností 0.751 a citli-

vostí 0.7. Navíc byl vytvo �ren i druhý

model pro segmentaci zubních výplní,

který dosáhl IOU 0.676.

Klí �cová slova: detekce zubních kaz	u,

konvolu �cní neuronové sít �e, segmentace

zubních výplní, ensemble, bitewing,

rentgenový snímek

P�reklad názvu: Detekce zubních

kaz	u z rentgenových snímk	u
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Chapter 1

Introduction

As of 2017, dental caries was the most prevalent disease globally[ 20 ][ 21 ], with

more than 3.5 billion affected people. Despite the advancement of technology in

the medical �eld, the prevalence has not decreased, hence imposing a burden on

health care in every country. In the US, more than six percent of total health care

expenditures were targeted toward dental care in 2016[22].

Machine learning and especially neural networks have improved remarkably over

the last decade, surpassing human-level performance in the ImageNet classi�cation

task in 2015[ 23 ]. Since then, deep learning models' error rates on the ImageNet

dataset have become four times smaller[ 24 ]. This signi�cant improvement in deep

learning led to its wast adoption across many �elds, including medical imaging.

Deep-learning models exceeded human-level performance on speci�c tasks, such

as breast cancer detection[25] or arrhythmia detection[26].

This thesis aims to develop a deep-learning-based model that will be able to

detect dental caries in bitewing X-ray images. The position of every carious lesion

is denoted by a minimal bounding box around the lesion. This model aims to

give dentists an opportunity to cross-check their decision regarding the presence

of carious lesions in the X-ray image. Furthermore, detecting caries' position

directly from the image bene�ts dentists from saving information about dental

caries in a digital form without their intervention. Having the data in a digital

format could help dentists communicate the problem to a patient by overlaying

the position of dental caries over an X-ray image or provide them an option to save

that information for monitoring lesion progression over time. Last but not least,

software like this would be helpful in education, where dentistry students would

be able to train their ability to recognize dental caries without the need for a tutor.

The structure of this thesis is as follows: In Chapter 2, the medical background

is introduced, describing human dentition and dental caries. Chapter 3 presents

the fundamentals of the techniques used in this work. In Chapter 4, related work in

automatic caries detection is discussed. Chapter 5 describes the dataset that was

created for this thesis. In Chapter 6, we introduce the reader and the structure

of the object detection framework that we created and used for caries detection.

In Chapter 7, we propose a solution to the detection of dental caries. The results

1



1. Introduction ........................................
achieved by the proposed methods are presented in Chapter 8. Chapter 9 discusses

the results and methods that we used to obtain them. In Chapter 10, we summarise

the work and suggest future improvements.

2



Chapter 2

Medical background

2.1 Human teeth

Human dentition is composed of two sets of teeth - primary and permanent. The

primary, also called deciduous, consists of 20 teeth and begins to erupt at six

months of age. This dentition is completely replaced at the approximate age of 13

years by a permanent set of teeth, including 32 teeth. These can be divided into

four classes based on function and form. Namely, those classes are:

Incisors

A total of 8 incisors teeth are found in primary and permanent dentition. They are

located at the oral cavity entrance, and their primary purpose is to cut and shear

food. They are essential for a smile's esthetics and play a vital role in phonetics.

Canines

A total number of four canines are located at the corners of dental arches, dividing

them into a frontal and a lateral part. They have a triangular shape with a single

cusp tip on the incisal edge. The structure is associated with their ability to seize,

pierce, tear and cut food. Along with the incisors, they are essential for esthetics.

Premolars

Premolars are teeth found only in permanent dentition, being the successional

teeth of all primary eight molars. Premolars share functional characteristics of

canines and molars - they both seize and grind food thanks to their anatomy.

Molars

Human dentition contains 12 permanent molars with no deciduous predecessors.

Their leading role is crushing and grinding food to dimensions appropriate for

swallowing. Broad occlusal surfaces make them capable of this task. Molars are

prone to dental caries due to deep grooves that run across the occlusal surface of

3
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