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ARTIFICIAL INTELLIGENCE METHODS IN DENTAL RADIOGRAPHY: CURRENT
DEVELOPMENT OF SEGMENTATION AND IMAGE QUALITY ENHANCEMENT
METHODS IN DIFFERENT MODALITIES

ANITA IVANOVIC!, TATJANA MATIJAS?

Introduction: The application of artificial intelligence in dentistry can significantly improve the outcome of patient treatment
and reduce human error. Computer systems and certain methods that use complex algorithms are able to encode digital data about
the radiographic image, obtained by X-ray radiation, and transfer them to a computer language for processing a large set of data.
Applied as an auxiliary tool, it can give information about the patient and diagnostics of teeth and surrounding dental structures on
radiographic images (two-dimensional and three-dimensional).

The aim of the paper: The aim of the paper is to present the development and application of artificial intelligence in dentistry
and at the same time emphasizing the importance of segmentation methods and methods of improving the quality of dental radio-

graphic images.

Discussion: The common goal of the development and application of artificial intelligence methods in dental radiography is
directed on obtaining radiograms from which diagnostically valuable information will be collected faster and easier for the purpose
of successful treatment of the patients. Methods of segmentation of a dental structures have been developed to automatically number
and localize the tooth or independently mark and display the desired structures on the image. Methods of image quality enhan-
cement tend to work on, for example, improving image resolution or reducing metal artifacts. Research has shown that artificial

intelligence can be applied in everyday clinical practice, but it has certain limitations.

Conclusion: Artificial intelligence methods in dental radiography are an useful auxiliary tool in clinical dental practice becau-
se they can speed up the process of retrieving patient data. Automatic localization of dental structure reduces the dentist’s time for
manual image analysis, but cannot completely replace human knowledge. For the full implementation of the mentioned methods,
more development standards and resources are needed to overcome the ethical and legal problems of replacing humans with com-

puter systems.
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INTRODUCTION

Artificial intelligence (Al) is the pro-
cess of training computers to imitate hu-
man intelligence for performing specific
tasks such as learning, reasoning and
problem solving (1-3). It includes a seri-
es of processes and behaviors generated
by computer models and algorithms (3).
To understand Al it is necessary to know
several constituent subgroups as a part
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of it, namely: machine learning, neural
networks and deep learning. The purpo-
se of machine learning is to obtain a final
outcome from already known algorithms
based on a data set. Neural networks
collect signals from artificial signals,
forming a replication of neural networks
of the brain (4). The purpose of deep le-
arning is to create a neural network that
automatically identifies patterns in input
data for a purpose improvement of fea-
ture detection, and is most often identifi-
ed with Convolutional Neural Networks
(CNN) which are used in the processing
of large and complex images and thus
can give a good quantitative, not only
qualitative image evaluation (4, 5).

The structure of a deep artificial
neural network is made as a set of an
interconnected layers of operational ne-
urons with a large number of layers and
neurons per layer (6). The architecture of
basic neural networks enables informa-
tion transmission to forward, from the
input to the output layer, passing throu-
gh the hidden layers. Architecture spe-
cificity of CNN are convolutional layers
and compression layers which represent
an upgrade over basic neural networks.
Such a method is based on convolution
operations which are obtained as a fe-
ature map whose pixel/voxel intensity
is actually the sum of the pixels/voxels
of the original image and the adjacent
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image (6-9). Deep learning, using CNN,
has shown good results in the problems
of computer vision in the image classi-
fication, object detection and image se-
gmentation on radiographic modalities
that include intraoral images, panoramic
images and Cone Beam Computed To-
mography (CBCT) images (6, 7). In their
basic form, they can be easily detected
on the image edges, lines, textures and
patterns. By using additional algorithms,
complex filters transmition can obta-
in information to higher layers of the
network, which can show more complex
features (6). In dental radiography, use of
neural networks currently enables the se-
gmentation of dental structures and the
enhancement of image appearance (6).

Intensive research has been conduc-
ted in the field of Al application in dental
radiography because the radiographic
image obtained by X-ray radiation can
be digitally coded and transferred into a
computer language for processing large
data sets (2). Improving the diagnostic
interpretation of dental radiographic
images with Al it could contribute to
dentists in easier diagnosis and making
clinical decisions while saving time (1).
Embracing the use of Al also means pa-
tient data management during the entire
process, considering them as digitally
stored and there is a great emphasis
on design and implementation of algo-
rithms related to privacy and confiden-
tiality of patient data (1). The strength of
the system is in reducing human error,
establishing an earlier diagnosis of di-
seases, increasing efficiency and avai-
lability. Weaknesses of the system are
the operator's dependence on computers
and devices, the high initial costs of the
system and legal and ethical problems
due to the replacement of humans by
computers (1).

The aim of the work

The aim of this work is to highlight
the advantages and limitations of the de-
velopment and application of Al in dental
radiography emphasizing the importance
of segmentation methods and improving
the quality of dental radiographs, which
are one of a criterion for making diagno-
ses and clinical decisions while saving

time in dental clinical practice. This pro-
ffesional work included relevant studies
from PubMed/Medline in the last decade
(predominantly in the last 6 years) using
advanced search options with following
keywords: artificial intelligence, deep
learning, dental radiography, segmenta-
tion and image enhancement.

DISCUSSION

Application of segmentation
methods

Segmentation is an essential proce-
dure for maintaining oral health care, as
it enables the localization of teeth enfor-
cement of orthodontic treatments, sur-
gical procedures and the assessment of
the teeth condition during determination
of caries or gum disease. Considering
that manual delineation and delineation
of tooth boundaries is a long and chall-
enging procedure which depends on
operator variability, new and proposed
semi-automatic techniques for automatic
tooth segmentation in research can be
very useful because they independently
delineate the boundaries and contours
of the teeth (10). Al in tooth segmenta-
tion uses a deep learning approach ba-
sed on convolution neural networks or
transformers that can extract teeth from
large and comprehensive sets from fea-
ture maps of training data (11). The fun-
damental effective models used for the
segmentation of medical images so far
are U-shaped encoder-decoder Network
(U-Net), Mask Region-based Convoluti-
onal Neural Network (MASK R-CNN)
and SEgmentation TRansformer (SETR)
and numerous additional segmentation
improvements and optimizations are
achieved by upgrading existing models
(12). Difficult development of newer mo-
dels of automated computer tools varia-
bility is limited by the teeth of different
patients, artifacts or image quality (12).
According to Chen and Leung (2004),
segmentation methods were divided into
several general categories (shape, histo-
gram, region, threshold, spatial corre-
lation of pixels...) and based on these
previous published classifications, Gil et
al. (2018) adapted the classification of se-
gmentation methods on dental structures
(region-based, threshold-based, cluster-

based, boundary-based, watershed-ba-
sed) (12). Region-based segmentation is
done by dividing the image into regions
based on discontinuities in the pixel in-
tensity level. Threshold-based segmenta-
tion (the most common method) of pixel
values is a threshold value that segments
parts of pixels above the threshold va-
lue into a region, and those below the
threshold value to the adjacent region.
Pixels above the threshold are connec-
ted and extracted, and pixels below the
threshold are connected and shape the
borders of the edges in the images and
the method is limited by strong contrast
and brightness due to the excess pixels
(12, 13). Cluster-based segmentation gro-
ups data according to a certain degree
of similarity, depending on the problem
needed to be solved. Boundary-based se-
gmentation methods are used to search
discontinuities in the gray levels of the
image (detection of points and edges),
and the newer "active contour”" method
outlines object boundaries. The last one,
based on the divider (transformation de-
fined in the gray image), uses mathema-
tical methods for image segmentation in
adjacent regions (12). Based on the va-
rious proposed segmentation methods of
teeth, research was carried out related to
all types of dental images, two-dimensi-
onal (2D) and three-dimensional (3D).

Yasa et al. proposed a method of
numbering and classifying teeth on 1125
bitewing photographs, using faster regio-
nal CNN (R-CNN). Research has shown
a high rate of sensitivity and precision
of numbering the teeth, which can save
dentist's time required for manual dental
preparation of the patient's record (Figu-
re 1) (14). On 100 periapical recordings,
Eun et al. used a CNN model to classify
an existing or non-existing tooth, trained
on a system for recognizing the number
of tooth roots in different types of teeth.
Also the system previously indepen-
dently produced the border frames of the
teeth. The method proved to be succe-
ssful for localization of teeth and deter-
mining the presence of teeth (15).

Segmentation on the bitewing or pe-
riapical image is an easier procedure be-
cause it provides a clearer representation
of the tooth with less interference from
other bony structures compared to a pa-
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Figure 1.

Example of a bitewing image and teeth numbering with an applied CNN.
Source: https:/sci-hub.se/https:/www.tandfonline.com/doi/full/10.1080/00016357.2020.1840624

noramic image that shows other body
parts (chin, spine and jaw). There are two
types of tooth segmentation on panora-
mic radiographs. Semantic segmentation
marks the entire distinguished object/
tooth area from the background, i.e. all
pixels/colours, with one label (category,
class). In the instance segmentation case,
each tooth has a special mark, and the
goal is to identify and separate individu-

al instances of the same class of objects
and obtain a representation of the tooth
of the same category. Dhar et al. used
CNN to determine segmentation of teeth
on panoramic radiographs and for later
determining of the teeth orientation,
with the aim of automatically creating
a dental report. Their proposed model
shows high applicability in practice, alt-
hough there are disadvantages that need

Original Groundtruth

Figure 2.
Example of tooth segmentation on a panoramic radiograph.

Source:https://www.researchgate.net/publication/330472299 Deep Instance Segmentation of
Teeth_in Panoramic_X-Ray Images
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Segmentation segmentation

to be further investigated: overlapping
molars and premolars, the presence of
wires from braces or fillings in the teeth,
and unclear root edges (Figure 2) (10).

Amer et al. proposed an automatic
method of segmentation preparation on
panoramic images for classification of
wisdom teeth. The three stages of se-
gmentation preparation included image
pre-processing, extraction of region-ba-
sed interest, based on tooth width, and
stages of post-processing. The results
showed that it was possible to succe-
ssfully classify wisdom teeth even on
post-processed segmented images. The
proposed method can be used in wisdom
teeth classification in dependence accor-
ding to a specific problem, e.g. degree of
impaction (Figure 3) (16).

Figure 3.

Example of a segmented wisdom tooth image
after post-processing.

Source: https://core.ac.uk/reader/82412360

Al is also applicable when determi-
ning reference points on cephalograms.
In research by Hwang et al., Al was tra-
ined with 1983 cephalograms. The exa-
miner manually outlined the reference
points and by comparing the results of
the examiner and Al, the point determi-
nation error was tolerated up to 2 mm. 11
out of 19 points showed more than 80%
detection success rate. Some disadvanta-
ges of the method in detection success of
the remaining points were the overlap-
ping of the structures of the skull bases,
and some points were invisible in the
image. It was suggested to further inve-
stigate the analysis of angles and linear
measurements of reference points obtai-
ned by AT (17).

Compared to 2D segmentation, 3D
segmentation is a much more expensive
method and is only applied in complex
cases such as dental implantations (16).
3D application of Al is considered strong
and useful when overcoming the limita-
tions of algorithms on a 2D image becau-
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se the 2D image is subject to distortion
or superimposition of structures (18).
Bayrakdar et al. examined the applicati-
on of Al by using CNN when planning
the dental implantation. CBCT images
of 75 patients were manually measured,
examined and an estimation for implan-
tation was made as in the classic method.
Images have been transferred in DI-
COM format and uploaded to the CNN
network (Diagnocat, Inc.) which has pre-
pared a report on implant planning based
on a series of multiple pre-trained CNNs
including segmentation voxels of teeth
and surrounding structures. The results
of the study showed that Al measure-
ments were in accordance with manual
measurements in the molar region and
premolars of the upper jaw and premo-
lars in the lower jaw and the marking of
the mandibular canal was appropriate.
Additional research should improve the
measurement of bone length and height
for dental implantation, the same as mar-
king the nasal cavity, because these re-
sults were not sensitive enough (19).

Application of methods for improving
image quality enhancement

Al systems can be applied to com-
puter systems that deal with improving
the enhancement of the image, which
consequently affects its quality. Thus,
conducted research accorded on the po-
ssibility of reduction artifacts from me-
tal fillings or implants and reduction of
blurring and noise (20, 21). Al research
that deals with the reduction of Metal
Artifact Reduction (MAR) in the recon-
structed image were mostly based on
mathematical simulations of metal arti-
facts that do not follow physical founda-
tions of photons and device detectors and
are therefore not sufficiently reliable and
practical for testing. Furthermore, due
to the implementation of neural networ-
ks, they should be trained with an equ-
al number of images with artifacts and
without artifacts to make the results as
precise as possible (22).

In the research on CBCT images,
Minnema et al. suggested the use of a
new Mixed-Scaled Dense neural network
(MS-D) which was applied during image
segmentation and not on the reconstruc-

ted image (previously U-Net, ResNet)
and on stereolithography (STL) models.
During the segmentation of the teeth,
additional structures such as ramus,
condyles and column vertebrae, were vi-
sible which means that bones were better
distinguished from metal if they have not
been affected by metal artifacts, compa-
red to previously used networks. In the
area of the teeth it was noticed less mi-
sinterpreted voxels. The results showed
that all networks have a short segmen-
tation time (less than 5 minutes), which
affects saving time in clinical practice.
Experimental results showed that the
segmentation performance of the MS-D
network was comparable to those as U-
Net and ResNet CNNs architecture, whi-
le keeping more anatomical details in the
resulting STL models and using less pa-
rameters which could be trained (Figure
4) (23).

Du et al. examined the effect of
blurring on a panoramic radiograph that
usually occurs in the front jaws due to
wrong positioning of the patient's head
which consequently leads to wrong po-
sition of the dental arch resulting in
turbidity. This was the reason for CNN
implementation in the research, which
consisted of several stages of processing.
During the first reconstruction of the
image the method recorded the deviation
of the position of the dental arch, thereby
subtracting the movement of the structu-
re "back and forth" in the image, and in
the second reconstructed image there
was less blurring visible. The results
showed the effectiveness of the method
in providing reconstructed images of
stable quality and even though they were
satisfactory, they should be additionally

examined in order to achieve greater pre-
cision of the final assessment (24).

Super resolution methods based on
deep learning models, where from one
or more images with low resolution, an
image with a higher spatial resolution
is obtained. It was the subject of studies
that could improve the resolution of radi-
ograms, without limitation of the usual
features of enlargement of the desired
part of the image, due to diagnostically
acceptable lower resolution images (25,
26). Rahimi et al. applied five types of
deep learning networks to panorama
radiographs with super-resolution but
the combination of only two types of
learning methods was successful when
detecting caries or detecting periapical
lesions (25). Moran et al. applied the
super method resolution on the deep le-
arning model on periapical radiographs,
and their results showed that method can
result in more detailed edges and less
image blurring effect, but for a better qu-
ality results, only radiograms in DICOM
format should be used, due to less infor-
mation loss in the image (26).

CONCLUSION

The application of Al in dentistry
is justified considering the advances
it brings in the field of clinical dental
practice. It makes the work of a dentist
easier and saves time for manual prepa-
ration and analysis. Except that it is very
helpful in making diagnoses and facili-
tating for the visualization of the patho-
logy of dental structures, Al pointed out
the importance of dental radiography.
The use of CNN on 2D and 3D radio-
graphs modalities requires knowledge
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of digital computer radiography. Other
methods with the use of several types of
CNN have shown success in segmenting
teeth and surrounding structures and in
improving the quality of the image itself,
considering low resolution and artifacts.
Although there are advantages, the use
of Al is not without diasdvantages and
obstacles, so, for example, the limitati-
on of the teeth segmentation method is
with insufficient number of radiograms,
because complex Al systems need many
images in order to train CNN to achieve
the most accurate results. Furthermore,
the image resolution differs in different
modalities, and the manipulation of the
reconstructed images always requires a
pre-processing process due to low con-
trast or high noise. The implementation
of Al requires financial resources and
additional research should confirm its
step forward in healthcare, while overco-
ming all ethical limitations and legal pro-
blems. Al cannot replace the knowledge
and competence of experts, but it can be
a valuable auxiliary tool in clinical prac-
tice for the benefit of patients.

Abbreviations:

2D - Two-Dimensional

3D - Three-Dimensional

Al - Artificial Intelligence

CBCT - Cone Beam Computed Tomography
CNN - Convolutional Neural Network

U-Net - U-shaped encoder-decoder Network
MASK R-CNN - Mask Region-based
Convolutional Neural Network

SETR - SEgmentation TRansformer

R-CNN - Region-based Convolutional Neural
Network

MAR - Metal Artefact Reduction

STL - Stereolithography

MS-D - Mixed-Scaled Dense (Neural Network)
ResNET - Residual Neural Network
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METODE UMJETNE INTELIGENCIJE U DENTALNOJ RADIOGRAFIJI: TRENUTNI RAZVOJ METODA SEGMENTACIJE I POBOLJISANJA

KVALITETE SLIKE U RAZLICITIM MODALITETIMA

Anita Ivanovié, Tatjana Matijas

Uvod: Primjena umjetne inteligencije u stomatologiji moze znacajno unaprijediti ishod lijecenja pacijenta te ima tendenciju
smanjenja ljudske pogreske. Racunalni sustavi i odredene metode umjetne inteligencije koje koriste slozene algoritme, sposobni su
kodirati digitalne podatke o radiografskoj slici dobivenoj rendgenskim zracenjem te ih prenijeti u racunalni jezik za obradu velikog
skupa podataka. Primijenjena kao pomocni alat, moze dati informacije o pacijentu te dijagnostici zuba i okolnih dentalnih struktura
na svim radiografskim slikama (dvodimenzionalnim i trodimenzionalnim).

Cilj rada: Cilj rada je predstaviti nacin razvoja i primjenu umjetne inteligencije u stomatologiji, pritom naglasavajuci vaznost
metoda segmentacije i metoda poboljsanja kvalitete dentalnih radiografskih slika.

Rasprava: Zajednicki cilj razvoja i primjene metoda umjetne inteligencije u dentalnoj radiografiji usmjeren je na dobivanju
radiograma iz kojih ce se brze i lakse prikupiti dijagnosticki vrijedne informacije u svrhu uspjesnog lijeCenja pacijenata. Razvijene
su metode segmentacije dentalnih struktura koje mogu automatski numerirati i lokalizirati zub ili samostalno oznaciti i prikazati
zeljene strukture na slici. Metode unapredenja kvalitete slike nastoje djelovati na, primjerice, poboljsanju rezolucije slike ili sma-
njenju metalnih artefakata. Istrazivanja su pokazala da se umjetna inteligencija moze primjenjivati u svakodnevnoj klinickoj praksi,

no ima odredena ogranicenja.

Zakljucak: Metode umjetne inteligencije u dentalnoj radiografiji koristan su pomocni alat u klinickoj praksi doktora dentalne
medicine jer mogu ubrzati proces dohvacanja podataka o pacijentu, a automatska lokalizacija dentalnih struktura skracuje vrijeme
stomatologu za rucnu analizu slike, no nikako ih mogu u potpunosti zamijeniti stomatologa. Za potpunu implementaciju navedenih
metoda, potrebno je vise razvojnih standarda i resursa te prevladavanje etickih i pravnih problema zamjene covjeka sa sustavom.
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