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A B S T R A C T

In dentistry, there is a growing need for accurate diagnostic tools, particularly advanced imaging techniques
such as Computed Tomography (CT), Cone Beam Computed Tomography (CBCT), Magnetic Resonance Imaging
(MRI), ultrasound, and traditional intraoral periapical X-rays. Deep Learning (DL) has emerged as a pivotal
tool, facilitating automated segmentation that is crucial for extracting essential diagnostic data.

This integration of cutting-edge technology addresses the urgent need for effective management of dental
conditions. If left undetected, these conditions can significantly affect human health. Deep Learning (DL) has
an impressive track record in various domains, including dentistry, underscoring its potential to revolutionize
early detection and treatment of oral health issues. Convolutional Neural Networks (CNNs) have demonstrated
significant results in diagnosis and prediction, representing an emerging field of multidisciplinary research. The
goals of this study were to provide a concise overview of the state of the art, standardize ongoing debates,
and establish baselines for future research.

The methodology employed in this study involved a Systematic Literature Review (SLR) to identify and
select relevant studies that specifically investigated deep learning techniques for dental imaging analysis. This
study elucidates a methodological approach that includes systematic data collection, statistical analysis, and
outcome dissemination.

By incorporating 45 studies, we identified the selection criteria and research objectives, addressing
significant gaps in the existing literature. These studies will assist clinicians in examining dental conditions
and classifying dental structures, such as detecting cavities and identifying different types of teeth. The model
performance was evaluated by addressing the identified gaps using a variety of metrics that were outlined and
explained.

This study demonstrated the effectiveness of using CNNs to analyze images and serves as an effective
tool for detecting dental pathologies. Despite acknowledging some limitations, CNNs used for segmenting and
categorizing teeth demonstrated their highest level of performance overall.
1. Introduction

Medical information plays a vital role in healthcare by assist-
ing healthcare professionals in making accurate diagnoses, providing
effective treatments, and making informed decisions about patient
care (Mogli, 2009; Pickering et al., 2013). In the realm of medical
information, medical imaging is an invaluable resource (Jdey et al.,
2023).

In contemporary healthcare, medical imaging is indispensable, pro-
viding crucial visual insights into the internal structures and conditions
of the human body (Abedalla et al., 2021). In dentistry, dental imaging
refers to the use of various imaging techniques to capture detailed
images of oral and maxillofacial structures. These images are invaluable
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for diagnosing dental conditions, planning treatment, and monitoring
oral health. Dental imaging plays a vital role in enabling dental pro-
fessionals to visualize and evaluate the teeth, jaws, and supporting
structures. It encompasses various modalities such as X-rays, Com-
puted Tomography (CT), Magnetic Resonance Imaging (MRI) (Hcini
et al., 2024), and intraoral cameras to capture detailed images of the
teeth and surrounding structures. Each imaging modality has distinct
strengths and is selected based on specific diagnostic requirements and
the clinical context.

Deep learning (DL), particularly Convolutional Neural Networks
(CNNs) and Computer Vision (CV), has revolutionized dentistry. Cutt-
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ing-edge technologies are transforming the dental industry, where den-
tal image analysis and AI integration reshape various aspects of dental
care (Khanna and Dhaimade, 2017). Harnessing DL algorithms and
CV techniques, dentistry can significantly improve diagnostic accuracy,
optimize treatment planning, and ultimately enhance patient outcomes.

The application of CNNs in dentistry involves detecting structures,
such as teeth and bones, as well as identifying pathologies, such as
caries and apical lesions. Additionally, CNNs are used to segment
images by isolating the areas of interest and classifying them based on
specific features, such as enamel caries lesions or cysts. However, it is
important to acknowledge the limitations of this study. A significant
weakness is the relatively small and private nature of the available
datasets, which restricts the diversity and size of the training data.
Moreover, some of the Artificial Intelligence (AI) solutions developed
in this domain may lack robustness and stability, raising concerns
regarding their reliability and performance.

Tooth segmentation plays a vital role in analyzing dental images for
tasks textcolorbluesuch aslesion detection, age and sex determination,
and human identification. In oral medicine, the automatic segmentation
of teeth in panoramic radiographs is a significant focus of image
analysis research. Segmenting teeth in panoramic radiographs presents
challenges due to the presence of other anatomical structures such as
the chin, spine, and jaws.

In the existing literature, numerous studies have applied CNNs to
tooth segmentation and identification in dental images. These advanced
DL techniques have exhibited promising outcomes by leveraging the
capabilities of CNNs to extract meaningful features and accurately
segment teeth in dental images.

This paper is organized as follows: Section 2 provides a summary
of the current state-of-the-art in automatic tooth segmentation and
references relevant surveys in the field. In Section 3, we delve into the
principles of DL, exploring its various categories, common applications,
and, specifically, focusing in the architecture of CNNs within the con-
text of medical image analysis in CV. The subsequent Sections 4, 5,
and 6 present the study methodologies, research topics, and synthesis
findings, offering detailed insights into the research. Finally, Sections 7
and 8 discuss the limitations of the study and provide conclusions.

2. Related work

In recent years, several surveys on deep learning-based dental image
segmentation have been conducted. This Section provides a summary
of related studies and highlights the key distinctions between this study
and existing surveys.

Schwendicke et al. (2019) conducted a survey on the application of
CNNs to dental and oral medicine imagery. Their review included 36
relevant articles and conference proceedings published between 2015
and 2019. It addressed clinical challenges in various areas, such as
general odontology. Cariology, endodontics, periodontics, orthodontics,
dental radiology, and general medicine.

Hwang et al. (2019) published a survey on deep learning in oral and
maxillofacial radiology, identifying 25 relevant papers up to December
2018 using PubMed, Scopus, and IEEE Explore databases. The study
collected data on the deep learning architecture, training dataset size,
evaluation results, advantages and disadvantages, study objectives, and
imaging modalities.

Kang et al. (2020) reviewed a previous study that explored the use
of deep-learning algorithms in dentistry and implantology. This study
analyzed 62 articles from MEDLINE and IEEEXplore, categorizing them
into tooth detection, numbering, segmentation, and bone segmenta-
tion. Articles published before October 24, 2019, were included. The
study provided information on author, year of publication, architecture,
input, output, and performance metrics

Prados-Privado et al. (2020) systematically investigated the current
state of AI in dental applications, covering the detection of diverse
dental conditions, such as teeth, caries, filled teeth, crowns, prostheses,
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dental implants, and endodontic treatments. The researchers used three
digital databases (PubMed, IEEE Xplore, and arXiv.org) to identify 18
relevant papers. It is noteworthy that the study deliberately excluded
any segmentation methods based on deep learning.

Table 1 summarizes the central distinguishing factors between this
review and existing related work. Our contributions are as follows:

• Embarking on a comprehensive exploration into the realm of Con-
volutional Neural Networks (CNNs), we delve into the intricate
tapestry of concepts, theoretical foundations, and architectures.

• Our study thoroughly examines crucial challenges in Deep Learn-
ing, including the shortage of training data, data imbalance, and
sample data quality. We also delved into the proposed solutions
to address these challenges.

• We are trying to categorize a comprehensive list of medical
imaging applications using deep learning based on specific tasks.

• By exploring well-established platforms such as Kaggle and GitHub
and specialized resources like Roboflow, researchers can effi-
ciently access a variety of public datasets mentioned in our paper.
This streamlined approach promotes collaborative research by
providing a diverse range of resources to support and enhance
their work.

3. Background

3.1. Convolutional Neural Networks (CNNs)

A Convolutional Neural Networks (CNNs) are deep learning models
tailored for analyzing grid-structured data, such as images. Composed
of multiple layers with distinct functions, the CNN architecture includes
convolutional layers, ReLU layers, pooling layers, and a fully connected
layer (Fig. 1) (Jlassi et al., 2021). CNNs automate feature extraction
from images, thereby eliminating the need for manual feature engi-
neering. The CNN architecture is composed of two primary Sections:
convolutional layers and densely connected layers.

In the convolutional layers, tensors, known as feature maps, are
used. A color image, denoted as a 3-dimensional tensor with Red,
Green, and Blue (RGB) channels (height, width, and channels), is
represented. For illustration, consider Fig. 1 using a grayscale image
of width × height pixels (Hcini et al., 2023). This corresponds to a
shape tensor (width, height, 1), indicating the number of neurons.
With a width and height of 28, the tensor has 784 neurons. For a
color image, the tensor shape is (28, 28, 3), totaling 2352 neurons.
Crucially, the image, which is a matrix with pixel colors ranging from
0 to 255, undergoes normalization to a color range between 0 and 1
before entering the network.

A typical CNN architecture involves multiple repetitions of con-
volutional layers and pooling layers, followed by one or more fully
connected layers (Alzubaidi et al., 2021). The process of transforming
the input data into output data through these layers is known as
forward propagation. The first two layers, convolution and pooling,
play a crucial role in feature extraction. The convolution layer applies
filters to the input data to capture the distinct features or patterns. Sub-
sequently, the pooling layer reduces the dimensionality of the feature
maps and preserves the essential information while discarding some
spatial details.

The final layer, that is, the fully connected layer, is responsible
for mapping the extracted features to the ultimate output, such as
the classification. It establishes connections between every neuron in
the previous layer and the neurons in the current layer, enabling the
network to learn intricate relationships and make predictions based on
extracted features.
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Table 1
Comparative Analysis of Our SLR and Existing Literature Reviews on Dental Image Segmentation..

Study Year Total number of
papers

Limitations

Schwendicke
et al. (2019)

2019 36 Studies not employing deep learning for processing
dental images have been included in the research.
Furthermore, the study lacks a comprehensive
addressing of the elements influencing the
performance of the model.

Hwang et al.
(2019)

2019 25 The factors influencing the model’s performance
were not addressed.

Kang et al.
(2020)

2020 62 The research incorporates studies unrelated to
dental images. Additionally, it fails to address the
factors affecting the model’s performance.

Prados-Privado
et al. (2020)

2020 18 The paper does not deal with the segmentation
task. The elements impacting the model’s
performance were not addressed.
Fig. 1. Outline of CNN.
3.2. Medical images analysis

In medical image analysis, tasks involving CV, such as image classi-
fication, medical image segmentation, and object detection and recog-
nition, are widely prominent. DL approaches, especially those relying
on CNNs, have demonstrated remarkable performance in addressing
these complex challenges across various medical applications. In this
Section, we present a thorough and technical assessment of current
research that exploits the latest advancements in DL and CNN-based
algorithms to propel the field of medical image analysis and enhance
our understanding.

3.2.1. Object detection
Object detection has garnered significant interest from researchers

over the past few decades. With remarkable progress in DL techniques,
the integration of AI in healthcare, where object detection plays a
crucial role, has become more prominent.

Object detection refers to the identification and localization of
instances of specific objects in an image. This technique uses CV and
image processing to recognize and locate objects in still frames and
videos. Object detection systems accurately determine the number of
objects present in a given area, track their positions, and classify them
accordingly.

The object detection process involves bounding-box annotation, in
which objects are outlined with bounding boxes. The task involves
recognizing objects captured in an image, with each object category
possessing distinct characteristics for accurate categorization. Auto-
mated medical imaging can effectively identify bone fractures, abnor-
mal cellular activities, and other medical conditions.

Several models have been developed in dentistry to identify various
dental features, such as tooth decay detection (Bayraktar and Ayan,
3

2022; Lee et al., 2021; Cantu et al., 2020; Lee et al., 2018), periapical
lesion detection (Setzer et al., 2020), and dental plaque detection (You
et al., 2020). Common architectures utilized by researchers in the
reviewed papers include Faster R-CNN (Jang et al., 2022; Chen et al.,
2019; Bilgir et al., 2021), Single Shot MultiBox Detector (SSD) (Zhang
et al., 2022), and You Only Look Once (YOLO) (Bayraktar and Ayan,
2022; Moidu et al., 2022; Jiang et al., 2022). Object detection involves
two main stages: feature extraction from the target, and subsequent
object classification and localization.

3.2.2. Classification
Image classification is commonly employed to label an image or a

series of images as having specific diseases or not (Hcini et al., 2022).
Traditionally, image classification involves extracting low or mid-level
features to represent the image, followed by employing a trainable
classifier to determine the correct label. In recent years, deep CNNs
have demonstrated their superiority over manually designed low-level
and mid-level features in terms of high-level feature representation. By
combining feature extraction and classification networks, deep CNNs
provide a unified approach that allows simultaneous training. For de-
tailed information on DL-based medical image classification methods in
clinical applications, two excellent reviews by Ker et al. (2017), Litjens
et al. (2017) are recommended. CNNs have also found applications in
dentistry for classifying medical images (Alotaibi et al., 2022; Aljabri
et al., 2022; Hcini et al., 2021; Chen et al., 2021b).

3.2.3. Image segmentation
Image segmentation is the process of dividing an image into mean-

ingful subregions or segments to identify the regions of interest (Heni
et al., 2023). This simplifies the analysis and understanding of the
entire scene in further image-processing stages. Segmentation involves
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Fig. 2. The three common type of image segmentation.
partitioning a digital image into connected pixels or regions that share
common visual characteristics such as intensity, color, texture, his-
togram, or features (Zhu et al., 2021). As indicated in Fig. 2, three
primary segmentation strategies are commonly used in building image
segmentation models: semantic segmentation 2(a), instance segmen-
tation 2(b), and panoptic segmentation 2(c). Semantic segmentation
involves labeling each pixel with a class label, indicating the category
to which it belongs. Instance segmentation goes a step further by not
only assigning class labels to pixels, but also distinguishing different
instances of the same class. Panoptic segmentation aims to combine
the advantages of semantic and instance segmentation to provide a
comprehensive understanding of an image scene.

These segmentation strategies play crucial roles in various medical
image analysis tasks, enabling the precise identification and delineation
of regions or objects of interest, which can greatly aid in diagnosis,
treatment planning, and research in dentistry and other medical fields.

3.2.4. Others
In the realm of medical imaging, various tasks harness DL tech-

niques for enhanced outcomes. Image Reconstruction (Pauwels, 2021)
employs various techniques to enhance the quality of medical images,
including improving resolution, reducing noise, and optimizing image
quality. In parallel, Image Registration (Kaji and Kida, 2019) aligns
multiple medical images from different modalities or time points, fa-
cilitating comparison for treatment planning and disease monitoring.
Image denoising (Kaji and Kida, 2019) leverages DL to minimize noise
and artifacts in medical images, resulting in clearer and more accurate
representations. Collectively, these applications showcase the versatil-
ity of DL in advancing various aspects of medical image analysis and
interpretation.

4. Materials and methods

4.1. Method of study

In this study, we used the Systematic Literature Review (SLR)
method—a rigorous and structured approach involving the assessment,
interpretation, and identification of all existing research findings to
address specific research questions (Keele, 2007). This method ad-
heres to a systematic process and protocols to minimize bias and
ensure an objective understanding (Wahono, 2020). The objective of
our SLR was to identify and analyze research trends, methodologies,
datasets, and frameworks pertaining to deep CNN approaches for dental
segmentation.

4.2. Search and selection process

The literature review process involved several steps, as depicted
in Fig. 3, outlining the study selection procedure for SLR. Initially,
all articles relevant to deep CNN-based approaches for dental segmen-
tation were identified through preliminary screening, using specific
search strings. Subsequently, the articles were subjected to inclusion
and exclusion criteria. Data extraction was conducted based on prede-
fined criteria and pertinent information was extracted from the selected
articles. Finally, the collected data were analyzed.
4

Table 2
Total number of papers found in a database.

Database name Total number of papers found (N)

1 ACM Digital Library 81
2 IEEE Xplore Digital Library 33
3 Sciences Direct Elsevier 269
4 Springer link 178
5 Willey Online Library 81

Total 642

Of the 642 articles initially identified, 45 were selected for further
study based on their relevance to the research domain. The inclusion
and exclusion criteria along with the defined research protocol were
applied consistently throughout the selection process to ensure the
quality and relevance of the selected articles.

By employing the SLR method, we aimed to provide a comprehen-
sive and objective analysis of existing research on deep CNN-based
approaches for dental segmentation.

4.2.1. Initial search
Before commencing the search, we conducted an initial exploration

to ensure the presence of a sufficient number of articles in the targeted
field. In this stage, we identified 45 articles discussing the enhancement
of dental imaging segmentation using deep CNN methods. This confir-
mation validated the suitability of the topic for conducting a Systematic
Literature Review (SLR).

4.2.2. Manual search
For the manual search, we selected the appropriate search strings

to capture a broad spectrum of related articles. We utilized five online
databases: the IEEE Xplore Digital Library (IEEE, 2023), ACM Digital Li-
brary (ACM, 2023), Wiley Online Library (Wiley Online Library, 2023),
ScienceDirect (ScienceDirect, 2023), and SpringerLink (SpringerLink,
2023).

To mitigate false-positive results, our search was confined to the
titles, abstracts, and keywords of the articles. When necessary, we ad-
justed the search query to align it with the requirements of each search
engine. The search command employed was: ((‘‘dental radiography’’
OR ‘‘dentistry’’) AND (‘‘Deep CNN based’’) AND (‘‘segmentation’’)).
A manual search was conducted separately in each database, and
the results were amalgamated into a comprehensive spreadsheet (see
Table 2).

Using the outlined search strategy, we identified 642 relevant pa-
pers. The distribution across the databases is as follows: 81 from ACM
Digital Library, 33 from IEEE Xplore Digital Library, 269 from Sci-
enceDirect Elsevier, 178 from SpringerLink, and 81 from Wiley Online
Library. After eliminating duplicate articles, 45 papers were included
and excluded (as detailed in Section 4.2).

4.2.3. Selection of studies
The study selection for our SLR involved the application of pre-

defined inclusion and exclusion criteria to the collected data. The
inclusion criteria encompassed papers published within a 10-year time-
frame (2014–2023), written in English, and specifically addressing
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Fig. 3. The systematic search and selection process.
Table 3
Inclusion and exclusion criteria.

Inclusion criteria Exclusion criteria

Ten years (2014–2023) More than ten years (2013 and less)
English language Other languages
Must include dental segmentation Not including dental segmentation
Must include Deep CNN Not including Deep CNN
Review articles Other types of scholarly publication

plant disease detection using deep CNNs. Papers failing to meet these
criteria, such as those published more than ten years ago, written
in languages other than English, or not primarily focused on plant
pathology detection with deep CNN, were excluded. The application
of these criteria facilitated the identification of relevant studies for
subsequent analysis and synthesis (see Table 3).

The selection process for relevant studies was unfolded in three
stages. Initially, screening was conducted based on the titles of the
5

papers, with each title assessed for relevance to the study according
to the predefined inclusion/exclusion criteria. Subsequently, screening
was extended to the abstracts of the papers, where those meeting the
inclusion criteria were included, and those not meeting the criteria
were excluded. Finally, the same process was repeated using the full
text of the papers. In instances where full texts were not accessible
through online databases, efforts were made to contact the authors or
locate texts from alternative sources. If full text could not be obtained,
it was excluded from the study.

5. Aims and research questions

The formulation of research questions can be organized based on
four elements: Population, Intervention, Comparison, Outcomes, and
Context (PICOC). Population refers to the targeted research group.
Intervention is a detailed aspect of research or issues that attracts
researchers. A comparison is defined as the aspect of research in which
the intervention will be compared. Outcomes are the results of the
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Table 4
Research Questions.

R_Q Id Research question Motivations

RQ1 What is the status of this field
of study?

Presents a chronological summary of the
studies selected for this SLR and shows the
trends of studies in this area in recent years.

RQ2 What was the key motivation
for applying DL to dental
image analysis?

Analyze different problems addressed by DL
algorithms in the field of dental imaging.

RQ3 What DL algorithms have
been applied?

To identify widely utilized DL models in
dentistry, examining their applications,
strengths, and potential contributions to
diagnostics, treatment planning, and overall
patient care.

RQ4 Which evaluation metrics are
most frequently used to assess
deep Convolutional Neural
Network segmentation
models?

Display the key ML or DL performance
measures to select the most appropriate
ones for the use case.

RQ5 How can future studies build
on the findings of the
reviewed papers to contribute
novel insights or address
existing limitations in the
field?

Assess the present state of the literature and
recognize any deficiencies or constraints in
the current study. Acknowledging these
gaps will create a platform for future
studies to address these challenges.

RQ6 Which data sources were
used?

To train ML or DL models and to offer a
baseline for evaluating the efficacy of the
suggested architectures, numerous public
datasets are presented.
intervention, and the context is the environment of the research (Booth
et al., 2021). Before starting the search, we determined the research
questions and created a search string. According to Table 4, six research
questions are proposed for this study.

6. Results

In this Section, we expound upon the overall statistical findings
derived from the encompassed primary investigations and subsequently
elucidate the outcomes pertinent to the research inquiries within the
subsequent Sections. The 45 primary studies incorporated into this
Systematic Literature Review are delineated in Table 11.

6.1. The current landscape of dental radiography segmentation

The 45 included studies were in the form of journal articles. We
analyzed the affiliations of the authors of the included articles to
associate them with their country of origin. The ranking highlights
the prominence of Asian countries, with China leading 10 articles,
followed by Korea with eight articles, and India with four articles.
The following are Turkey with five articles and the USA with five and
three articles, respectively. The list also features European countries,
including Germany, with three articles, and Spain with two articles.
Additionally, other representative countries include Saudi Arabia with
three articles, and from the Asian continent, Malaysia, South Korea, and
Taiwan, with one article each. South Africa and Tunisia are represented
by one article each (see Fig. 4).

Fig. 5 provides an overview of the annual growth rate of publica-
tions in this field of study. An increase in the number of publications
can indicate a growing interest in the field, whereas a decrease could
suggest that the field is a closed research area. Notably, there is a
limited representation of papers published in 2023, possibly because
of restricted access to the most recent publications at the time of the
study, indicating that the actual number of publications for that year
may be higher. We observed an overall upward trend in publications,
implying that, although the field was a relatively unpopular research
topic with no publications between 2014 and 2017, it has recently
6

attracted considerable attention from researchers.
6.2. Purposes of deep learning in dental image segmentation

CNNs have emerged as powerful tools for image recognition, partic-
ularly in the specialized domain of dental image segmentation. Lever-
aging CNN-based approaches enables rapid and accurate recognition
and classification of various diagnostic processes (Jdey et al., 2012),
thereby advancing the field of dental image processing.2D and 3D
radiographic dental images play a pivotal role in addressing a wide
spectrum of dental issues. Table 5 outlines the objectives and diseases
addressed by the 45 articles in our survey.

The tooth numbering process assigns a unique number to each tooth
by using a universal tooth numbering system. In a dental panoramic im-
age encompassing molars, premolars, canines, and incisors in both the
maxilla and mandible, the maximum tooth count reaches 16 (Fig. 2(a)).
The distribution included six molars, four premolars, four canines, and
eight incisors in each jaw. Researchers have successfully applied these
techniques to tasks such as tooth detection and numbering, periapi-
cal lesion detection, age and sex determination, caries detection and
segmentation, identification of dental structures, and the diagnosis of
various dental conditions. These studies highlighted the effectiveness
of CNN-based models in achieving high precision and recall rates.

Notably, these applications extend to forensic medicine, aiding age
estimation and gender identification based on dental characteristics.
Growing interest in this field is evident from the increasing number
of publications over the years.

Overall, the integration of DL approaches, as shown in the surveyed
studies, holds promise for enhancing the accuracy and efficiency of
dental image analysis, thereby contributing to improved diagnostic
processes and patient care.

6.3. Applied deep learning algorithms

In the background Section, we have described CNNs, which are
highly relevant for DL . Below, we will discuss the most commonly used
types of DL networks that have been employed in the reviewed studies,

based on the publications we have selected (see Table 6).
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Fig. 4. Countries of the included studies.
Fig. 5. Yearly papers on CNNs for dental X-ray segmentation.
Table 5
Automatic dental imaging segmentation purpose.
Basic detection and identification

Tooth detection and numbering Chen et al. (2019), Bilgir et al. (2021), Singh and Sehgal (2020),
Kabir et al. (2022), Brahmi and Jdey (2023)

Detection of Periapical Lesions
and segmentation of cysts

Moidu et al. (2022), Sivasundaram and Pandian (2021), Krois et al.
(2021), Setzer et al. (2020), Ekert et al. (2019)

Structural Analysis and Classification

Age and Sex determination Franco et al. (2022), Mohammad et al. (2022), Vila-Blanco et al.
(2022), Rajee and Mythili (2021)

Caries detection and segmentation Bayraktar and Ayan (2022), Lee et al. (2021), Cantu et al. (2020),
Lee et al. (2018), Zhang et al. (2022), Zhu et al. (2022), Park et al.
(2022), Imak et al. (2022)

Dental calculus identification You et al. (2020), Hsiao et al. (2021)
Detection and classification of
dental structures

Jang et al. (2022), Aljabri et al. (2022), Chen et al. (2021b), Liu
et al. (2022), Zhao et al. (2020), Kwak et al. (2020), Tian et al.
(2019), Bonfanti-Gris et al. (2022), Oztekin et al. (2022), Kohlakala
et al. (2022)

Advanced Condition Detection

Detecting dental conditions Jiang et al. (2022), Alotaibi et al. (2022), Başaran et al. (2022),
Lee et al. (2022), Chen et al. (2021a), Al Kheraif et al. (2019), Park
and Lee (2023)
7
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Table 6
Summary of Pre-Trained Models.

Model Year Architecture Main contribution Limitations

LeNet (LeCun
et al., 1998)

1998 Two convolutional (conv) layers for feature
extraction. Two subsampling layers were used
for the spatial dimension reduction. Two fully
connected layers for global understanding of
input. An output layer featuring a Gaussian
connection suggests the use of either a
Gaussian activation function or
Gaussian-weighted connections.

Recognition of handwritten
digits.

∙ Inadequate adaptation to
a variety of image classes.
∙ Utilization of oversized
filters
∙ Limited capability in
low-level feature extraction

Visual
geometry
group (VGG)
(Simonyan
and
Zisserman,
2014)

2014 Multiple layers of small 3 × 3 convolutional
filters followed by max Pool_ Layers. The fully
connected layers used ReLU activation and
dropout regularization to prevent overfitting.

An increase in the depth
of a network (number of
layers) is a critical factor
in improving performance.

∙ Incorporation of
computationally
demanding fully connected
layers.

GoogLeNet
(Inception
V1) (Szegedy
et al., 2015)

2015 Introduced the inception block in CNN. This
block uses filters of different sizes to capture
spatial information at various scales, aiming for
high accuracy with reduced computational cost.
It replaces the traditional convolutional layers
with these blocks by incorporating a 1 × 1
convolutional filter bottleneck for computation
regulation. Sparse connections and global
average pooling reduce the redundancy and
cutting parameters from 138 million to 4
million.

Development of an
inception module that
significantly reduces the
network’s parameter count,
leading to improved
computational efficiency.

∙ Cumbersome parameter
customization owing to a
heterogeneous topology
∙ Potential loss of valuable
information due to a
representational bottleneck

Inception V3
(Szegedy
et al., 2016)

2015 This architecture incorporates factorized 7 × 7
convolutions, spatial factorization using
asymmetric convolutions, and an auxiliary
classifier for label information propagation. 0In
addition, batch normalization and ReLU
activation functions were applied. With around
23 million parameters

Addresses the
representational bottleneck
by replacing large filters
with smaller ones.

∙ Elaborate architecture
design
∙ Absence of homogeneity

Faster R-CNN
(Ren et al.,
2015)

2015 A single-stage model with end-to-end training,
utilizing a novel Region Proposal Network
(RPN) for efficient region proposal generation.
It features key elements, such as the fully
convolutional RPN, which generates proposals
at a low computational cost, and the sharing of
convolutional features between the RPN and
the detection network. Training involves
stochastic gradient descent (SGD) optimization
for convolution layers, RPN weights, and the
last fully connected layer weights.

Region proposal network
(RPN)

∙ Complexity
∙ Training Time
∙ Detection Time
∙ Resource Intensiveness
∙ Model Complexity

U-Net
(Ronneberger
et al., 2015)

2015 A U-shaped encoder–decoder network
architecture, consisting of four encoder blocks
and four decoder blocks connected via a
bridge. Each encoder block involved two 3 × 3
convolutions, followed by batch normalization
and a ReLU activation function. The decoder
network employs transposed convolutional
layers for upsampling in order to restore the
original image size. The inclusion of skip
connections between encoder and decoder
blocks facilitates the recovery of spatial
information lost during downsampling.

Skip connections. ∙Sensitivity to Input Size
∙ Hardware Memory
Requirements

ResNet
(Residual
Network) (He
et al., 2016)

2015 ResNet uses residual blocks that are stacked
together to form an overall network. The
original ResNet had 34 layers with 2-layer
blocks, whereas advanced variants, such as
ResNet50, used 3-layer bottleneck blocks to
improve accuracy and reduce training time.
Skip connections in ResNet add outputs from
previous layers to the stacked layers, enabling
the training of much deeper networks than
previously possible.

Residual layer. ∙ Complexity in
architecture
∙ Degradation of
feature-map information
during feedforward
∙ Over-adaptation of
hyperparameters for
specific tasks due to the
repeated stacking of
identical modules
∙ Numerous layers may
contribute minimal or no
information.
∙ Relearning of redundant
feature maps may occur.

(continued on next page)
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Table 6 (continued).
MobileNet
(Howard
et al., 2017)

2017 The architecture comprises convolution layers,
depthwise convolution layers with BN and
ReLU, pointwise convolution layers with BN
and ReLU, global average pooling, reshaping,
dropout, additional convolutional layers,
softmax, and reshaping. With approximately
four million parameters, MobileNet was
designed to be lightweight. It features two
basic units: 3 × 3 convolution and 3 × 3
depth-wise convolution followed by 1 × 1
convolution, using separable filters to reduce
the number of input channels.

MobileNet’s architecture is
optimized for mobile and
embedded devices by
utilizing depth-wise
separable convolutions.
The sequential layers
include depthwise and
pointwise convolutions
with Batch Normalization
and ReLU.

∙ Challenges arising
from
resource-constrained
microcontrollers.
∙ Sacrifices in accuracy
compared to larger
architectures, especially
in detailed tasks.
∙ Inherent tradeoff in
accuracy due to its
small size, though often
minimal.

DenseNet
(Huang
et al., 2017)

2017 DenseNet’s architecture utilizes Dense Blocks
with densely connected layers to maximize the
feature reuse. Each block includes an input,
output, and growth rate (k) that regulate the
information flow to the next layer. Transition
Layers connect dense blocks using 1 × 1
convolutions, 1 × 1 pooling, and 3 × 3
convolutions, striking a balance between model
complexity and information flow. The Growth
Rate (k) governs the number of additional
features in each dense block, impacting the
information flow and network generalization.
Finally, the Output Layer is typically a fully
connected layer 000that maps000 the input
features to the desired class labels.

Densely connected
architecture

∙ Memory Usage

You Only
Look Once
(YOLO)
(Redmon
et al., 2016)

2016 YOLO uses a fully convolutional neural
network that passes an image through a series
of convolutional layers to extract features. It
predicts object boundaries and class labels
simultaneously, making it a powerful and
efficient DL model for object-detection tasks.

Real-time object detection ∙ Detecting small or
complex-shaped objects
and accurately handling
very large objects

Mask R-CNN
(He et al.,
2017)

2017 Incorporates a backbone network for feature
extraction, a Region Proposal Network (RPN)
for candidate region proposals, and a parallel
branch for predicting segmentation masks
alongside bounding box coordinates and class
probabilities. This comprehensive framework
excels in instance segmentation tasks and
provides pixel-level masks for accurate object
delineation.

RoIAlign layer. ∙ False alerts
∙ Missing labels
Table 7
Confusion Matrix.

Predicted class 0 Predicted class 1

Actual Class 0 True Negative (TN) False Positive (FP)
Actual Class 1 False Negative (FN) True Positive (TP)

6.4. Evaluation metrics for deep CNN segmentation in dental imaging

Tools or mechanisms for measuring model quality are known as
evaluation metrics and are crucial components for developing effective
ML or DL models. These metrics vary based on the tasks, applications,
and models (Awassa et al., 2022; Egger et al., 2022). In the context
of dental image segmentation, we outlined the evaluation metrics
employed in the selected studies.

Table 8 presents the various performance measurement formulas.
For a comprehensive overview of the commonly used evaluation mea-
sures along with their interpretation and implementation, refer to
Table 7. These metrics are derived from the attributes in the Confusion
Matrix (Table 8), which is a two-dimensional matrix that provides
information about Actual and Predicted classes. Key attributes include:

• TP True-Positive is the number of Positive cases classified cor-
rectly.

• TN True-Negative is the number of Negative cases classified
correctly.
9

• FP False-Positive is the number of cases where the model pre-
dicted Positive class, but the actual class was Negative. Also
known as Type 1 Error.

• FN False-Negative is the number of cases where the model pre-
dicted Negative class, but the actual class was Positive. Also
known as Type 2 Error.

To evaluate dental image segmentation models, it is important to
note that in addition to the metrics discussed in this Section, some
studies have utilized specific measures such as Volumetric Overlap
Error (VOE) and Relative Volume Difference (RVD) (Chun et al., 2023).
These measures provide a thorough assessment of model performance,
especially when applied to volumetric tomographic images, such as
Cone Beam Computed Tomography (CBCT). Volumetric Overlap Error
(VOE) measures the degree of mismatch between segmented and actual
regions, offering insights into the accuracy of segmentation in terms
of spatial localization. Relative Volume Difference (RVD) quantifies
volume differences between segmented regions and true anatomical
volumes, providing an assessment of accuracy in terms of quantity.
Thus, by considering these additional metrics, researchers can ob-
tain a more comprehensive evaluation of the performance of dental
image segmentation models, particularly when applied to volumetric
tomographic images, such as CBCT scans Fig. 6).

Specificity and Sensitivity
Specificity and sensitivity are standardized and recognized mea-

sures for evaluating the performance of medical-image segmentation.
Sensitivity, also known as recall or true-positive rate, focuses on the
capability of detecting true positives in pixel classification, whereas
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Table 8
Performance Evaluation Metrics.

Metric Formula Description Study

Accuracy (Pixel
Accuracy (PA))

𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑃 𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠(𝑇𝑃 + 𝑇𝑁)
𝑇 𝑜𝑡𝑎𝑙𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑃 𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠(𝑇𝑃 + 𝑇𝑁 +𝐹𝑃 +𝐹𝑁)

= (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓 𝑖𝑒𝑑 𝑝𝑖𝑥𝑒𝑙𝑠)
(𝑇 𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠)

∗
100%

Determines how frequently an algorithm
correctly classifies a data point. This is
the number of items correctly identified
as true positives or true negatives of the
total number of items.

Bayraktar and Ayan (2022), Cantu et al. (2020),
Lee et al. (2018), Moidu et al. (2022), Jiang et al.
(2022), Alotaibi et al. (2022), Aljabri et al. (2022),
Chen et al. (2021b), Singh and Sehgal (2020),
Kabir et al. (2022), Sivasundaram and Pandian
(2021), Franco et al. (2022), Mohammad et al.
(2022), Vila-Blanco et al. (2022), Rajee and
Mythili (2021), Zhu et al. (2022), Park et al.
(2022), Imak et al. (2022), Hsiao et al. (2021), Liu
et al. (2022), Zhao et al. (2020), Kwak et al.
(2020), Tian et al. (2019), Oztekin et al. (2022),
Kohlakala et al. (2022), Lee et al. (2022), Al
Kheraif et al. (2019), Choi et al. (2023), Chun
et al. (2023), Amasya et al. (2024)

Precision 𝑇𝑃
𝑇𝑃 +𝐹𝑃

Agreement between true class labels and
machine predictions. It is calculated by
adding all true positives and false
positives in the system across all classes.

Lee et al. (2021), Jang et al. (2022), Chen et al.
(2019), Bilgir et al. (2021), Jiang et al. (2022),
Alotaibi et al. (2022), Aljabri et al. (2022), Chen
et al. (2021b), Franco et al. (2022), Rajee and
Mythili (2021), Zhu et al. (2022), Park et al.
(2022), Imak et al. (2022), Zhao et al. (2020),
Kohlakala et al. (2022), Başaran et al. (2022), Al
Kheraif et al. (2019), Brahmi and Jdey (2023),
Choi et al. (2023), Slimani et al. (2023), Chun
et al. (2023), Ali et al. (2023)

Recall
[(Sensitivity)
(True Positive
Rate TPR)]

𝑇𝑃
𝑇𝑃 +𝐹𝑁

Ability of a classifier to identify class
labels. It is calculated by adding all true
positives and false negatives in the
system across all classes.

Bayraktar and Ayan (2022), Lee et al. (2021),
Cantu et al. (2020), Lee et al. (2018), Chen et al.
(2019), Bilgir et al. (2021), Moidu et al. (2022),
Jiang et al. (2022), Alotaibi et al. (2022), Aljabri
et al. (2022), Chen et al. (2021b), Singh and
Sehgal (2020), Kabir et al. (2022), Sivasundaram
and Pandian (2021), Krois et al. (2021), Ekert
et al. (2019), Franco et al. (2022), Rajee and
Mythili (2021), Zhu et al. (2022), Park et al.
(2022), Imak et al. (2022), Liu et al. (2022), Zhao
et al. (2020), Bonfanti-Gris et al. (2022),
Kohlakala et al. (2022), Slimani. et al. (2024), Al
Kheraif et al. (2019), Choi et al. (2023), Heni
et al. (2022), Chun et al. (2023), Bouzidi et al.

Specifcity 𝑇𝑁
𝐹𝑃 + 𝑇𝑁

is referred to as the true-negative rate.
This function computes the proportion
of actual negative cases predicted as
negative by ‘‘the’’ model.

Bayraktar and Ayan (2022), Cantu et al. (2020),
Lee et al. (2018), Jang et al. (2022), Moidu et al.
(2022), Alotaibi et al. (2022), Aljabri et al. (2022),
Singh and Sehgal (2020), Kabir et al. (2022),
Sivasundaram and Pandian (2021), Krois et al.
(2021), Ekert et al. (2019), Franco et al. (2022),
Rajee and Mythili (2021), Imak et al. (2022), Liu
et al. (2022), Zhao et al. (2020), Bonfanti-Gris
et al. (2022), Al Kheraif et al. (2019), Chun et al.
(2023)

F1-score 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

It measures the effectiveness of
identification when recall and precision
are equally important.

Lee et al. (2021), Cantu et al. (2020), Jang et al.
(2022), Bilgir et al. (2021), Moidu et al. (2022),
Jiang et al. (2022), Alotaibi et al. (2022), Aljabri
et al. (2022), Chen et al. (2021b), Sivasundaram
and Pandian (2021), Krois et al. (2021), Zhu et al.
(2022), Kohlakala et al. (2022), Başaran et al.
(2022), Al Kheraif et al. (2019), Brahmi and Jdey
(2023), Choi et al. (2023), Amasya et al. (2024)

Cohen’s Kappa 𝑃0 −𝑃𝑒

1−𝑃𝑒
where 𝑃0 is the observed

relative agreement between raters
and 𝑃𝑒 is the hypothetical
probability of chance agreement.

Represents the level of precision and
reliability in a statistical classification
and assesses the degree of agreement
between two raters (judges) who each
assign items to mutually exclusive
categories.

Alotaibi et al. (2022), Mohammad et al. (2022),
Choi et al. (2023), Amasya et al. (2024)

Dice similarity
coefficient (DSC)

(2 ∗ 𝑎𝑟𝑒𝑎 𝑜𝑓 𝑜𝑣𝑒𝑟𝑙𝑎𝑝)
(2 ∗ 𝑎𝑟𝑒𝑎 𝑜𝑓 𝑜𝑣𝑒𝑟𝑙𝑎𝑝)(𝑇 𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑏𝑜𝑡ℎ𝑖𝑚𝑎𝑔𝑒𝑠),

It is used to assess how well a predicted
segmentation matches the corresponding
ground truth in terms of the pixel-level
agreement..

Setzer et al. (2020), Moidu et al. (2022), Kabir
et al. (2022), Sivasundaram and Pandian (2021),
Rajee and Mythili (2021), Zhu et al. (2022), Liu
et al. (2022), Zhao et al. (2020), Lee et al. (2022)

Receiver
operating
characteristic
(ROC)

Does not have a specific formula The ROC curve is a graphical display of
sensitivity (TPR) on the y-axis and (1 –
specificity) (FPR) on the x-axis for
varying cut-off points of the test values.

Lee et al. (2018), Zhang et al. (2022),
Bonfanti-Gris et al. (2022), Chun et al. (2023)

(continued on next page)
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Table 8 (continued).
Metric Formula Description Study

Area under the
curve (AUC)
Average
precision (AP))

AUC = 1 − 1
2
( 𝐹𝑃
𝐹𝑃+𝑇𝑁

+ 𝐹𝑁
𝐹𝑁+𝑇𝑃

) AP
=∫ 1

𝑟=0 𝑝(𝑟) d𝑟
mean Average precision (mAP)
mAP = 1

𝑁

∑𝐾=𝑛
𝑘=1 𝐴𝑃𝑘

As a single scalar value, the AUC
measures the performance of a binary
classifier. It lies between [0.5–1.0],
where the minimum value represents
random classification, and the maximum
value represents perfect classification.

Bayraktar and Ayan (2022), Lee et al. (2018),
Chen et al. (2019, 2021b), Ekert et al. (2019),
Vila-Blanco et al. (2022), Park et al. (2022), Hsiao
et al. (2021), Bonfanti-Gris et al. (2022), Chen
et al. (2021a), Brahmi and Jdey (2023), Chun
et al. (2023), Ali et al. (2023)

Intersection over
Union (IoU)
[Jaccard index
(JI)]

𝐴𝑟𝑒𝑎𝑝𝑟𝑒𝑑
⋂

𝐴𝑟𝑒𝑎𝑔𝑡
𝐴𝑟𝑒𝑎𝑝𝑟𝑒𝑑

⋃

𝐴𝑟𝑒𝑎𝑔𝑡

= 𝑇𝑃
𝑇𝑃+𝐹𝑃+𝐹𝑁

It is used to evaluate the performance of
object detection by comparing the
ground truth bounding box to the
predicted bounding box.

You et al. (2020), Jang et al. (2022), Chen et al.
(2019), Moidu et al. (2022), Kabir et al. (2022),
Sivasundaram and Pandian (2021), Kwak et al.
(2020), Oztekin et al. (2022), Lee et al. (2022),
Chen et al. (2021a), Park and Lee (2023)

Matthews
correlation
coefficient
(MCC)

TP⋅TN−FP⋅FN
√

(TP+FP)⋅(TP+FN)⋅(TN+FP)⋅(TN+FN)
The MCC is used for binary classification
and is considered particularly useful in
unbalanced class situations. takes values
between 1 (perfect correlation between
the ground truth and predicted outcome)
and −1 (inverse or negative correlation);
a value of 0 denotes a random
prediction.

Cantu et al. (2020), Moidu et al. (2022), Alotaibi
et al. (2022)
Fig. 6. Summary of performance evaluation measures reviewed in SLR.
specificity, also known as the true-negative rate, evaluates the ca-
pabilities of correctly identifying true-negative classes (such as the
background class). The specificity in image segmentation tasks demon-
strates the ability of the model to recognize the background class in
an image. Specificity ratios near 1 are expected because of the large
percentage of pixels labeled as background compared with the region
of interest (ROI). Therefore, specificity is a good statistic for checking
the model’s operation, but not for its performance.

Accuracy/Rand Index (Müller et al., 2022)
Accuracy, also known as the Rand Index or Pixel Accuracy, is

defined as the number of correct predictions including positive and
negative predictions divided by the total number of predictions. How-
ever, in the case of unbalanced data, the accuracy may not be the
best measure of performance (Alotaibi et al., 2022; Ekert et al., 2019).
Measuring accuracy will always produce an unrealistic result owing to
the inclusion of true-negatives. Even when predicting the segmentation
of an entire image as a background class, the accuracy rates are often
greater than or close to 100
11
F-measure, IoU, and DSC
The F-measure, often known as the F-score, is one of the most

extensively used metrics for quantifying the performance in computer
vision. It is derived from the sensitivity and precision of a prediction,
which analyzes the overlap between the expected segmentation and
ground truth. However, by considering accuracy, it also penalizes
false positives, which are prevalent in datasets with a significant class
imbalance. There are two prominent metrics based on the F-measure:
intersection over union (IoU), often known as the Jaccard index or
Jaccard similarity coefficient, and the Dice similarity coefficient (DSC).
DSC is referred to as the harmonic mean of the sensitivity and precision.
The IoU penalizes under- and over-segmentation more than the DSC.
Although these scores are suitable metrics and the most common metric
in validating medical image segmentation (Liu et al., 2022), they are
not employed for evaluating the performance of the suggested models
in the majority of the articles analyzed in our SLR.

ROC and AUC
The ROC curve, short for Receiver Operating Characteristic, is a line

plot that visualizes a classifier’s performance with different discrimi-
nating thresholds. Performance was measured by comparing the true
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positive rate (TPR) to the false positive rate (FPR). In the medical field,
ROC curves are widely accepted as standard metrics for comparing
several classifiers when assessing diagnostic tests. Hanley and McNeil
(1982) proposed the area under the ROC curve (AUC) as a single-
value performance assessment tool for diagnostic radiology. The AUC
measure has become a popular tool for validating ML classifiers ranges
from 0 to 1. A model with 100% incorrect predictions had an AUC of
0.0, whereas that with 100% correct predictions had an AUC of 1.0.

Other metrics
For a segmentation system to be helpful and make a significant

contribution to the field, its performance must be systematically tested.
Furthermore, the evaluation must be performed using conventional
and well-known measures that allow for fair comparison (Jdey, 2022).
Other metrics exist and can be used based on the research topic
and interpretive emphasis of the study. We refer the reader to the
excellent studies by Taha and Hanbury (2015). Additionally, Wang
et al. (2020) described the application of metrics in the evaluation of
natural, medical, and remote sensing images, and presented supervised
and unsupervised evaluation methods in the application.

6.5. Public datasets for dental radiography analysis

Dental research heavily relies on diverse datasets to achieve optimal
performance. In addressing the last Research Question (RQ6), our
examination, summarized in Table 11, highlights that most studies
predominantly used private datasets, with only three studies opting
for public datasets. Panoramic radiography is the most commonly used
type of dental imaging, providing a comprehensive view of both the
upper and lower jaws on a single film. This makes them essential for
orthodontic treatment planning and monitoring tooth development.
Furthermore, several studies have utilized CBCT to provide detailed
3D visualization. Meanwhile, classic modalities, such as periapical and
bitewing radiographs, continue to offer critical diagnostic information
about numerous dental diseases. Our systematic literature review un-
derscores a significant dearth of publicly available datasets suitable for
extracting relevant features related to oral medical conditions. Three
datasets have been identified in the public domain (Silva et al., 2018;
Abdi and Kasaei, 2020a; Walid and Imen, 2023). Recognizing the
crucial impact of data on shaping the efficacy of ML and DL models,
delving into publicly accessible datasets presents a significant potential
to bolster the resilience and applicability of DL models in dentistry.
Given this shortcoming, we aimed to provide comprehensive insights
into specific publicly available reference datasets. Table 9 delineates
the characteristics of public datasets for diagnosing dental problems.

1. MLUA dataset (Wang et al., 2023): made up of 100 panoramic
radiographs, each measuring 2943 × 1435 pixels, and accompa-
nied by PNG masks. This dataset, which is available on GitHub
(Wang et al., 2024), includes full-size X-ray images along with
segmentation caries masks specifically designed for the seg-
mentation of dental caries in oral panoramic radiographs. As a
valuable source for research on accurate caries identification, the
repository provides test samples and implementable codes.

2. The Tufts Multimodal Panoramic X-ray Dataset (Panetta et al.,
2021b): originating from Tufts University and available on Kag-
gle (Panetta et al., 2024), comprises 1000 labeled panoramic
dental radiography images. These images, saved in TIFF/JPEG
format with dimensions of 840 × 1615 pixels, were categorized
into periapical, odontogenic, pericoronal, inter-radicular, and
normal cases. The dataset included radiographs, labeling masks,
gray and quantized maps generated with eye-tracking software,
tooth masks with labels, and a region-of-interest mask outlining
the maxillomandibular region. This dataset is valuable for refin-
ing tooth segmentation algorithms and incorporating radiologist
expertise into precise diagnosis systems.
12
3. The Dental Radiography Analysis and Diagnosis Dataset:
accessible on Kaggle (Momeni, 2024), comprises 1269 labeled
panoramic radiographs, with each image measuring 512 𝑡𝑖𝑚𝑒𝑠
256 pixels. This dataset plays a crucial role in the classification
of dental conditions, encompassing categories such as cavities,
fillings, impacted teeth, and implants. Its significance is under-
scored by its substantial contribution to the advancement and
refinement of tooth-classification algorithms.

4. The Teeth Segmentation on Dental X-ray Images (Humans in
the Loop, 2024a): It is an annotation conducted by a team of
12 trainees in the Democratic Republic of Congo. This annota-
tion process focused on the ‘‘Panoramic Radiography Database’’,
which encompasses 598 images. Originally published by Román
et al. (2021), this database is specifically tailored for dental
segmentation within radiological scans. The images are in JPEG
format, with dimensions of 2041 𝑥 1024 pixels, and were cap-
tured using the Owandy I-max Touch panoramic radiography
equipment at the Departamento de Radiología de la Facultad
de Odontología, Universidad Nacional de Asunción, in Asun-
cion, Paraguay. This valuable resource plays a significant role
in advancing dental segmentation techniques, and serves as a
beneficial tool for research in dental radiology.

5. The Panoramic Dental X-ray With Segmented Mandibles
Dataset (Abdi and Kasaei, 2020b): comprises 2000 BMP for-
mat images, each with dimensions of 2900 × 1250 pixels. This
dataset features anonymized and de-identified panoramic dental
X-rays obtained from 116 patients at the Noor Medical Imaging
Center in Qom, Iran, using the Soredex Cranex D digital X-ray
unit. The subjects in the dataset encompassed a diverse range
of dental conditions including healthy, partial, and completely
edentulous cases. To enhance versatility, derived subsets were
created, and images were categorized based on features such as
the vertical distance between the alveolar process, ramus width,
gonial angle acuteness, and inferior mandible characteristics.

6. The DENTEX dataset (Hamamci et al., 2023): is a meticu-
lously curated compilation of panoramic dental X-rays sourced
from diverse clinical settings, ensuring authenticity in image
quality. Prioritizing patient confidentiality, the dataset is acces-
sible on the Zenodo open-access archival deposition platform
at Hamamci (2024) and is hierarchically organized into three
main categories: is hierarchically organized into three main
categories:

• Quadrant Detection (693 X-rays).
• Tooth Detection and Enumeration (634 X-rays).
• Fully Annotated Abnormal Tooth Detection (1005 X-rays),

featuring diagnosis classes such as caries, deep caries, pe-
riapical lesions, and impacted teeth.

Additionally, an extra set of 1571 unlabeled X-rays was provided
for pretraining purposes. This dataset serves as a valuable re-
source for advancing research on dental image analysis and the
application of artificial intelligence in dentistry.

Following an exploration of the most common public datasets, it is
imperative to introduce another noteworthy public dataset source. The
Roboflow Universe (Humans in the Loop, 2024b) is a pivotal resource
that consolidates a compilation of open-source datasets and Application
Programming Interfaces (APIs) meticulously crafted for applications
in computer vision. This contribution enriches academic discourse by
providing researchers with a diverse and accessible set of resources
tailored to advance the field of computer vision.

6.6. How can future studies build upon the findings of the reviewed papers
to contribute novel insights or address existing limitations in the field?

This Section explores the gaps revealed through the analysis of

fundamental studies in our systematic literature review, specifically
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Table 9
Summary of Characteristics of Public Datasets.

Dataset (Ref) Size, modality and format Disease category Dataset challenges

MLUA dataset
(Wang et al., 2024)

100 panoramic radiographs
with their labeling masks in
the PNG format, each
measuring 2943 × 1435
pixels.

Dental caries. Accurate segmentation of
dental caries in oral
panoramic medical images.

Tufts Multimodal
Panoramic X-ray
Datase (Panetta
et al., 2024)

1000 panoramic radiographs
with their labeling masks in
TIFF/JPEG format, each
measuring 840 × 1615 pixels.

Tooth
abnormalities.

Image enhancement, tooth
segmentation, and
abnormality detection.

Dental Radiography
Analysis and
Diagnosis Dataset
(Momeni, 2024)

1269 labeled panoramic
radiograph in JPG format s,
each image measuring 512 ×
256 pixels

Tooth
classification

Dental classification
algorithms

Teeth Segmentation
on Dental X-ray
Images (Humans in
the Loop, 2024a)

598 panoramic radiographs
are provided in JPG format,
along with their corresponding
labeling masks in PNG format,
each image measuring
2041 × 1024 pixels.

No disease
categories were
identified.

Tooth numbering.

Panoramic Dental
X-ray With
Segmented
Mandibles Dataset
(Abdi and Kasaei,
2020b)

2000 Panoramic BMP format
images, each with dimensions
of 2900 × 1250 pixels.

Mandible lesions Mandible Segmentation for
the Identification of
Anatomical Structures.

The DENTEX dataset
(Hamamci, 2024)

Panoramic radiographs are
available in the PNG format,
with each image measuring
2872 × 1504 pixels.

caries, deep
caries, periapical
lesions, impacted
teeth

quadrant detection, tooth
detection with quadrant
and tooth enumeration
classes, and abnormal
tooth detection with
quadrant, tooth
enumeration, and diagnosis
classes.
focusing on the segmentation of dental panoramic images. By highlight-
ing the current deficits, our objective was to establish a clear framework
for future research in this specific domain. This critical synthesis of
gaps will serve as a robust foundation for discussing potential directions
in future research, paving the way for innovative contributions to
enhance and enrich dental panoramic-image segmentation. Following
this, we briefly present the main identified gaps and envisioned avenues
for future research. The prevalent gaps identified in the literature
review entailed challenges linked to diverse facets. These challenges
are described in Table 10.

As shown in Fig. 7,in assessing the landscape of dental image
analysis, our investigation revealed critical considerations in the de-
velopment and deployment of deep learning (DL) models. Notably, the
dataset size and source emerged as pivotal factors influencing model
development, with seven studies highlighting the challenges related to
small dataset sizes. Recommendations include the implementation of
data augmentation techniques, transfer learning, and the enrichment
of datasets with diverse images from multiple sources.

Image quality is another substantial challenge, as acknowledged in
two studies. These studies advocate preprocessing methods to address
poor-quality images and improve model robustness to effectively han-
dle variations in image quality. Additionally, three studies addressed
the complexities associated with data processing and labeling, empha-
sizing challenges in manual mask creation and proposing solutions such
as automated mask generation and unsupervised learning for region
identification.

Recognizing that DL models are not a replacement for clinical data,
four studies underscored the importance of integrating model predic-
tions seamlessly with periodontal charting and other clinical data. The
specific limitations and factors impacting the development, deploy-
ment, and effectiveness of the DL models were thoroughly examined.
Challenges include difficulties in accurately identifying the number of
13
teeth, complexities in localizing dental issues, and increased complexity
and training time.

This comprehensive evaluation also sheds light on platform-related
issues such as image dimensions and memory constraints, with two
studies addressing these concerns. Furthermore, the impact of lower
radiation doses on AI performance in dental imaging was explored
in one study, whereas another study investigated the potential of
automated image analysis based on 3D imaging for lesion detection.
Collectively, these findings contribute to a nuanced understanding of
the challenges and opportunities in the application of DL models in
dental image analysis.

7. Limitations of the study

Numerous techniques based on DL have been identified for den-
tal image segmentation. However, it is essential to acknowledge the
limitations of the SLR. These limitations are described below.

1. Only journal articles discussing dental image segmentation were
included in this SLR. Our search technique led to the discov-
ery and subsequent exclusion of several unrelated publications
during the preliminary stages of the study. This stringent ap-
proach ensured that the selected research papers aligned with
the requirements of the investigation. However, the inclusion of
additional sources, such as books or conference papers, could
further enrich the review.

2. This review is confined to papers available in the English lan-
guage.

3. There is a possibility that other digital libraries containing rel-
evant studies may have been overlooked, even though digital
databases were thoroughly considered during the review of the
study articles.
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Table 10
Challenges, Gaps and Future Work.

Aspects Limitations and studies Improving solutions and charting future paths

Dataset Size
and source

The dataset size is pivotal in DL model development because it directly
impacts the model’s capacity to learn and generalize. A larger dataset
provides more diverse examples, enabling the model to capture a broader
range of patterns and variations in real-world scenarios.
− The dataset used was relatively small (Bayraktar and Ayan, 2022; Moidu
et al., 2022; Aljabri et al., 2022; Lee et al., 2021; Bilgir et al., 2021; You
et al., 2020; Tian et al., 2019).
− To assess tooth-level or case-level Residual Bone Loss (RBL) for a large
cohort, the model requires more images for further optimization. Lee et al.
(2022)
− The dataset is collected from a single organization or single device,
limiting its diversity (Zhang et al., 2022; Oztekin et al., 2022; Liu et al.,
2022; Moidu et al., 2022; Jiang et al., 2022; Bonfanti-Gris et al., 2022;
Krois et al., 2021; Başaran et al., 2022; Lee et al., 2021).
− Absence of external test group (Başaran et al., 2022; Cantu et al.,
2020).
− Heterogeneity in Image Sources (Amasya et al., 2024) or Distribution of
Heterogeneous Images (Alotaibi et al., 2022).
− The data collected for the study were unbalanced due to high labeling
costs. Park and Lee (2023)

−Employing data-augmentation methods (Bayraktar
and Ayan, 2022; Mohammad et al., 2022).
− Exploring Fine-tuning with transfer learning
(Jang et al., 2022; Setzer et al., 2020).
− Enriching the dataset with diverse data from
multiple global sites and from various devices
(Zhang et al., 2022; Oztekin et al., 2022).
− Exploring the integration of non-imagery data,
such as patient history, clinical signs, and
symptoms, with imagery data within a DL system
(Moidu et al., 2022; Alotaibi et al., 2022; Jiang
et al., 2022; Moulahi et al., 2023).
− Seek external validation of the neural network
on diverse test sets to assess generalizability.
(Amasya et al., 2024) showcased DiagnoCat AI’s
adaptability across diverse image sources and
configurations, independent of specific devices or
imaging parameters https://diagnocat.com.

Image
Quality

The defined by attributes such as clarity, sharpness, and minimal noise.
− Poor-quality images, such as those with overlapping teeth or distorted
tooth length, can mislead the diagnosis, and the model does not
automatically exclude them (Lee et al., 2022; Aljabri et al., 2022).
− Capturing various aspects of a tooth and the difficulties associated with
internal tooth structure and the interproximal tooth surface in intraoral
photography (Park et al., 2022; Kabir et al., 2022; Chen et al., 2021b;
Amasya et al., 2024).
− Handling Incorrectly Oriented Radiographs (Kabir et al., 2022).
− CBCT provides high resolution, but its accuracy in density measurement
is inferior to traditional CT (Kwak et al., 2020)

− Explore methods for preprocessing or filtering
poor-quality images prior to analysis.
− Improve the model’s robustness to handle
variations in image quality.
− Conduct an investigation into a more realistic
simulated X-ray acquisition process (Kohlakala
et al., 2022).

Data
Processing
and Labeling

Refines raw data through operations such as resizing and normalization,
and optimizing it for effective model training. Simultaneously, data
labeling assigns categorical or numerical tags to each data point, providing
a crucial ground truth for supervised learning and enhancing the model’s
ability to generalize and make accurate predictions.
− Manual Mask Creation and Pre-processing poses a challenge due to its
time-consuming nature and the need for expertise, consequently restricting
scalability and potentially introducing errors (Oztekin et al., 2022; Kwak
et al., 2020).
− In the benchmark dataset, certain categories are labeled more coarsely
than others (Zhao et al., 2020).
−Complexities in Labeling: especially when premolar teeth are missing
without clear spacing. Ali et al. (2023)

− Investigate automated and semi-automated
methods for mask generation. Explore
unsupervised learning techniques for region
identification (Oztekin et al., 2022).
− The ambiguity in bounding box boundaries
persists in object detection (Jang et al., 2022).

Not a
Replacement
for Clinical
Data

While advantageous, DL models are not designed to replace the vital
clinical data and expertise provided by healthcare professionals.
− The resulting model has not been used in a clinical setting, and it is not
designed to replace periodontal charting and other clinical data. Lee et al.
(2022), Jiang et al. (2022), Vila-Blanco et al. (2022), Cantu et al. (2020).
− The study acknowledges a low success rate in identifying dental caries
and calculus, making the AI models impractical for clinical use (Başaran
et al., 2022).

− Explore seamless integration of the model’s
predictions with periodontal charting and data.

(continued on next page)
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Table 10 (continued).
Specific
limitations

Additional factors that impact the development, deployment, and
effectiveness of DL models.
− The model faces challenges in accurately identifying tooth numbers or
positions, particularly when multiple teeth are missing (Lee et al., 2022).
− The model faces difficulties in precisely localizing specific dental issues.
Zhang et al. (2022), Oztekin et al. (2022)
− Increased Complexity and Training Time (Park and Lee, 2023).
− The study did not compare the diagnostic performance of CNNs with
that of dentists (Bayraktar and Ayan, 2022).
− Image Dimensions and platform Memory Constraints (Google Colab)
(Alotaibi et al., 2022; Brahmi and Jdey, 2023).
− Overfitting (Mohammad et al., 2022).
− While capable of estimating age and sex with a single tooth, the models’
performance is anticipated to enhance with multiple teeth, potentially
limiting applicability in scenarios with few visible or accessible teeth
(Vila-Blanco et al., 2022).
− Exemplary Use-Case Focus (Krois et al., 2021).
− Determining the estimation success of each type of tooth (incisors,
canines, premolars, molars) (Bilgir et al., 2021).
− The Faster R-CNN network, while generally successful, encountered
issues in recognizing two ’half teeth’ as a single intact tooth due to the
inherent limitations of CNNs not considering spatial relationships between
image features (Chen et al., 2019).

Distinguishing implants with different types of
internal connections (Kohlakala et al., 2022).
− Understanding the trade-offs between image
resolution and memory constraints (Alotaibi et al.,
2022).
− Dropout (Mohammad et al., 2022).
− Investigating the impact of lower radiation doses
on AI performance in dental imaging (Bilgir et al.,
2021).
− Automated image analysis based on 3D imaging
to assist clinicians in lesion detection and
contribute to the differential diagnosis of
periapical pathology and nonodontogenic lesions
(Setzer et al., 2020).
Fig. 7. Challenges in deep learning for dental imaging analysis.
4. The impact of hyperparameters, such as the number of epochs,
batch size, and the number of layers, on model performance has
not been addressed in this study.

8. Conclusion and future work

In conclusion, the amalgamation of Deep Learning (DL) and oral
healthcare analysis has witnessed a substantial surge in research in-
terest over the past decades, culminating in a continuous evolution
of innovative models and methodologies. These advancements, char-
acterized by the potential of DL algorithms, empower dentists in var-
ious dimensions of clinical practice, from precise tooth identification
to the categorization of dental pathologies, assessment of prosthetic
structures, and reduction of errors. The promising prospects of DL
algorithms extend further to the optimization of clinical workflows,
ultimately contributing to enhanced treatment outcomes.

Through a meticulous review of seminal articles focusing on DL
methodologies in dental image segmentation, recent publications have
been systematically categorized based on specific objectives. An in-
depth exploration of the predominant evaluation metrics was con-
ducted, accompanied by the identification and analysis of significant
15
challenges across facets, such as dataset size, image quality, data pro-
cessing, and labeling. Each challenge was scrutinized along with its
limitations, pertinent studies, and proposed solutions, collectively shap-
ing a comprehensive understanding of the field. Anticipating that this
study provides readers with nuanced insights, we underscore potential
avenues for future research and highlight the paramount importance
of the quality and scale of databases in enhancing the efficacy of
machine learning models in dentistry. Although three public databases
were identified in the reviewed studies, we emphasize the need to
expand our resources. A proactive exploration of emerging platforms
such as Kaggle, Roboflow, and GitHub is advocated to discover and
incorporate new public databases. This strategic approach seeks to
enrich the diversity of available data, foster substantial improvements
in models, and yield more representative examples of the challenges
encountered in real clinical scenarios.

Our upcoming research projects are inspired by the insights gained
from this comprehensive Systematic Literature Review (SLR). Our pri-
mary objective was to develop an innovative algorithm for dental
pathology segmentation that harnesses the power of DL. A particular
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Table 11
List of reviewed studies.

Authors Dataset characteristics Data Aug-
mentation?

Main objective& Architecture Task Performance

Brahmi and Jdey
(2023)

A public dataset consisting of
107 panoramic x-ray images
(Walid and Imen, 2023).

No The Mask-RCNN network was utilized to
perform pixel-level instance segmentation
on a dataset1 containing 107 panoramic
X-ray images of both young and adult
patients. Subsequently, the Mask-RCNN
network underwent training on dataset2,
which comprises 73 panoramic X-ray
images excluding those of young patients.

Instance
segmentation
and Detection

mAP = 90%, F1-sore = 63% and
precision = 96%

Choi et al.
(2023)

Private dataset consisting of
402 periapical radiography
(PA), 138 Dens evaginatus
and 264 normal cases. Divided
into training set (𝑁 = 282,
70%), validation set (𝑁 = 70,
18%) and test set (𝑁 = 50,
12%).

Yes Five DL models in image classification,
including a simple CNN model, VGG,
DenseNet, ResNet, abd InceptionResNetV2,
were selected for the diagnosis of Dens
evaginatus (DE).

Classification F Model means (Full Image) and
C Model mans (Cropped Image)
AUC:
F Model = 0.895, C Model =
0.901
Accuracy:
F Model = 0.828, C Model =
0.832
Precision:
F Model = 0.869, C Model =
0.856
Recall:
F Model = 0.871, C Model =
0.898
F1 Score:
F Model = 0.869, C Model =
0.876
Cohen’s Kappa:
F Model = 0.774, C Model =
0.684

Chun et al.
(2023)

A Private dataset included
CBCT images from 50
patients, which were divided
into a training set (64
volumes, 3546 images) and a
test set (36 volumes, 1804
images). Each axial image,
cropped to 512 ∗ 512 pixels,
served as input for the
segmentation network.

No Development and implementation of a
distance-aware network for the automated
classification of the three-dimensional (3D)
positional relationship between an impacted
mandibular third molar (M3) and the
inferior alveolar canal (MC) in cone-beam
CT (CBCT) images, incorporating the
accurate segmentation capabilities provided
by the Dense121 U-Net.

Segmentation
Classification

Segmentation performance:
IoU = 0.872, DSC = 0.920,
Precision = 0.946, Recall = 0.918

Classification performance:
Accuracy = 1.00, Sensitivity =
1.00, Specificity = 1.00, AUC =
1.00

Amasya et al.
(2024)

Private dataset consisting of
6000 panoramic radiographs
with 45,161 annotated
instances.

No Two separate models are trained for
different tasks. The first model uses Mask
R-CNN with a pretrained ResNet-101
backbone to detect teeth, segment their
masks, and define their numbering. The
second model, based on the Cascade R-CNN
architecture, is used for predicting
periodontal bone loss.

Segmentation
Classification

For tooth conditions: Overall
F-score, accuracy, and Cohen’s
kappa coefficients were found to
be 0.948, 0.977, and 0.933 for
the binary results.
For multiclass results, the
corresponding values were 0.992,
0.988, and 0.961.
For bone loss detection: Overall
F-score, accuracy, and Cohen’s
kappa coefficients were found to
be 0.985, 0.980, and 0.956 for
the binary results.
For multiclass results, the
corresponding values were 0.996,
0.993, and 0.974.%

Ali et al. (2023) Private dataset, initially
comprising 3818 panoramic
radiographs, was refined to
3138 images, with Experiment
1 utilizing 2615 for training
and 523 for testing, while
Experiment 2 employed a
six-fold cross-validation on the
entire set, essential for
evaluating tooth and
prosthesis detection models.

Yes A novel method using two YOLOv7-based
object detectors to enhance teeth detection
in dental panoramic X-rays, addressing
challenges posed by prosthetic treatments.
The approach involves detecting tooth and
prosthesis candidates, assigning approximate
tooth numbers to prosthetic candidates, and
optimizing the results, significantly
improving detection efficiency.

Detection
Classification

Mean Average Precision (mAP)
for tooth detection = 0.982.
Mean Average Precision (mAP)
for prosthesis detection = 0.983.

(continued on next page)
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Table 11 (continued).
Lee et al. (2022) Private dataset. 693 periapical

radiographic images, divided
to 70%, 10%, and 20% for
training, validation, and
testing.

No The task was to develop and evaluate
different variations of the U-Net
architecture for the segmentation of three
different areas: the bone area, tooth, and
cemento-enamel junction (CEJ) line.

Segmentation bone area DSC = 0.96, JI = 0.93
and PA = 0.96
tooth shape DSC = 0.95, JI =
0.91 and PA = 0.89
CEJ line segmentations DSC =
0.91, JI = 0.88 and PA = 0.99

Imak et al.
(2022)

Private dataset. 380 periapical
images.

No A score-based multi-input CNN ensemble
(MI-DCNNE) for the automatic diagnosis of
dental caries

classification accuracy = 99.13, sensitivity =
98%, specificity = 100%,
precision = 100% and F1-score =
98.99%

Zhang et al.
(2022)

Private dataset. 3932 oral
photographs. Divided into
training set (𝑁 = 2507,
63.76%), validation set (𝑁 =
300, 7.63%) and test set (𝑁 =
1125, 28,6%).

Yes Dental caries DL model adapted from Single
Shot MultiBox Detector (SSD)

Segmentation
Classification

ROC = 85.65%.

Oztekin et al.
(2022)

Private dataset. 250
panoramic images of
2048 × 1024px. Randomly
divided into 70% for training,
20% for validation, and 10%
for testing

No A U-Net-based deep learning model for the
automatic detection and classification of
amalgam and composite fillings in
panoramic images.

Segmentation mean IoU = 0.767
Pixel Accuracy = 99.81%

Park and Lee
(2023)

Private dataset.1414
panoramic X-ray

No a five-axis-based tooth recognition model
using Faster R-CNN

Segmentation IoU = 72%

Franco et al.
(2022)

4003 panoramic radiographs.
divided into the age groups
‘‘under 15 years‘‘ (𝑛 = 2,254)
and ‘‘equal or older 15 years’’
(𝑛 = 1,749).

Yes Eight CNN architectures was used
InceptionV3, Xception, Inception ResNetV2,
ResNet50, ResNet101, MobileNetV2, VGG16
and DenseNet121 to distinguish females and
males using dentomaxillofacial features
from a radiographic image

Segmentation
Classification

DenseNet121- from scratch
Accuracy = 71.64%, F1-score =
70.64%, Precision = 71.59%,
Recall = 69.8%, Specificity =
87.47%
DenseNet121-transfer learning.
Accuracy = 82.18%, F1-score =
8.064%, Precision = 0.8072%,
Recall = 0.8056%, Specificity =
0.9220%

Bayraktar and
Ayan (2022)

Private dataset. 1000 bitewing
radiographic divided into
training (80%) and
testing-validation (20%)
groups

Yes Modified (YOLO) model to detect caries
lesions

Segmentation
Classification

accuracy = 94.59%, sensitivity =
72.26%, specificity = 98.19%and
AUC = 87.19

Liu et al. (2022) Private dataset. 254 CBCT.
Divided into three subsets: the
training set (154, 60.6%), the
validation set (30, 11.8%),
and the test set (70, 27.6%)

Yes U-Nets used to mandibular third molar and
mandibular canal segmentation
ResNet-34 used tomandibular third molar
and mandibular canal relation classification:
3 classes

Segmentation
Classification

segmentation of mandibular third
molar: mean Dice similarity
coefficient (mDSC) = 97% and a
mean intersection over union
(mIoU) = 96.06%;
segmentation of mandibular
canal: mDSC = 92% and a mIoU
of 90%.
classification: sensitivity = 90.2%,

specificity = 95.0%,
accuracy = 93.3%

Kohlakala et al.
(2022)

Private dataset. 483 simulated
X-ray images, which contain
implants inserted into either
human or pig jaws of size
512 × 512 and saved in JPEG
format.

Yes Two fully convolutional networks model
FCN1 and FCN2 used to dental implant
detection and recognition

Segmentation
Classification

segmentation accuracy = 94.0%
classification accuracy = 71.7%

Moidu et al.
(2022)

Private dataset. 3540
periapical root areas (PRA).
Divided into two subsets: the
training and validation set
(3000 PRA) and the test set
(540 PRA)

Yes A CNN model based on YOLO.v3
architecture to score the periapical lesion of
mandibular teeth

Segmentation
Classification

Segmentation: Dice coefficient =
89% mean intersection over
union (Jaccard index) = 90%,
recall = 89%
precision = 90%
Classification: sensitivity = 92.1%

, specificity = 76%,
accuracy = 86.3%,
F1 score = 89%
Matthews correlation coefficient
(MCC) = 71%.

(continued on next page)
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Table 11 (continued).
Zhu et al. (2022) Private dataset. 1159

panoramic images.Divided into
three subsets: the training set
(900), the validation set (135)
and the test set (124).

No CariesNet: an automated system for caries
diagnosis that employs a U-shape
encoder–decoder framework, a reverse
attention mechanism, and a Res2Net
backbone to achieve precise segmentation.

Segmentation Dice coefficient =
93.64%,accuracy = 93.61%,
precision = 94.09% and recall =
86.01%,

Park et al.
(2022)

Private dataset. 2348 intraoral
photographic randomly
assigned to training (1638),
validation (410), and test
(300) datasets

No Deep learning algorithm was utilized to
perform tooth surface segmentation using
U-Net, caries classification using ResNet-18,
and lesion localization using Faster R-CNN.
These techniques are applied in the context
of caries detection..

segmentation
Classification

segmentation accuracy = 81.39%,
AUC = 83.7%,
classification accuracy = 9 2.5%,
sensitivity = 89.0% and precision
= 87.4%

Alotaibi et al.
(2022)

Private dataset. 1724
periapical images. Divided in
a training dataset (𝑛 = 1206;
70%), a validation dataset (𝑛
= 345; 20%), and a test
dataset (𝑛 = 173; 10%).

No A CNN-based model VGG-16 to detect
periodontal bone loss and classify the
alveolar bone levels in teeth affected by
periodontal disease.

classification binary classification accuracy =
73.04%, precision = 70%, recall
= 70% and Matthews correlation
coefcient (MCC) = 51%
multi-classification: accuracy =
59.42%, precision = 83%, recall
= 70% and Matthews correlation
coefcient (MCC) = 0.65

Jang et al.
(2022)

Data available on request from
the authors. 300 periapical
radiographic image. split into
80:20 ratio (train/test).

No Evaluate the diagnostic performance of the
Faster R-CNN model with ResNet 101
backbone for the tasks of object detection,
classification, and localization.

Detection
Classification
Localization

classification performance:
precision = 97.7%, recall =
99.2% and F1 score = 98.4%
Segmentation performance
IoU=90.7%.

Mohammad
et al. (2022)

Private dataset. 240
panoramic images.

Yes Dynamic programming of active contour
(DP-AC) and convolutions neural network
model to segment the maturity development
of the mandibular premolars.

segmentation
Classification

Classification : Cohen’s Kappa =
58%,
accuracy = 77%

Jiang et al.
(2022)

Data available on request
from the authors. 640
panoramic images. separated
into a training set (80%) and
a test set (20%)

Yes UNet and YOLO-v4 were used to train a
deep learning model for comprehensively
diagnosing and staging periodontal alveolar
bone loss.

Segmentation
Classification

accuracy = 77%, Precision =
77%, Sensitivity = 77%,
Specificity = 88% and F1-score =
77%.

Kabir et al.
(2022)

A public repository contained
116 panoramic images (Abdi
and Kasaei, 2020a).
1240 intraoral radiographs
obtained from a private
database.

No U-Net segmentation model with ResNet-34
as the backbone was utilized to accurately
segment different structures and regions of
interest in dental images, such as teeth, CEJ
lines (Cementoenamel Junction), and the
bone area.

segmentation
Numbering

Detection Precision = 0.99
Detection Recall = 99%
Numbering Precision = 96%
Numbering Recall = 96%

Vila-Blanco et al.
(2022)

Private dataset. 1746 dental
panoramic radiographs
(orthopantomograms or OPGs)
was split into training,
validation, and test
subsets,which contained 60%,
20%, and 20% of the cases,
respectively.

Yes XAS: Automatic yet eXplainable Age and
Sex determination.

segmentation
Classification

Tooth segmentation
mAP@0.5 = 96.4%, mAP@0.75
=94.4%
Sex classification Accuracy =
91.8%

Bonfanti-Gris
et al. (2022)

Private dataset. 300
panoramic radiographs
exported in jpeg file

No A pre-trained CNN called Denti.Ai to
perform the tasks of detecting and
classifying dental structures in panoramic
radiographs. .

segmentation
Classification

Sensitivity = 56.92%
Specificity = 92.20%

Aljabri et al.
(2022)

Private dataset. 416
panoramic radiographs

Yes 4 deep learning models were developed to
classify the type of canine impaction (Type
I or Type II) from panoramic dental
radiographic images: DenseNet-121,
VGG-16, Inception V3, and ResNet-50.

Classification Experiment 1 Accuracy
(unbalanced data : 282 samples
represent Type I and 134 Type II)
Inception V3 0.8095
ResNet-50 0.7619
DenseNet-121 0.7976
VGG-16 0.6548
Experiment 2 Accuracy (balanced
data : 134 samples represent
Type I and 134 Type II)
Inception V3 0.9259
ResNet-50 87.04%
DenseNet-121 68.52%
VGG-16 57.41%.

(continued on next page)
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Sivasundaram
and Pandian
(2021)

Data available on request
from the authors. 1171
panoramic dental images,
augmented into 3513.

Yes Modified LeNet architecture for classifying
the oral cyst images and a
morphology-based segmentation method for
segmenting the cyst regions in the classified
cyst images

segmentation
Classification

sensitivity = 98.3%, specificity =
98.8%, an accuracy = 98.5%,
precision = 97.53%, F1 score =
98.06%, average DSC = 98.04
and IoU = 97.6.

Hsiao et al.
(2021)

Private dataset. Optical
coherence tomography images.
32000 B-scans for training,
8000 B-scans for validation
data, and 8000 B-scans for
testing

No A VGG16-based automated model is
employed to detect the presence of
subgingival calculus and accurately identify
the location of the lesion in optical
coherence tomography (OCT) images.

Detection
Localization

accuracy = 95.06%.
AUC = 0.973.

Krois et al.
(2021)

Two datasets each have 650
images available if needed
within data protection
regulation boundaries.

Yes U-Net was used to evaluate the
generalizability of deep learning models for
the detection of apical lesions on panoramic
radiographs and to identify methods for
improving their performance.

segmentation Model trained only on First
dataset image :
F1-score = 54.1% ‘
Model trained only on second
dataset image :
F1-score = 32.7%
Cross-Dataset training
F1-score (First dataset) = 50.9%
F1-score (Second dataset) =
46.1%.

Başaran et al.
(2022)

Private dataset. optical
coherence tomography images.
1084 dental panoramic
radiographs.

No AI model based on Faster R-CNN and
Google Net Inception v2 to detect dental
conditions.

segmentation best sensitivity = 96.74%, best
precision = 92.59% and the
F1-score = 94.33%.

Chen et al.
(2021a)

Private dataset. optical
coherence tomography images.
2900 digital dental periapical
radiographs

No Faster R-CNNs to detect diseases including
decay, periapical periodontitis, and
periodontitis in dental periapical
radiographs.

Detection
localization

decay
IoU = 0.71, Precision = 0.61,
Recall = 0.54 and AP = 0.45
periapi
IoU = 0.69, Precision = 0.51,
Recall = 0.51 and AP = 0.36
periodo
IoU = 0.68, Precision = 0.56,
Recall = 0.61 and AP = 0.43.

Lee et al. (2021) Private dataset. 304 bitewing
radiographs. Divided into 149
radiographs for training on
both structure and caries
segmentation, 105 radiographs
for training on caries
segmentation, and 50
radiographs with no dental
caries.

Yes The U-Net architecture is used for the early
detection of initial dental caries (tooth
decay).

Detection precision = 63.29%;
recall = 65.02%;
F1-score = 64.14%.

Bilgir et al.
(2021)

Data available on request from
the authors. 2482 panoramic
radiographs. Divided into
training (80%), validation
(10%), and test (10%) groups.

No Faster R-CNN Inception v2 model, was used
to automatically detect and number teeth
on the panoramic radiographs.

segmentation Sensitivity (Recall) = 0.9559
Precision = 0.9652
F1Score = 0.9606.

Chen et al.
(2021b)

Private dataset. 175 full-jaw
3D tooth models

Yes A basic CNN model for 8-class tooth type
classification (first premolar, second
premolar, first molar, second molar in
maxilla and mandible respectively)

classification accuracy = 91.35%,
precision = 91.49%,
recall = 91.29%,
F1-score = 0.91

Rajee and
Mythili (2021)

Private dataset. 1000
panoramic dental images
divided into 600 training
samples and 400 testing
samples

No Gender classification on digital dental x-ray
images using deep convolutional neural
network model based on Resnet50
architecture.

Segmentation
Classification

dice = 0.94
accuracy = 98.27
Sensitivity = 98.04
Specificity = 98.51
Precision = 98.52

Singh and
Sehgal (2020)

Private dataset. 400
panoramic dental images,
divided into 240 training
samples and 160 testing
samples

Yes Numbering and Classification of Panoramic
Dental Images Using 6-Layer Convolutional
Neural Network (DCNN)

Pre-processing
Segmentation
Numbering
classification (4
classes molar,
premolar, canine
and incisor).

Augmented database
accuracy = 95%
Sensitivity = 98%
Specificity = 92%

Original dataset
accuracy = 92%
Sensitivity = 90%
Specificity = 85%

You et al. (2020) Data available on request
from the authors. 984
intraoral divided into 886
training samples and 98
testing samples.

No Deep learning-based dental plaque detection
on primary teeth based on DeepLab and
DeepLabV3 architectures .

segmentation mean intersection-over-union
(MIoU) = 0.726

(continued on next page)
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Table 11 (continued).
Kwak et al.
(2020)

Data available on request
from the authors. 49094 CBCT
images, divided into
train:valid:test sets with the
ratio of 6:2:2.

No An Automatic mandibular canal detection
based on 2D SegNet, 2D and 3D U-Nets
architectures.

Segmentation 2D U-Net accuracy = 82%
2D SegNet accuracy = 96%
3D U-Net accuracy = 99%.

Zhao et al.
(2020)

A benchmark public dataset.
1500 panoramic X-ray images
divided into 1200 training
samples, 150 validation
samples and 150 testing
samples.

No A Two-Stage Attention Segmentation
Network (TSASNet) on dental panoramic
X-ray images

segmentation Accuracy = 96.94
Specificity = 97.81
Precision = 94.97
Recall = 93.77
Dice = 92.72

Cantu et al.
(2020)

Private dataset. 3686 bitewing
radiographs. The data was
divided into a training (3293
images), validation (252
images) and test dataset (141
images)

No A deep learning model based on U-net to
detect caries lesions on bitewing
radiographs

Segmentation Accuracy 0.80
Sensitivity 0.75
Specificity 0.83
F1score 0.73
MCC 0.57

Setzer et al.
(2020)

Private dataset. 20 CBCT
images were divided into 16
CBCT images) were used for
training, and 4 CBCT images
was used for validation

Yes A Deep Learning model for the automated
segmentation of cone-beam computed
tomographic (CBCT) images and the
detection of periapical lesions. Based on a
U-Net architecture.

Segmentation DICE index
Lesion 0.52
Tooth structure 0.74
Bone 0.78
Restorative materials 0.58
Background 0.95

Chen et al.
(2019)

Data available on request
from the authors. 1250
periapical film divided into
training (800), validation
(20.), and test (250) groups

No A deep learning approach for automatic
teeth detection and numbering based on
faster R-CNN (A total of 32 teeth classes
were required to be recognized in the X-ray
images)

segmentation Numbering
precision = 0.98
recall = 0.98
Mean IOU = 0.91

Numbering
precision = 0.91
recall = 0.91

Al Kheraif et al.
(2019)

Private dataset. 1500
panoramic images divided into
training of 800 with testing of
7000

No Histogram enhancement with a CNN to
detect dental diseases

segmentation
classification

Segmentation : Accuracy = 0.912;
Specificity = 0.967; Precision =
0.89; Recall = 0.92 and F1 score
= 0.94
classification Accuracy = 97.07%

Ekert et al.
(2019)

Private dataset. A synthesized
data set of 2001 tooth
segments from panoramic
radiographs

Yes A deep CNNs to detect apical lesions (ALs). segmentation AUC = 0.85, sensitivity = 0.65
and specificity = 0.87

Tian et al.
(2019)

Private dataset. 600 dental
models

No An automatic segmentation and
classification method for 3D dental model
via 3D CNN.

Segmentation
classification :
seven tooth
types which are
the central
incisors, lateral
incisors, canines,
first premolars,
second
premolars, first
molars and
second molars.

classification accuracy in Level1
network is 95.96%, the average
classification accuracy in Level2
network is 88.06%, and the
accuracy of tooth segmentation is
89.81%

Lee et al. (2018) Private dataset. 3000
periapical radiographic,
divided into a training and
validation dataset (𝑛 = 2400
[80%]) and a test dataset (𝑛 =
600 [20%])

Yes GoogLeNet Inception v3 for detection and
diagnosis of dental caries on periapical
radiographs.

Segmentation
classification

premolar accuracy = 89.0%,
molar accuracy = 88.0%, both
premolar and molar accuracy =
82.0%
AUC = 0.917 on premolar, AUC
= 0.890 on molar, and AUC =
0.845 on both premolar and
molar models.
focus in our DL methodologies is interpretability, which enhances
clarity in our model’s decision-making process.

Anticipating the dynamic nature of this field, we foresee that this
article is evolving into an ongoing review that is regularly updated
to capture emerging publications. This dedicated commitment ac-
tively contributes to the continuous advancement of research on dental
panoramic-image segmentation.

Simultaneously, our forthcoming initiatives will extend beyond
refining model performance to achieve robust generalization across
diverse dental centers and automating medical reports, pushing the
boundaries of dental image analysis. We are committed to exploring
20
Explainable Artificial Intelligence (XAI) to provide transparency and
clarity to our models. Furthermore, we see potential in extending the
impact of our model to dental planning and providing valuable support
to dental students in their studies.
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