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Abstract

In the field of dentistry, there is a growing demand for increased precision in diagnostic
tools, with a specific focus on advanced imaging techniques such as computed tomography,
cone beam computed tomography, magnetic resonance imaging, ultrasound, and traditional
intra-oral periapical X-rays. Deep learning has emerged as a pivotal tool in this context,
enabling the implementation of automated segmentation techniques crucial for extracting
essential diagnostic data. This integration of cutting-edge technology addresses the urgent
need for effective management of dental conditions, which, if left undetected, can have a sig-
nificant impact on human health. The impressive track record of deep learning across various
domains, including dentistry, underscores its potential to revolutionize early detection and
treatment of oral health issues.
Objective: Having demonstrated significant results in diagnosis and prediction, deep con-
volutional neural networks (CNNs) represent an emerging field of multidisciplinary research.
The goals of this study were to provide a concise overview of the state of the art, standardize
the current debate, and establish baselines for future research.
Method: In this study, a systematic literature review is employed as a methodology to
identify and select relevant studies that specifically investigate the deep learning technique
for dental imaging analysis. This study elucidates the methodological approach, including the
systematic collection of data, statistical analysis, and subsequent dissemination of outcomes.
Results: In incorporating 45 studies, we identified selection criteria and research objec-
tives, addressing significant gaps in the existing literature. These studies assist clinicians in
examining dental conditions and classifying dental structures, including caries detection and
the identification of various tooth types. We evaluated model performance, addressing the
identified gaps, using diverse metrics that we strive to list and explain.

Conclusion: This work demonstrates how Convolutional Neural Networks (CNNs) can
be employed to analyze images, serving as effective tools for detecting dental pathologies.
Although this research acknowledged some limitations, CNNs utilized for segmenting and
categorizing teeth exhibited their highest level of performance overall.

Keywords: Deep learning, Convolutional neural network, Dental imaging, Segmentation, Evaluation
Metrics
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1 Introduction

Medical information plays a vital role in healthcare by aiding healthcare professionals in making
precise diagnoses, delivering effective treatments, and informed decisions about patient care [1, 2].
Within the realm of medical information, medical imaging stands out as an invaluable source.

In modern healthcare, medical imaging has become an essential tool, offering crucial visual
insights into the internal structures and conditions of the human body [3]. Within dentistry,
dental imaging refers to the use of various imaging techniques to capture detailed images of the
oral and maxillofacial structures. These images are invaluable for diagnosing dental conditions,
planning treatments, and monitoring oral health. Dental imaging plays a vital role in enabling
dental professionals to visualize and evaluate the teeth, jaws, and supporting structures.

Dental images can be acquired through different modalities, including X-rays, computed tomog-
raphy (CT), magnetic resonance imaging (MRI), and intraoral cameras. Each modality offers
specific advantages and is selected based on the specific diagnostic requirements and clinical
scenario.

Deep learning, in particular convolutional neural networks (CNNs) and computer vision, has
become a revolutionary area of dentistry. Thanks to the use of these cutting-edge technologies, the
dental industry is undergoing a period of transformation in which the analysis of dental images
and the integration of artificial intelligence are revolutionizing many aspects of dental care [4]. By
harnessing the capabilities of deep learning algorithms and computer vision techniques, dentistry
has the potential to dramatically improve diagnostic performance, streamline treatment planning
processes and, ultimately, improve patient outcomes.

The utilization of CNNs in dentistry encompasses the detection of structures like teeth and
bone, as well as the identification of pathologies such as caries and apical lesions. Additionally,
CNNs are employed to segment images by isolating the areas of interest and classify them based
on specific features like enamel caries lesions or cysts. However, it is important to acknowledge
the limitations within this field. One of the significant weaknesses lies in the relatively small and
private nature of the available datasets, which restricts the diversity and size of the training data.
Moreover, some of the AI solutions developed in this domain may lack robustness and stability,
raising concerns about their reliability and performance.

To analyze dental images for tasks like lesion detection, age or sex determination, and human
identification, tooth segmentation plays a vital role. In the field of oral medicine, the automatic
segmentation of teeth in panoramic radiographs is a significant focus of research in image analysis.
However, segmenting teeth in panoramic radiographs presents challenges due to the presence of
other anatomical structures such as the chin, spine, and jaws.

Within the existing literature, a multitude of studies have employed convolutional neural net-
works (CNNs) for tooth segmentation and identification in dental images. These advanced deep
learning 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 deep learning, exploring its various categories, common applications,
and specifically zooming in on the architecture of Convolutional Neural Networks (CNNs) within
the context of medical image analysis in computer vision. The subsequent sections 4, 5, and 6
present the study methodologies, research topics, and synthesis findings, offering detailed insights
into the conducted research. Finally, Sections 7 and 8 discuss the study’s limitations and provide
a conclusion.

2 Related work

In recent years, several surveys addressing deep learning-based dental image segmentation have
been conducted. This section provides a summary of related studies, highlighting the key
distinctions between this study and existing surveys.
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Schwendicke et al. (2019) [5] conducted a survey on the application of Convolutional Neural
Networks (CNNs) in dental and oral medicine imagery. Their review encompassed 36 relevant
articles and conference proceedings spanning from 2015 to 2019, addressing clinical challenges
in areas such as general odontology, cariology, endodontics, periodontics, orthodontics, dental
radiology, forensic odontology, and general medicine.

Hwang et al. (2019) [6] published a survey on deep learning in oral and maxillofacial radiology,
identifying 25 pertinent papers up to December 2018 using PubMed, Scopus, and IEEE Explore
databases. The study collected data on deep learning architecture, training dataset size, evaluation
results, advantages and disadvantages, study objectives, and imaging modalities.

Kang et al. (2020) [7] reported on a prior study focusing on the application of deep learning
algorithms in dentistry and implantology. They analyzed 62 articles from MEDLINE and IEEE
Xplore, categorizing them into tooth detection, numbering, segmentation, and bone segmentation.
The study included articles in all languages and published before October 24, 2019, providing
details on Author Year, Architecture, Input, Output, and Performance metrics.

Prados-Privado et al. (2020) [8] conducted a systematic study visualizing the state of artificial
intelligence in dental applications, covering the detection of teeth, caries, filled teeth, crowns,
prostheses, dental implants, and endodontic treatments. Utilizing three digital databases (PubMed,
IEEE Xplore, and arXiv.org), they identified 18 relevant papers. Notably, the study did not include
any segmentation methods based on deep learning.

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

• We delve into a comprehensive exploration of Convolutional Neural Networks (CNN), the pre-
eminent deep learning algorithm. This involves an in-depth explanation of concepts, theory, and
contemporary architectures.

• Our study thoroughly examines crucial challenges in Deep Learning, including the shortage of
training data, data imbalance, and sample data quality. We also delve into 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.

Table 1: Comparison of this study with existing literature reviews on deep learning for dental
image segmentation.

Study Release
year

Total number
of papers

Limitations

[5] 2019 36 Study includes studies that do not process dental images with
deep learning
The elements impacting the model’s performance were not
addressed

[6] 2019 25 The elements impacting the model’s performance were not
addressed

[7] 2020 62 The study includes studies that do not deal with dental images.
The elements impacting the model’s performance were not
addressed

[8] 2020 18 The article does not deal with the segmentation task.
The elements impacting the model’s performance were not
addressed

3 Background

3.1 Deep Learning

Deep learning (DL) holds significant potential to advance applications with a real impact on
the field of dentistry. Positioned within Machine Learning (ML) as illustrated in Figure 1, DL
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empowers machines to emulate human intelligence in increasingly sophisticated ways [9, 10]. To
assess and distill knowledge from extensive datasets, DL employs multiple layers of non-linear
units. In a basic scenario, there are two sets of neurons: one set receives input signals, and the other
set sends output signals. Upon receiving an input, the input layer modifies it before passing it on
to the next layer. While the layers in a deep network may not be neurons, conceptualizing them
as such proves beneficial. This approach enables the algorithm to leverage multiple processing
layers comprising diverse linear and non-linear transformations [11]. Deep learning is part of the

Fig. 1: The Subsets of Artificial Intelligence.

broader family of machine learning techniques centered around learning data representations. An
observation, such as an image, can take various forms, including a set of edges, specific shape
areas, or, more abstractly, a vector of intensity values per pixel.

Several deep learning architectures, such as deep neural networks (DNN), convolutional neural
networks (CNN), recurrent neural networks (RNN), and others, have found application in a wide
array of fields. As depicted in Figure 2, deep learning is frequently employed by partnerships to
address diverse and challenging issues falling into several categories, including:

• Computer Vision: Deep learning is widely used in computer vision tasks such as image
classification, object detection, image segmentation, and facial recognition [12].

• Natural Language Processing (NLP): Deep learning models are used to process and under-
stand human language, including tasks such as language translation, sentiment analysis, text
generation, and question answering [13].

• Speech Recognition: Deep learning techniques are employed in speech recognition systems
to convert spoken language into written text. This technology is used in virtual assistants,
transcription services, and voice-controlled devices [14].

• Healthcare: Deep learning is used in medical imaging analysis, disease diagnosis, drug discov-
ery, and personalized medicine. It helps in improving accuracy, efficiency, and speed in various
healthcare applications [15, 16].

• Agriculture: Finding problematic environmental conditions [17].
• Financial Services: Deep learning is employed in fraud detection, risk assessment, algorithmic
trading, credit scoring, and customer behavior analysis in the financial industry [18].

• Economics: Deep learning is employed in the field of economics to analyze and comprehend
intricate economic phenomena, predict economic behavior, analyze economic data, and evaluate
the effectiveness of policy interventions [19].
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• Robotics: Deep learning techniques are utilized in robotics for tasks such as object recognition,
grasping and manipulation, navigation, and human-robot interaction [20].

• Autonomous Driving :Significant improvements in the field of autonomous driving have been
made possible by the development of sensing, perception, signal processing technologies and
deep learning approaches. This has reduced the effort required of human drivers and enhanced
the safety of autonomous driving [21].

• Additional uses: These days, deep learning is applied in nearly every industry. There are other
further deep learning uses, including automated text creation [22], game play [23], and picture
captioning [24].

Fig. 2: Common Deep Learning Applications.

3.1.1 Convolutional Neural Networks (CNNs)

A Convolutional Neural Network (CNN) is a specialized deep learning model designed for process-
ing data with a grid pattern, particularly images. Comprising multiple layers, each with a distinct
purpose, the CNN architecture includes Convolutional layers, Rectified Linear Unit (ReLU) lay-
ers, pooling layers, and a fully connected layer, as depicted in Figure 3. CNNs automate feature
extraction from images, eliminating the need for manual intervention. The CNN architecture is
bifurcated into two segments: convolution and densely connected.

In convolutional layers, tensors known as feature maps are employed. A color image, represented
as a 3-dimensional tensor with three channels (red, green, and blue - RGB), is denoted as (height,
width, channels). To illustrate the theoretical aspects of this network type, consider the example
presented in Figure 3, using a grayscale image of Width*Height pixels as input data. This image
corresponds to a shape tensor (Width, Height, 1), indicating the number of neurons.

If Width=28 and Height=28, the tensor would consist of 784 neurons. For a color image, the
tensor shape would be (28, 28, 3), resulting in 2352 neurons. It is important to note that the
image, essentially a matrix where pixel colors range from 0 to 255, is normalized to a color range
between 0 and 1 before entering the network.

In a typical CNN architecture [25], multiple convolution layers and a pooling layer are repeated
several times, followed by one or more fully connected layers. The process of transforming input
data into output data through these layers is known as forward propagation. The initial two layers,
convolution, and pooling are responsible for feature extraction. The convolution layer applies filters
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to the input data, capturing distinct features or patterns. The pooling layer then reduces the
dimensionality of the feature maps, retaining essential information while discarding some spatial
details.

The final layer, the fully connected layer, maps the extracted features to the ultimate output,
such as classification. It connects every neuron in the previous layer to the neurons in the current
layer, allowing the network to learn intricate relationships and make predictions based on the
extracted features.

Fig. 3: Outline of CNN.

3.1.2 Categorization of Deep Learning methods

Similar to the field of machine learning, deep learning encompasses a diverse range of methodologies
aimed at deriving meaningful insights from data. As figure 4 illustrates, deep learning techniques
fall into four main categories [25, 26]: supervised learning, unsupervised learning, semi-supervised
learning (also known as hybrid learning), and reinforcement learning.

Fig. 4: Taxonomy of Deep Learning models.
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Supervised Deep Learning

Supervised deep learning involves labeled data being used to train a model, with each data point
assigned a label or target value. The model learns from labeled data by adjusting internal param-
eters to reduce the difference between expected and actual labels. The ultimate aim of supervised
learning is for the model to generalize and predict the labels of previously unknown data points. A
second test data set is used to assess the performance of the trained model. This test data set con-
tains information that was not used during training but has known true labels. Several supervised
learning approaches are available for DL, including recurrent neural networks (RNNs), convolu-
tional neural networks (CNNs), and deep neural networks (DNNs). In addition, the RNN category
covers techniques such as gated recurrent units (GRUs) and long short-term memory (LSTM).

Unsupervised Deep Learning

Unsupervised learning emerges as a valuable technique when labeled data is scarce or unavail-
able. In such scenarios, algorithms aim to identify inherent patterns or relationships within the
data without relying on predefined labels. The primary focus is on acquiring essential features
or representations in the absence of explicit labels, contributing to the exploration of underlying
structures or relationships within the input data. A variety of techniques are utilized in unsuper-
vised learning, encompassing generative networks like Generative Adversarial Networks (GANs),
dimensionality reduction methods such as auto-encoders (AE) and restricted Boltzmann machines
(RBM) known as Gibbs distribution, as well as clustering algorithms [26]. These approaches play a
crucial role in diverse tasks like data clustering, dimensionality reduction, and anomaly detection.
Despite the advantages associated with unsupervised learning, particularly concerning clustering
– a method grouping similar data points based on specific criteria – it has its limitations. These
include the incapacity to provide precise information about data categorization and the inherent
computational complexity.

Hybrid Deep Learning

In this method, the learning process relies on datasets that are only partially labeled. Occasionally,
both generative adversarial networks (GANs) and DRL are applied similarly to this approach.
One of the benefits of this approach is its capacity to reduce the necessity for a large amount of
labeled data. On the flip side, a drawback of this technique is that irrelevant input features in the
training data may lead to inaccurate decisions.

Reinforcement Deep Learning

Reinforcement learning (RL) is the area focused on decision-making through the acquisition of
effective behavior in an environment with the goal of maximizing rewards. This learned optimal
behavior is a result of interactions with the environment. Within RL, an agent possesses the ability
to make decisions, observe their consequences, and adjust strategies to develop an optimal policy.
In the initial stages, the agent observes the current state, takes actions, and is rewarded along
with the updated state. In this process figure 5a, the immediate reward and the new state hold the
potential to influence adjustments to the agent’s policy. This iterative sequence continues until the
agent’s policy gradually approaches proximity to the optimal policy. DRL (Deep Reinforcement
Learning) addresses the primary limitations of RL, such as extended processing time required
to achieve an optimal policy, thereby introducing new possibilities within the DRL framework.
Broadly depicted in figure 5b, DRL leverages the characteristics of deep neural networks to enhance
the learning process, resulting in improved speed and algorithm performance. In DRL, deep neural
networks maintain the internal policy of the agent during interactions with the environment,
determining the next action based on the current state. DRL encompasses three main methods:
value-based, where the agent learns state or state-action values and acts based on the best action
in the given state; policy-based, which aims to discover an optimal policy, whether stochastic or
deterministic, for better convergence in high-dimensional or continuous action spaces; and model-
based, which focuses on learning the functionality and dynamics of the environment from previous
observations, often using a specific model. In value-based and policy-based methods, exploration of
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the environment is a crucial step. Model-based DRL involves updating the model and replanning
the process. Instances of model-based DRL include imagination-augmented agents, model-based
priors for model-free approaches, and model-based value expansion. While these methods are
efficient when a model is available, challenges may arise with large state spaces. In such cases, the
model in model-based DRL is frequently updated, and the process is replanned to achieve optimal
outcomes [26].

(a) Reinforcement Learning Cycle (b) Reinforcement Deep Learning Cycle

Fig. 5: Comparison of Reinforcement Deep Learning Cycle and Reinforcement Learning Cycle

3.2 Medical Images Analysis

In the field of medical image analysis, computer vision tasks such as image classification, medi-
cal image segmentation, and object detection and recognition are prevalent. Deep learning (DL)
approaches, particularly those based on convolutional neural networks (CNN), have shown supe-
rior performance in handling these challenging problems across various medical applications. In
this section, we provide a comprehensive and technical evaluation of current research that lever-
ages the latest advancements in DL and CNN-based algorithms to advance medical image analysis
and understanding.

3.2.1 Object detection

Object detection has garnered significant interest among researchers in the past few decades. With
the remarkable progress in deep learning techniques, the integration of artificial intelligence 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
within an image. This technique utilizes computer vision 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.

The process of object detection involves bounding box annotation, where objects are outlined
with bounding boxes. The task revolves around recognizing objects captured in an image, with each
object category possessing distinct characteristics for accurate categorization. Automated medi-
cal imaging can effectively identify bone fractures, abnormal cellular activity, and other medical
conditions.

In the field of dentistry, several models have been developed to identify various dental features,
such as tooth decay detection [27–30], periapical lesion detection [31], and dental plaque detection
[32]. Common architectures utilized by researchers in the reviewed papers include Faster R-CNN
[33–35], SSD [36], and YOLO [27, 37, 38]. 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. 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.
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In recent years, deep convolutional neural networks 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 convolutional neural networks
provide a unified approach that allows simultaneous training. For detailed information on DL-
based medical image classification methods in clinical applications, two excellent reviews by Litjens
and Ker [39, 40] are recommended. CNNs have also found applications in dentistry for classifying
medical images [41–43].

3.2.3 Image segmentation

Image segmentation is the process of dividing an image into meaningful sub-regions or segments to
identify regions of interest. It simplifies the analysis and understanding of the entire scene in further
image processing stages. Segmentation involves partitioning a digital image into connected pixels
or regions that share common visual characteristics, such as intensity, color, texture, histogram, or
features [44]. As indicated in figure 6, there are three primary segmentation strategies commonly
used in building image segmentation models: semantic segmentation 6a, instance segmentation
6b, and panoptic segmentation 6c. Semantic segmentation involves labeling each pixel with a class
label, indicating the category it belongs to. 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 the image scene.

(a) Semantic segmentation (b) Instance segmentation (c) Panoptic segmentation

Fig. 6: The three common type of image segmentation

These segmentation strategies play crucial roles in various medical image analysis tasks,
enabling 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 deep learning techniques for enhanced
outcomes. Image Reconstruction [45] utilizes these methods to improve the quality of medical
images, enhancing resolution, reducing noise, and overall optimizing image quality. Concurrently,
Image Registration [46] involves aligning multiple medical images from different modalities or
time points, aiding in image comparison for treatment planning and disease monitoring. Image
De-noising [46] employs deep learning to minimize noise and artifacts in medical images, ensuring
clearer and more accurate representations. Together, these applications showcase the versatility of
deep learning in advancing various aspects of medical image analysis and interpretation.

4 Materials and methods

4.1 Method of Study

In this research, we employed the Systematic Literature Review (SLR) method. SLR is a rigorous
and structured approach that entails assessing, interpreting, and identifying all existing research
findings to address specific research questions [47]. It adheres to a systematic process and protocols
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to minimize bias and ensure an objective understanding [48]. The objective of this SLR was to
identify and analyze research trends, methodologies, datasets, and frameworks pertaining to deep
convolutional neural network (CNN) approaches for dental segmentation.

4.2 Search and Selection Process

The literature review process involved several steps, as depicted in Figure 7, outlining the study
selection procedure for the SLR. Initially, all articles relevant to deep CNN-based approaches for
dental segmentation were identified through a preliminary screening using specific search strings.
Subsequently, these articles were subjected to inclusion and exclusion criteria. Following that, data
extraction was conducted based on predefined criteria, and pertinent information was extracted
from the selected articles. Finally, the collected data underwent analysis.

Out of a total of 642 articles initially identified, 45 articles 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 comprehensive and objective analysis
of the existing research on deep CNN-based approaches for dental segmentation.

4.2.1 Initial Search

Before commencing the search process, we conducted an initial exploration to ensure the pres-
ence of a sufficient number of articles in the targeted field. At this stage, we identified 45 articles
discussing the enhancement of dental imaging segmentation using deep Convolutional Neural Net-
work (CNN) methods. This confirmation validated the suitability of the topic for conducting a
Systematic Literature Review (SLR).

4.2.2 Manual Search

For the manual search, we selected appropriate search strings to capture a broad spectrum of
related articles. We utilized five online databases: IEEE Xplore Digital Library [49], ACM Digital
Library [50], Wiley online library [51], ScienceDirect [52], and SpringerLink [53].

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

With the outlined search strategies, we identified a total of 642 relevant papers. The distribution
across databases is as follows: 81 from ACM Digital Library, 33 from IEEE Xplore Digital Library,
269 from ScienceDirect Elsevier, 178 from SpringerLink, and 81 from Wiley Online Library. After
eliminating duplicate articles, 45 papers proceeded to the inclusion and exclusion process (as
detailed in Section 3.2).

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
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Fig. 7: The systematic search and selection process.

4.2.3 Selection of studies

The study selection for our systematic literature review involved the application of predefined
inclusion and exclusion criteria to the gathered data. Inclusion criteria encompassed papers pub-
lished within a 10-year timeframe (2014-2023), written in English, and specifically addressing plant
disease detection using deep Convolutional Neural Networks (CNN). 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 appli-
cation of these criteria facilitated the identification of a set of relevant studies for subsequent
analysis and synthesis.

The selection process for relevant studies unfolded in three stages. Initially, screening was con-
ducted based on the titles of the papers, with each title assessed for relevance to the study according
to predefined inclusion/exclusion criteria. Subsequently, screening extended to the abstracts of the
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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

papers, where those meeting the inclusion criteria were included, and those not meeting the cri-
teria were excluded. Finally, the same process was reiterated, this time utilizing 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 the texts from alternative sources. If the full text could not
be obtained, the paper was excluded from the study.

5 Aims and Research Questions

The formulation of research questions can be organized based on four elements, known as PICOC
(Population, Intervention, Comparison, Outcomes, and Context). Population refers to the targeted
group of the research. Intervention is a detailed aspect of the research or issues that attract
researchers. Comparison is defined as the aspect of the research where the intervention will be
compared. Outcomes are the results of the intervention, and Context is the environment of the
research [54]. Before starting the search, we determined the research questions and formed the
search string. According to Table 4, seven research questions are proposed for this study.

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 that were
selected for this SLR and shows the trend of studies in this
area in recent years.

RQ2 What was the key motivation for apply-
ing deep learning for dental image anal-
ysis?

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

RQ3 What deep learning implementation
frameworks were used?

Understanding the technical tools and frameworks utilized in
a study or project is crucial, as it provides a comprehensive
insight into the realm of deep learning.

RQ4 What deep learning algorithms were
applied?

To identify widely utilized deep learning models in dentistry,
examining their applications, strengths, and potential contri-
butions to diagnostics, treatment planning, and overall patient
care. .

RQ5 What evaluation metrics are most fre-
quently used to assess a deep Convo-
lutional Neural Network segmentation
model?

Display the key ML or DL performance measures so that you
may select the most appropriate ones for your use case.

RQ6 How can future studies build upon the
findings of the reviewed papers to con-
tribute 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 research. Acknowl-
edging these gaps creates a platform for upcoming studies to
confront and surmount these challenges.

RQ7 What data sources were used? To train ML or DL models and to offer a baseline for eval-
uating the efficacy of the suggested architectures, numerous
public datasets are presented.
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6 Results

In this section, we expound upon the overall statistical findings derived from the encompassed pri-
mary investigations and subsequently elucidate the outcomes pertinent to the research inquiries
within the subsequent sections. The roster of the 45 primary studies incorporated into this
Systematic Literature Review is delineated in table 10.

6.1 The Current Landscape of Dental Radiography Segmentation

The 45 included studies are only in the form of journal articles. To associate the articles with
their country of origin, we analyzed the affiliations of the authors of the included articles. ranking

Fig. 8: Countries of the included studies.

highlights the prominence of Asian countries, with China leading with 10 articles, followed by
Korea with 8 articles, and India with 4 articles. Following closely are Turkey with 5 articles and
the USA with 3 articles. The list also features European countries, including Germany with 3
articles and Spain with 2 articles. Additionally, other represented countries include Saudi Arabia
with 3 articles, and from the Asian continent, Malaysia, South Korea, and Taiwan with 1 article
each. From the African continent, South Africa and Tunisia are represented with 1 article each.

Figure 9 provides an overview of the yearly growth rate of publications in this field of study. An
increase in the number of publications can indicate a growing interest in the field, while a decrease
could suggest that the field is a closed research area. Notably, there is a limited representation of
papers from 2023, possibly due to 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
observe 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 attracted
considerable attention from researchers.

6.2 Purposes of Deep Learning in Dental Image Segmentation

CNNs have emerged as powerful tools in image recognition, particularly in the specialized domain
of dental image segmentation. Leveraging CNN-based approaches enables rapid and accurate
recognition and classification of various diagnostic processes, thereby advancing the field of dental
image processing. Radiographic 2D and 3D dental images play a pivotal role in addressing a wide
spectrum of dental issues.
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Fig. 9: Yearly papers on CNNs for dental X-ray segmentation.

In Table 5, we endeavor to outline the objectives and diseases addressed by the 45 articles in our
survey. The tooth numbering process assigns a unique number to each tooth using the universal

Basic Detection and Identification
Tooth detection and numbering [34, 35, 55–57]
Detection of Periapical Lesions and segmentation of cysts [31, 37, 58–60]

Structural Analysis and Classification
Age and Sex determination [61–64]
Caries detection and segmentation [27–30, 36, 65–67]
Dental calculus identification [32, 68]
Detection and classification of dental structures [33, 42, 43, 69–75]

Advanced Condition Detection
Detecting dental conditions [38, 41, 76–80]

Table 5: Automatic dental imaging segmentation purpose.

tooth numbering system. In a dental panoramic image, encompassing molars, premolars, canines,
and incisors in both maxilla and mandible, the maximum tooth count reaches 16 (Figure 6a). The
distribution includes 6 molars, 4 premolars, 4 canines, and 8 incisors in each jaw.

In summary, recent advancements in deep learning, particularly convolutional neural networks
(CNNs), have significantly impacted dental image processing. Researchers have successfully applied
these techniques to tasks such as tooth detection and numbering, periapical lesion detection, age
and sex determination, caries detection and segmentation, identification of dental structures, and
diagnosis of various dental conditions. The studies highlighted demonstrate the effectiveness of
CNN-based models, achieving high precision and recall rates.

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

Overall, the integration of deep learning approaches, as showcased in the surveyed studies,
holds promise for enhancing the accuracy and efficiency of dental image analysis, contributing to
improved diagnostic processes and patient care.
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6.3 Popular Deep Learning Frameworks

Continuous efforts from both the industry and the academic community have led to the devel-
opment of several widely adopted deep learning frameworks. Deep learning frameworks serve as
software libraries or platforms designed to streamline the development, training, and deployment
of deep neural networks. A plethora of software frameworks are at our disposal for implementing
Deep Learning Models (DLM), and they undergo constant updates as fresh methodologies and
concepts surface. There exists a multitude of deep learning frameworks, encompassing Theano,
TensorFlow, Caffe, PyTorch, MXNet, MATLAB and many others [81].

Indeed, it is crucial to emphasize that there is no universal solution that can address every
problem within the realm of machine learning. Quite often, achieving success necessitates the
utilization of a combination of diverse tools and frameworks. Drawing from the results of our
comprehensive literature review, illustrated in Figure 10, it becomes evident that Keras, PyTorch,
and TensorFlow have surfaced as the dominant libraries in the realm of research. This prominence
can be attributed to the fact that both Keras and TensorFlow platforms are open-source and
readily accessible tools. Researchers tend to favor these alternatives due to their lack of subscription
fees, a significant departure from MATLAB, where users often encounter expenses for access. In

Fig. 10: The distribution of papers per implementation framework.

this section, we will examine various popular machine learning and deep learning frameworks and
libraries.

6.3.1 TensorFlow

TensorFlow is an open-source software library designed for numerical computations using data
flow graphs. It was created and is maintained by Google’s Brain team in their Machine Intelligence
research organization for machine learning and deep learning applications. This library is tailored
for large-scale distributed training and inference tasks. In TensorFlow, nodes in the computa-
tional graph represent mathematical operations, while the edges represent the multidimensional
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data arrays known as tensors that flow between these operations. The architecture of distributed
TensorFlow includes master and worker services with kernel implementations.

TensorFlow, as the most widely adopted deep learning framework [82], boasts numerous unpar-
alleled features. However, its development remains ongoing, addressing various shortcomings. Here
are some of TensorFlow’s notable advantages:

• Multi-language Support: TensorFlow offers support for multiple programming languages, with
the potential for future expansion to include even more languages.

• High Performance: TensorFlow delivers excellent performance and offers robust support for
various hardware configurations, including multi-CPU, GPU, or hybrid platforms.

• Real Portability: TensorFlow exhibits a high level of portability, surpassing many other frame-
works. Its close integration of research and product development, coupled with tools like
TensorFlow Serving, enables seamless translation of innovative ideas into practical products.

6.3.2 Keras

Keras [83] is an open-source neural network library renowned for its simplicity and modularity. It
is predominantly implemented in pure Python, making it accessible to a wide range of users. Keras
was specifically designed to facilitate the process of experimenting with deep neural networks, and
it offers a comprehensive toolkit for building and training these networks. Some key aspects of
Keras include [84]:

• Minimalist Framework: Keras is celebrated for its minimalist framework, which reduces
complexity and enables users to focus on the core aspects of deep learning model development.

• Modularity: Its modular design allows users to build neural networks by assembling stan-
dalone, fully-configurable modules. This modularity extends to layers, loss functions, activation
functions, and more.

• Ease of Experimentation: Keras simplifies the experimentation process, making it easier to
explore various deep learning architectures and ideas.

• Compatibility: Keras exhibits compatibility with multiple backends or deep learning frameworks,
providing users with the flexibility to select the backend that aligns best with their specific
requirements and preferences. This adaptability allows users to seamlessly integrate Keras into
their existing infrastructure and leverage the strengths of different frameworks for their deep
learning projects.

• Versatility: Keras supports Convolutional Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), and other deep learning models. It accommodates multiple input and output structures,
making it versatile for various tasks.

6.3.3 PyTorch

Facebook, Twitter, and Yandex have employed the Torch framework, available in two iterations:
the traditional version based on the LuaJIT language, and the Python-based variant known as
PyTorch, launched by Facebook in January 2017. PyTorch [85], functioning as a Python package,
offers two prominent features: GPU-accelerated tensor calculations and the ability to construct
dynamic neural networks. These features distinguish PyTorch as a versatile and powerful tool in
the realm of deep learning.
In contrast to many other frameworks such as TensorFlow, which exhibit a primarily static nature
necessitating users to build and reuse fixed network structures [82], PyTorch stands out with
its dynamic approach. It leverages Reverse-mode auto-differentiation, allowing users to modify
network performance with minimal delay or computational overhead. While this technology is not
exclusive to PyTorch, it boasts one of the most rapid and efficient implementations, establishing
PyTorch as a prominent player among deep learning frameworks
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6.3.4 Caffe

Caffe [86], developed by the University of California, Berkeley Vision and Learning Center (BVLC),
is a convolutional neural network framework designed around a C++/CUDA/Python architec-
ture. Jia Yangqing is credited as its creator [87]. Built upon feed-forward convolutional neural
network architectures, such as CNNs, Caffe offers multiple interfaces for command line, MAT-
LAB, and Python. Notably, it excels in feature extraction and seamlessly switches between CPU
and GPU, harnessing GPU acceleration for accelerated CNN learning. On April 18, 2017, Face-
book introduced an enhanced iteration of Caffe known as Caffe2, operating under the BSD license
agreement. With its expanded feature set, Caffe2 has the potential to surpass Caffe in popularity,
emerging as a more prominent deep learning framework in the future.

6.3.5 MXNet

In November 2016, Amazon introduced MXNet [88], an open source, lightweight, portable, and
flexible deep learning library developed by DMLC (Distributed Machine Learning Community),
which allows users to mix symbolic programming mode and command programming mode to
maximize efficiency and flexibility It quickly gained prominence as one of the most performant
frameworks. Following its endorsement, Amazon expanded its services to include text-to-speech
recognition and an image analysis service called Recognition. MXNet is officially recommended by
Amazon Web Services (AWS) and is notably the first framework to offer support for multi-GPU
and distributed training, distinguishing it from its peers. What sets MXNet apart is its wide range
of language bindings, making it accessible to developers using C++, Python, R, Julia, MATLAB,
and JavaScript. MXNet represents a powerful tool in the realm of deep learning, offering efficiency,
flexibility, and versatility to its users.

It is also noteworthy that many research articles did not mention the specific implementation
platform used. It is essential to provide comprehensive details regarding the implementation or to
include a link to the code. Unfortunately, some articles overlooked this aspect. We recommend that
researchers not only specify the deep learning implementation platform but also delve into other
technical aspects employed in their model development when writing their papers for academic
journals.

6.4 Applied Deep Learning Algorithms

In the background section, we have described Convolutional Neural Networks (CNNs), which are
highly relevant for deep learning. Below, we will discuss the most commonly used types of deep
learning networks that have been employed in the reviewed studies, based on the publications we
have selected.

Table 6: Summary of Pre-Trained Models

Model Year Architecture Main con-
tribution

Limitations

LeNet
[89]

1998 Two convolutional (conv) layers for
feature extraction. Two sub-sampling
layers for spatial dimension reduction.
Two fully connected layers for a global
understanding of the input. An output
layer featuring a Gaussian connection,
suggesting the use of either a Gaus-
sian activation function or Gaussian-
weighted connections.

The recogni-
tion of hand-
written dig-
its.

• Inadequate adap-
tation to a variety of
image classes.
• Utilization of over-
sized filters
• Limited capability
in low-level feature
extraction
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VGG
(Visual
geometry
group)
[90]

2014 Multiple layers of small 3x3 convolu-
tional filters, followed by max Pool
Layers. The fully connected layers use
ReLU activation and dropout regular-
ization to prevent overfitting.

The 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)
[91]

2015 introduced the inception block in CNN.
This block uses filters of different sizes
to capture spatial information at var-
ious scales, aiming for high accuracy
with reduced computational cost. It
replaces traditional convolutional lay-
ers with these blocks, incorporating a
1x1 convolutional filter bottleneck for
computation regulation. Sparse connec-
tions and global average pooling reduce
redundancy, cutting parameters from
138 million to 4 million.

The devel-
opment of
an incep-
tion module,
which sig-
nificantly
reduces the
network’s
parame-
ter count,
leading to
improved
compu-
tational
efficiency.

• Cumbersome
parameter cus-
tomization owing
to a heterogeneous
topology
• Potential loss
of valuable infor-
mation due to a
representational
bottleneck

Inception
V3 [92]

2015 The architecture incorporates factor-
ized 7x7 convolutions, spatial factor-
ization using asymmetric convolutions,
and an auxiliary classifier for label
information propagation. Additionally,
batch normalization and ReLU activa-
tion functions are applied. With around
23 million parameters

Addresses
the repre-
sentational
bottleneck
by replacing
large size
filters with
smaller ones.

• Elaborate architec-
ture design
• Absence of homo-
geneity

Faster R-
CNN [93]

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 con-
volutional RPN, which generates pro-
posals at 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 Intensive-
ness
• Model Complexity
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U-Net
[94]

2015 A U-shaped encoder-decoder network
architecture, consisting of four encoder
blocks and four decoder blocks con-
nected via a bridge. Each encoder block
involves two 3x3 convolutions, followed
by batch normalization and a ReLU
activation function. The decoder net-
work employs transposed convolutional
layers for upsampling, aiming to restore
the original image size. The inclusion
of skip connections between encoder
and decoder blocks facilitates the recov-
ery of spatial information lost during
downsampling.

Skip connec-
tions.

•Sensitivity to Input
Size
• Hardware Memory
Requirements

ResNet
(Residual
Network)
[95]

2015 ResNet utilizes residual blocks, which
are stacked together to form the over-
all network. The original ResNet had
34 layers with 2-layer blocks, while
advanced variants, like ResNet50, used
3-layer bottleneck blocks for improved
accuracy and reduced training time.
Skip connections in ResNet add outputs
from previous layers to stacked layers,
enabling the training of much deeper
networks than was previously possible.

Residual
layer.

• Complexity in
architecture
• Degradation of
feature-map infor-
mation during
feedforward
• Over-adaptation
of hyperparameters
for specific tasks
due to the repeated
stacking of identical
modules
• Numerous lay-
ers may contribute
minimal or no infor-
mation.
• Relearning of
redundant feature
maps may occur.
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MobileNet
[96]

2017 The architecture comprises convolu-
tion layers, depthwise convolution lay-
ers with BN and ReLU, pointwise con-
volution layers with BN and ReLU,
Global Average Pooling, Reshape,
Dropout, additional Convolutional lay-
ers, Softmax, and Reshape. With
approximately four million parameters,
MobileNet is designed to be lightweight.
It features two basic units: 3x3 Convo-
lution and 3x3 Depthwise Convolution
followed by 1x1 Convolution, using sep-
arable filters to reduce input channel
numbers.

MobileNet’s
architecture
is optimized
for mobile
and embed-
ded devices,
utilizing
depthwise
separable
convo-
lutions.
Sequen-
tial layers
include
depth-
wise and
pointwise
convolutions
with Batch
Normaliza-
tion and
ReLU.

• Challenges arise on
resource-constrained
micro-controllers.
• Sacrifices in accu-
racy compared to
larger architectures,
especially in detailed
tasks.
• Inherent tradeoff
in accuracy due to
its small size, though
often minimal.

DenseNet
[97]

2017 DenseNet’s architecture utilizes Dense
Blocks with densely connected layers
to maximize feature reuse. Each block
includes an input, output, and a growth
rate (k) that regulates information flow
to the next layer. Transition Layers
connect dense blocks using 1x1 convo-
lutions, 1x1 pooling, and 3x3 convolu-
tions, striking a balance between model
complexity and information flow. The
Growth Rate (k) governs the number of
additional features in each dense block,
impacting information flow and net-
work generalization. Finally, the Out-
put Layer is typically a fully connected
layer mapping input features to the
desired class labels.

Densely con-
nected archi-
tecture

• Memory Usage

YOLO
(You
Only
Look
Once)
[98]

2016 YOLO uses a fully convolutional neu-
ral network that passes the image
through a series of convolutional layers
to extract features. It predicts object
boundaries and class labels simultane-
ously, making it a powerful and efficient
deep learning model for object detec-
tion tasks.

Real-time
object
detection

• Detecting small
or complex-shaped
objects and accu-
rately handling very
large objects
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Mask
RCNN
[99]

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 along-
side bounding box coordinates and
class probabilities. This comprehensive
framework excels in instance segmenta-
tion tasks, providing pixel-level masks
for accurate object delineation.

RoIAlign
layer.

• False alerts
• Missing labels

6.5 Evaluation Metrics for Deep CNN Segmentation in Dental Imaging

The tools or mechanisms for measuring model quality are known as evaluation metrics, a crucial
component in developing effective ML or DL models. These metrics vary based on tasks, applica-
tions, and models. In the context of dental image segmentation, we outline the evaluation metrics
employed in the selected papers.
Table 8 presents various performance measurement formulas. For a comprehensive overview of
commonly used evaluation measures, along with their interpretation and implementation, refer to
Table 7. These metrics are derived from attributes in the Confusion Matrix (Figure 8), a two-
dimensional matrix providing information about Actual and Predicted classes. Key attributes
include:

Predicted Class 0 Predicted Class 1

Actual Class 0 True Negative (TN) False Positive (FP)

Actual Class 1 False Negative (FN) True Positive (TP)

Table 7: Confusion Matrix

• TP True-Positive is the number of Positive cases classified correctly.
• TN True-Negative is the number of Negative cases classified correctly.
• FP False-Positive is the number of cases where the model predicted 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 predicted Negative class, but the
actual class was Positive. Also known as Type 2 Error.

21



T
a
b
le

8
:
P
er
fo
rm

a
n
ce

E
va
lu
a
ti
o
n
M
et
ri
cs
.

M
e
tr
ic

F
o
rm

u
la

D
e
sc
ri
p
ti
o
n

S
tu

d
y

A
cc
u
ra
cy

(P
ix
el

A
cc
u
ra
cy

(P
A
))

N
u
m

b
e
r
o
f
C
o
r
r
e
c
tP

r
e
d
ic
ti
o
n
s
(T

P
+

T
N

)
T
o
ta

lN
u
m

b
e
r
o
f
P
r
e
d
ic
ti
o
n
s
(T

P
+

T
N

+
F
P

+
F
N

)

=
(N

u
m

b
e
r
o
f
c
o
r
r
e
c
tl
y
c
la
s
s
if

ie
d
p
ix

e
ls
)

(T
o
ta

l
n
u
m

b
e
r
o
f
p
ix

e
ls
)

∗
1
0
0
%

Is
o
n
e
w
ay

to
d
et
er
m
in
e
h
ow

fr
eq
u
en
tl
y
th
e
a
lg
o
ri
th
m

co
rr
ec
tl
y
cl
a
ss
ifi
es

a
d
a
ta

p
o
in
t.

T
h
is

is
th
e
n
u
m
b
er

o
f
it
em

s
co
rr
ec
tl
y
id
en
ti
fi
ed

a
s
tr
u
e
p
o
si
ti
ve
s
o
r
tr
u
e

n
eg
a
ti
ve
s
o
u
t
o
f
th
e
to
ta
l
n
u
m
b
er

o
f
it
em

s.

[2
7
,
2
9
,
3
0
,
3
7
,
3
8
,

4
1
–
4
3
,
5
5
,
5
6
,
5
8
,

6
1
–
7
2
,
7
4
,
7
5
,
7
7
,

7
9
,
1
0
0
–
1
0
2
]

P
re
ci
si
on

T
P

T
P

+
F
P

A
g
re
em

en
t
b
et
w
ee
n

tr
u
e
cl
a
ss

la
b
el
s
a
n
d

m
a
ch
in
e

p
re
d
ic
ti
o
n
s.

It
is

ca
lc
u
la
te
d
b
y
a
d
d
in
g
a
ll
tr
u
e
p
o
s-

it
iv
es

a
n
d

fa
ls
e
p
o
si
ti
ve
s
in

th
e
sy
st
em

a
cr
o
ss

a
ll

cl
a
ss
es
.

[2
8
,
3
3
–
3
5
,
3
8
,
4
1
–

4
3
,
5
7
,
6
1
,
6
4
–
6
7
,

7
0
,
7
5
,
7
6
,
7
8
,
7
9
,

1
0
0
,
1
0
1
,
1
0
3
]

R
ec
al
l

[(
S
en
si
ti
v
-

it
y
)
(T

ru
e

P
os
it
iv
e

R
at
e
T
P
R
)]

T
P

T
P

+
F
N

T
h
e
a
b
il
it
y
o
f
a
cl
a
ss
ifi
er

to
id
en
ti
fy

cl
a
ss

la
b
el
s.

It
is

ca
lc
u
la
te
d

b
y
a
d
d
in
g
a
ll

tr
u
e
p
o
si
ti
ve
s
a
n
d

fa
ls
e

n
eg
a
ti
ve
s
in

th
e
sy
st
em

a
cr
o
ss

a
ll
cl
a
ss
es
.

[2
7
–
3
0
,
3
4
,
3
5
,
3
7
,

3
8
,
4
1
–
4
3
,
5
5
,
5
6
,

5
8
–
6
1
,

6
4
–
6
7
,

6
9
,

7
0
,
7
3
,
7
5
,
7
6
,
7
8
,

7
9
,
1
0
0
,
1
0
1
]

S
p
ec
if
ci
ty

T
N

F
P

+
T
N

T
h
is

is
re
fe
rr
ed

to
a
s
th
e
tr
u
e
n
eg
a
ti
ve

ra
te
.
T
h
is

fu
n
ct
io
n
co
m
p
u
te
s
th
e
p
ro
p
o
rt
io
n
o
f
a
ct
u
a
l
n
eg
a
ti
ve

ca
se
s
p
re
d
ic
te
d
a
s
n
eg
a
ti
ve

b
y
o
u
r
m
o
d
el
.

[2
7
,
2
9
,
3
0
,
3
3
,
3
7
,

4
1
,
4
2
,
5
5
,
5
6
,
5
8
–

6
1
,
6
4
,
6
7
,
6
9
,
7
0
,

7
3
,
7
9
,
1
0
1
]

F
1-
sc
or
e

2
∗

P
r
e
c
is
io
n
∗
R
e
c
a
ll

P
r
e
c
is
io
n
+

R
e
c
a
ll

M
ea
su
re
s

th
e

eff
ec
ti
ve
n
es
s

o
f
id
en
ti
fi
ca
ti
o
n

w
h
en

re
ca
ll
a
n
d
p
re
ci
si
o
n
a
re

o
f
eq
u
a
l
im

p
o
rt
a
n
ce
.

[2
8
,
2
9
,
3
3
,
3
5
,
3
7
,

3
8
,

4
1
–
4
3
,

5
7
–
5
9
,

6
5
,
7
5
,
7
6
,
7
9
,
1
0
0
,

1
0
2
]

C
oh

en
’s

K
ap

p
a

P
0
−

P
e

1
−

P
e

w
h
er
e
P
0
is
th
e
ob

se
rv
ed

re
la
ti
ve

a
g
re
em

en
t
b
et
w
ee
n

ra
te
rs

an
d

P
e

is
th
e

h
y
p
ot
h
et
ic
a
l
p
ro
b
a
b
il
it
y

o
f

ch
an

ce
ag
re
em

en
t.

R
ep
re
se
n
ts

th
e
le
ve
l
o
f
p
re
ci
si
o
n

a
n
d

re
li
a
b
il
it
y

in
a

st
a
ti
st
ic
a
l
cl
a
ss
ifi
ca
ti
o
n

a
n
d

a
ss
es
se
s
th
e

d
eg
re
e

o
f
a
g
re
em

en
t
b
et
w
ee
n
tw

o
ra
te
rs

(j
u
d
g
es
)
w
h
o
ea
ch

a
ss
ig
n
it
em

s
to

m
u
tu
a
ll
y
ex
cl
u
si
ve

ca
te
g
o
ri
es
.

[4
1
,
6
2
,
1
0
0
,
1
0
2
]

D
ic
e

si
m
il
ar
it
y

co
effi

ci
en
t
(D

S
C
)

(2
∗
a
r
e
a
o
f
o
v
e
r
la
p
)

(2
∗
a
r
e
a
o
f
o
v
e
r
la
p
)(
T
o
ta

l
n
u
m

b
e
r
o
f
p
ix

e
ls

in
b
o
th

im
a
g
e
s
),

U
se
d

to
a
ss
es
s
h
ow

w
el
l
a
p
re
d
ic
te
d

se
g
m
en
ta
ti
o
n

m
a
tc
h
es

th
e
co
rr
es
p
o
n
d
in
g
g
ro
u
n
d
tr
u
th

in
te
rm

s
o
f

p
ix
el
-l
ev
el

a
g
re
em

en
t.

[3
1
,
3
7
,
5
6
,
5
8
,
6
4
,

6
5
,
6
9
,
7
0
,
7
7
]

22



R
ec
ei
ve
r

op
er
at
-

in
g

ch
ar
ac
te
ri
st
ic

(R
O
C
)

D
o
es
n
’t
h
av
e
a
sp
ec
ifi
c
fo
rm

u
la

R
O
C

cu
rv
e
is

gr
a
p
h
ic
a
l
d
is
p
la
y
o
f
se
n
si
ti
v
it
y
(T

P
R
)

o
n
y
-a
x
is

a
n
d
(1

–
sp
ec
ifi
ci
ty
)
(F

P
R
)
o
n
x
-a
x
is

fo
r

va
ry
in
g
cu
t-
o
ff
p
o
in
ts

o
f
te
st

va
lu
es
.

[3
0
,
3
6
,
7
3
,
1
0
1
]

A
re
a

u
n
d
er

th
e

cu
rv
e

(A
U
C
)

A
ve
ra
ge

p
re
ci
si
on

(A
P
))

A
U
C

=
1
−

1 2
(

F
P

F
P
+
T
N

+
F
N

F
N

+
T
P
)

A
P

=
∫ 1 r

=
0
p
(r
)
d
r

m
ea
n
A
v
er
ag
e
p
re
ci
si
on

(m
A
P
)

m
A
P

=
1 N

∑ K=
n

k
=
1
A
P
k

A
s
a
si
n
g
le

sc
a
la
r
va
lu
e,

A
U
C

m
ea
su
re
s
th
e
p
er
fo
r-

m
a
n
ce

o
f
a
b
in
a
ry

cl
a
ss
ifi
er
.
It

li
es

b
et
w
ee
n
[0
.5
–
1
.0
],

w
h
er
e
th
e
m
in
im

u
m

va
lu
e
re
p
re
se
n
ts

ra
n
d
o
m

cl
a
ss
i-

fi
ca
ti
o
n
a
n
d
th
e
m
a
x
im

u
m

va
lu
e
re
p
re
se
n
ts

p
er
fe
ct

cl
a
ss
ifi
ca
ti
o
n
.

[2
7
,
3
0
,
3
4
,
4
3
,
5
7
,

6
0
,
6
3
,
6
6
,
6
8
,
7
3
,

7
8
,
1
0
1
,
1
0
3
]

In
te
rs
ec
ti
on

ov
er

U
n
io
n

(I
oU

)
[J
ac
ca
rd

in
d
ex

(J
I)
]

A
r
e
a
p
r
e
d

⋂ A
r
e
a
g
t

A
r
e
a
p
r
e
d

⋃ A
r
e
a
g
t

=
T
P

T
P
+
F
P
+
F
N

U
se
d
to

ev
a
lu
a
te

th
e
p
er
fo
rm

a
n
ce

o
f
o
b
je
ct

d
et
ec
ti
o
n

b
y
co
m
p
a
ri
n
g
th
e
g
ro
u
n
d
tr
u
th

b
o
u
n
d
in
g
b
ox

to
th
e

p
re
d
d
ic
te
d
b
o
u
n
d
in
g
b
ox
.

[3
2
–
3
4
,
3
7
,
5
6
,
5
8
,

7
1
,
7
4
,
7
7
,
7
8
,
8
0
]

M
at
th
ew

s
co
rr
e-

la
ti
on

co
effi

ci
en
t

(M
C
C
)

T
P
·T

N
−
F
P
·F

N
√

(T
P
+
F
P
)·
(T

P
+
F
N
)·
(T

N
+
F
P
)·
(T

N
+
F
N
)

T
h
e
M
C
C

is
u
se
d

fo
r
b
in
a
ry

cl
a
ss
ifi
ca
ti
o
n

a
n
d

is
co
n
si
d
er
ed

p
a
rt
ic
u
la
rl
y
u
se
fu
l
in

u
n
b
a
la
n
ce
d
cl
a
ss

si
t-

u
a
ti
o
n
s.

ta
k
es

va
lu
es

b
et
w
ee
n
1
(p
er
fe
ct

co
rr
el
a
ti
o
n

b
et
w
ee
n
g
ro
u
n
d
tr
u
th

a
n
d
p
re
d
ic
te
d
o
u
tc
o
m
e)

a
n
d
-1

(i
n
ve
rs
e
o
r
n
eg
a
ti
ve

co
rr
el
a
ti
o
n
)
-
a
va
lu
e
o
f
0
d
en
o
te
s

a
ra
n
d
o
m

p
re
d
ic
ti
o
n
.

[2
9
]
[3
7
]
[4
1
]

23



In the field of evaluating dental image segmentation models, it is important to note that, in
addition to the mentioned metrics, some papers also utilize specific measures such as Volumet-
ric Overlap Error (VOE) and Relative Volume Difference (RVD) [101]. These measures provide
a thorough assessment of model performance, especially when applied to volumetric tomographic
images like Cone Beam Computed Tomography (CBCT). Volumetric Overlap Error (VOE) mea-
sures the degree of mismatch between segmented regions 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 obtain a more comprehensive evaluation of the performance of dental image seg-
mentation models, particularly when applied to volumetric tomographic images such as CBCT
scans.

As shown in Figure 11, and according to the papers studied we found that the 4 evaluation
metrics used to assess the proposed models are Recall, Accuracy, Precision and Specificity.

Fig. 11: The summary of Performance evaluation measures reviewed in this SLR.

Specificity and Sensitivity
Specificity and sensitivity are standardized and recognized measures for evaluating performance
in medical image segmentation. Sensitivity, also known as recall or true-positive rate, focuses
on the capabilities of detecting true positives in pixel classification, while specificity, also known
as the true-negative rate, evaluates the capabilities of correctly identifying true-negative classes
(such as the background class). Specificity in image segmentation tasks demonstrates the ability
of the model to recognize the background class in an image. Specificity ratios near 1 are expected
due to the large percentage of pixels labeled as background compared to the region of interest
(ROI). Therefore, specificity is a good statistic for checking the model’s operation, but not so
much for its performance.

Accuracy / Rand Index [104]
Accuracy, also known as the Rand Index or Pixel Accuracy, is defined as the number of correct pre-
dictions, including positive and negative predictions, divided by the total number of predictions.
However, in the case of unbalanced data, accuracy may not be the best measure of performance
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[41, 60]. Measuring accuracy will always produce an unrealistic result due to the inclusion of true
negatives. Even when predicting the segmentation of an entire image as a background class, accu-
racy rates are often greater than or close to 100%. Therefore, the misleading accuracy measure is
not suitable for evaluating medical models based on the deep learning approach.

F-measure, IoU, and DSC
The F-measure, often known as the F-score, is one of the most extensively used metrics for
quantifying performance in computer vision. It is derived from the sensitivity as well as the
precision of a prediction, which analyzes the overlap between the expected segmentation and the
ground truth. However, by considering accuracy, it also penalizes false positives, which are preva-
lent in datasets with 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
sensitivity and precision. The IoU penalizes under- and over-segmentation more than the DSC.
Even though these scores are suitable metrics and the most common metric in validating medical
image segmentation [69], they are not employed for evaluating the performance of the suggested
models in a 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 discriminating thresholds. The performance is measured by
comparing the true positive rate (TPR) to the false positive rate (FPR). In the medical field,
ROC curves are widely accepted as a standard metric for comparing several classifiers when
assessing diagnostic tests. Hanley and McNeil [105] proposed the area under the ROC curve
(AUC) as a single-value performance assessment for diagnostic radiology. The AUC measure is
becoming a popular tool for validating machine learning classifiers. It should be noted that an
AUC has a value ranging from 0 to 1. A model with 100% incorrect predictions has an AUC of
0.0, while one with 100% correct predictions has an AUC of 1.0.

Other metrics
For a segmentation system to be helpful and make a significant contribution to the area, its
performance must be systematically tested. Furthermore, the evaluation must be carried out using
conventional and well-known measures that allow for fair comparison. Other metrics exist and can
be used based on the research topic and interpretive emphasis of the study. We refer to the excellent
studies of Taha et al. [106]. Additionally, Wang et al. [107] describe the application of metrics
in the evaluation of natural, medical, and remote sensing images and present the supervised and
unsupervised evaluation methods in the application.

6.6 Public Datasets for Dental Radiography Analysis

Dental studies heavily rely on diverse datasets for optimal performance. Addressing the last
research question (RQ7), our investigation, as summarized in Table 10, underscores that the major-
ity of studies predominantly utilized private datasets. Remarkably, only tree studies opted for
public datasets. Among the dataset types, panoramic radiographs emerged as the most frequently
employed, providing a comprehensive single-film view of the maxilla and mandible, crucial for
analyses such as orthodontic treatment and tooth growth. Additionally, a subset of studies utilized
Cone-beam computed tomography (CBCT) for detailed three-dimensional (3D) imaging, while
other types, including periapical radiographs and bitewing radiographs, offered vital diagnostic
information for various dental conditions.

Our systematic literature review underscored a significant dearth of publicly available reference
datasets suitable for extracting pertinent features related to oral medical conditions. Only three
datasets were identified in the public domain [108], [109], and [110]. Recognizing the pivotal role
of data in influencing the performance of machine learning (ML) and deep learning (DL) models,
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the exploration of publicly available datasets, even in limited quantity, offers immense potential
to enhance the robustness and generalizability of deep learning models in dentistry.

In the context of this scarcity, we would like to provide more detailed insights into specific
publicly available reference datasets, each contributing uniquely to dental research:

• The MLUA dataset, designed for dental caries segmentation in oral panoramic images, provides
full-size X-ray images, corresponding segmentation masks, cropped images at tooth borders,
and bounding box annotations. Accessible athttps://github.com/Zzz512/MLUA, this resource
supports research on accurate lesion detection, and its code and test samples are available for
implementation.

• Panetta et al [111], introduces The Tufts Dental Database comprises 1000 panoramic dental
radiography images with expert annotations, facilitating classification based on various criteria.
Notably, it includes the radiologist’s expertise through eye-tracking and think-aloud protocol
recordings. This dataset serves as a benchmark for state-of-the-art systems, aiming to pro-
pel advancements in AI-driven abnormality detection, tooth segmentation algorithms, and the
integration of radiologist expertise into AI applications.

• Dental Radiography Dataset, packed in a zip file, includes 1269 .jpg images along with
three accompanying CSV files. Access the dataset at https://www.kaggle.com/datasets/
imtkaggleteam/dental-radiography/data.

• the authors [112] collected dental panoramic radiographs from 106 pediatric patients (2 to 13
years old). Using EISeg and LabelMe, they created the world’s first dataset for caries segmen-
tation and dental disease detection. Additionally, 93 pediatric radiographs were combined with
three adult datasets (2,692 images) for a comprehensive segmentation dataset suitable for deep
learning

• Lopez et al [113] introduces a database comprises 598 panoramic radiographs with
dimensions of 2041 x 1024, available in JPEG format. The annotations for these
panoramic radiographs are accessible at ]https://www.kaggle.com/datasets/humansintheloop/
teeth-segmentation-on-dental-x-ray-images

By highlighting these specific datasets, despite their limited number, we emphasize their criti-
cal importance in developing more reliable and applicable models. Access to these diverse datasets
from different centers continues to play an essential role in cross-center validation, ensuring the
models’ performance in various clinical contexts. This approach, encouraging cross-center collab-
oration and promoting generalization, remains essential to advance the field of deep learning in
dentistry.

6.7 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 sys-
tematic literature review, specifically focusing on the segmentation of dental panoramic images.
By highlighting the current deficits, our objective is 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 will briefly present
the main identified gaps and envisioned avenues for future research. The prevalent gaps identified
in the literature review entail challenges linked to diverse facets. These challenges are delineated
in the subsequent table 9.

Table 9: Challenges, Gaps and Future Work
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Aspects Limitations and studies Improving Solutions
and Charting Future
Paths

Dataset Size
and source

Dataset size is pivotal in deep learning model devel-
opment as 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 present in
real-world scenarios.
− The dataset used was relatively small [27, 28, 32,
35, 37, 42, 72].
− To assess tooth-level or case-level Residual Bone
Loss (RBL) for a large cohort, the model requires
more images for further optimization.[77]
− The dataset is collected from a single organization
or single device , limiting its diversity [28, 36–
38, 59, 69, 73, 74, 76].
− Absence of external test group [29, 76].
− Heterogeneity in Image Sources [102] or Distribu-
tion of Heterogeneous Images [41].
− The data collected for the study were unbalanced
due to high labeling costs. [80]

−Employing data aug-
mentation methods
[27, 62].
− Exploring Fine-tuning
with transfer learning
[31, 33].
− Enriching the dataset
with diverse data from
multiple global sites and
from various devices
[36, 74].
− Exploring the integra-
tion of non-imagery data,
such as patient history,
clinical signs, and symp-
toms, with imagery data
within a deep learning
system [37, 38, 41].
− Seek external validation
of the neural network on
diverse test sets to assess
generalizability.
Amasya et al. (2023)[102]
showcased DiagnoCat
AI’s adaptability across
diverse image sources and
configurations, indepen-
dent of specific devices
or imaging parameters
https://diagnocat.com.

Image Qual-
ity

The image quality defined by attributes such as clar-
ity, sharpness, and minimal noise.
− Poor-quality images, such as those with overlap-
ping teeth or distorted tooth length, can mislead
the diagnosis, and the model does not automatically
exclude them [42, 77].
− Capturing various aspects of a tooth and the dif-
ficulties associated with internal tooth structure and
the interproximal tooth surface in intraoral photog-
raphy [43, 56, 66, 102].
− Handling Incorrectly Oriented Radiographs [56].
− CBCT provides high resolution, but its accuracy
in density measurement is inferior to traditional CT
[71]

− Explore methods for
preprocessing or filter-
ing poor-quality images
before analysis.
− Improve the model’s
robustness to handle vari-
ations in image quality.
− Conduct an inves-
tigation into a more
realistic simulated X-ray
acquisition process [75].
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Data Pro-
cessing and
Labeling

Refines raw data through operations like resizing and
normalization, optimizing it for effective model train-
ing. Simultaneously, data labeling assigns categorical
or numerical tags to each data point, providing
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 scalabil-
ity and potentially introducing errors [71, 74].
− In the benchmark dataset, certain categories are
labeled more coarsely than others [70].
−Complexities in Labeling: especially when premolar
teeth are missing without clear spacing. [103]

− Investigate automated
or semi-automated meth-
ods for mask generation.
Explore unsupervised
learning techniques for
region identification [74].
− The ambiguity in
bounding box bound-
aries persists in object
detection [33].

Not a
Replacement
for Clinical
Data

While advantageous, deep learning models are not
designed to replace the vital clinical data and exper-
tise 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.[29, 38, 63, 77].
− The study acknowledges a low success rate in iden-
tifying dental caries and calculus, making the AI
models impractical for clinical use [76].
−
−

− Explore seamless inte-
gration of the model’s pre-
dictions with periodontal
charting and data.
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Specific limi-
tation

Additional factors that impact the development,
deployment, and effectiveness of deep learning mod-
els.
− The model faces challenges in accurately identi-
fying tooth numbers or positions, particularly when
multiple teeth are missing [77].
− The model faces difficulties in precisely localizing
specific dental issues.[36, 74]
− Increased Complexity and Training Time [80].
− The study did not compare the diagnostic perfor-
mance of CNNs with that of dentists [27].
− Image Dimensions and platform Memory Con-
straints (Google Colab) [41, 57].
− Overfitting [62].
− 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 accessi-
ble teeth [63].
− Exemplary Use-Case Focus [59].
− Determining the estimation success of each type
of tooth (incisors, canines, premolars, molars) [35].
− The Faster R-CNN network, while generally suc-
cessful, encountered issues in recognizing two ’half
teeth’ as a single intact tooth due to the inherent lim-
itations of Convolutional Neural Networks (CNNs)
not considering spatial relationships between image
features [34].

Distinguishing Implants
with Different Internal
Connection Types [75] .
− Understanding the
trade-offs between image
resolution and memory
constraints [41].
− Dropout [62].
− Investigating the
impact of lower radiation
doses on AI performance
in dental imaging [35].
− Automated image
analysis based on 3D
imaging to assist clini-
cians in lesion detection
and contribute to the
differential diagnosis of
periapical pathology and
nonodontogenic lesions
[31].

7 Limitations of the Study

In this systematic literature review (SLR), various deep learning-based techniques for dental image
segmentation were identified. However, there are a few limitations of our SLR that should be taken
into consideration. These limitations are listed as follows:

• Only journal articles discussing dental image segmentation were included in this SLR. Through
our search technique, several unrelated research publications were discovered and excluded from
this review during the preliminary stages of the study. This ensured that the selected research
papers aligned with the investigation’s requirements. However, it is believed that including
additional sources such as books or conference papers could have enhanced the review.

• This review is limited to papers available in the English language.
• It is possible that other digital libraries with relevant studies were overlooked, although digital
databases were considered when reviewing the study articles.

• The effect 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

Over the past decades, there has been a notable increase in research interest at the intersection
of deep learning and oral healthcare analysis, leading to continuous advancement in innovative
models and methodologies year after year. These algorithms have the capability to assist dentists
in various aspects of their clinical practice, including precise tooth identification, detection and
categorization of dental pathologies, assessment of prosthetic structures, and error reduction. Deep
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learning algorithms hold considerable potential for streamlining the clinical workflows of dentists,
thereby resulting in improved treatment outcomes.

The present study conducted a meticulous review of noteworthy articles focusing on deep
learning methodologies applied to dental image segmentation. We systematically categorized these
recent publications based on their specific objectives and conducted an in-depth exploration of the
predominant evaluation metrics commonly used. Additionally, we addressed some of the significant
challenges that influence the performance of these models. We anticipate that this study will pro-
vide readers with a comprehensive understanding of the essential dimensions of this field, highlight
the most significant advancements, and shed light on potential avenues for future research.

In our forthcoming research endeavors, we aspire to capitalize on the insights gained from this
rigorous systematic literature review (SLR). Our primary goal is to design a novel algorithm for
dental pathology segmentation by harnessing the capabilities of deep learning. Importantly, we
will also prioritize the interpretability of deep learning methodologies to mitigate their inherent
opacity. Given the dynamic nature of this field, we envisage that this article will take the form
of an ongoing review, with regular updates to reflect the emergence of new publications in this
domain.

Declarations

- Conflicts of Interest
The authors declare that they have no known competing financial interests or personal relation-
ships that could have appeared to influence the work reported in this paper.
- Ethical Approval
Not applicable
- Availability of supporting data
Data will be made available on request.
- Competing interests
There are no conflicts of interest to report
- Funding
Not applicable
- Authors’ contributions

• All authors conceptualized and wrote the main manuscript text.
• Imen jdey conceptualized all tables and figures.
• Walid Brahmi prepared all figures and tables .
• Adel Alimi reviewed the final version of the manuscript.
• All authors approved the final version of the manuscript.

- Acknowledgments
This work was supported by the REGIM-Lab (Research Laboratory in Intelligent Machines, code
LR11ES48) at the National Engineering School of Sfax (ENIS), University of Sfax, and the Faculty
of Science and Techniques of Sidi Bouzid, University of Kairouan, Tunisia.”

30



T
a
b
le

1
0
:
li
st

o
f
re
v
ie
w
ed

st
u
d
ie
s.

A
u
t
h
o
r
s

D
a
t
a
s
e
t
c
h
a
r
a
c
t
e
r
is
t
ic
s

D
a
t
a

A
u
g
-

m
e
n
t
a
-

t
io

n
?

M
a
in

o
b
je
c
t
iv

e
&

A
r
c
h
it
e
c
t
u
r
e

T
a
s
k

P
e
r
fo

r
m

a
n
c
e

B
ra

h
m
i

e
t

a
l[
5
7
],

2
0
2
3

A
p
u
b
li
c

d
a
t
a
s
e
t
c
o
n
si
st
in
g
o
f
1
0
7

p
a
n
o
ra

m
ic

x
-r
a
y
im

a
g
e
s[
1
1
0
].

N
o

T
h
e

M
a
sk

-R
C
N
N

n
e
tw

o
rk

w
a
s

u
ti
li
z
e
d

to
p
e
rf
o
rm

p
ix
e
l-
le
v
e
l
in
st
a
n
c
e

se
g
m
e
n
-

ta
ti
o
n

o
n

a
d
a
ta

se
t1

c
o
n
ta

in
in
g

1
0
7

p
a
n
o
ra

m
ic

X
-r
a
y

im
a
g
e
s

o
f
b
o
th

y
o
u
n
g

a
n
d

a
d
u
lt

p
a
ti
e
n
ts
.

S
u
b
se
q
u
e
n
tl
y
,

th
e

M
a
sk

-R
C
N
N

n
e
tw

o
rk

u
n
d
e
rw

e
n
t

tr
a
in
-

in
g

o
n

d
a
ta

se
t2

,
w
h
ic
h

c
o
m
p
ri
se
s

7
3

p
a
n
o
ra

m
ic

X
-r
a
y

im
a
g
e
s
e
x
c
lu
d
in
g
th

o
se

o
f
y
o
u
n
g
p
a
ti
e
n
ts
.

In
st
a
n
c
e

se
g
-

m
e
n
ta

ti
o
n

a
n
d

D
e
te
c
ti
o
n

m
A
P

=
9
0
%
,
F
1
-s
o
re

=
6
3
%

a
n
d

p
re
c
i-

si
o
n

=
9
6
%

C
h
o
i

e
t

a
l[
1
0
0
],

2
0
2
3

P
ri
v
a
te

d
a
ta

se
t

c
o
n
si
st
in
g

o
f

4
0
2

p
e
ri
a
p
ic
a
l

ra
d
io
g
ra

p
h
y

(P
A
),

1
3
8

D
e
n
s

e
v
a
g
in
a
tu

s
a
n
d

2
6
4

n
o
rm

a
l

c
a
se
s.

D
iv
id
e
d

in
to

tr
a
in
in
g

se
t

(N
=

2
8
2
,
7
0
%
),

v
a
li
d
a
ti
o
n

se
t(
N

=
7
0
,

1
8
%
)
a
n
d

te
st

se
t
(N

=
5
0
,
1
2
%
).

Y
e
s

F
iv
e

D
L

m
o
d
e
ls

in
im

a
g
e

c
la
ss
ifi
c
a
ti
o
n
,

in
c
lu
d
in
g

a
si
m
p
le

c
o
n
v
o
lu
ti
o
n
a
l
n
e
u
ra

l
n
e
tw

o
rk

(C
N
N
)
m
o
d
e
l,

V
G
G
,
D
e
n
se
N
e
t,

R
e
sN

e
t,

a
b
d

In
c
e
p
ti
o
n
R
e
sN

e
tV

2
,

w
e
re

se
le
c
te
d

fo
r
th

e
d
ia
g
n
o
si
s
o
f
D
e
n
s
e
v
a
g
i-

n
a
tu

s
(D

E
).

C
la
ss
ifi
c
a
ti
o
n

F
M

o
d
e
l
m
e
a
n
s
(F

u
ll
Im

a
g
e
)
a
n
d
C

M
o
d
e
l

m
a
n
s
(C

ro
p
p
e
d

Im
a
g
e
)

A
U
C
:

F
M

o
d
e
l
=

0
.8
9
5
,
C

M
o
d
e
l
=

0
.9
0
1

A
c
c
u
ra

c
y
:

F
M

o
d
e
l
=

0
.8
2
8
,
C

M
o
d
e
l
=

0
.8
3
2

P
re
c
is
io
n
:

F
M

o
d
e
l
=

0
.8
6
9
,
C

M
o
d
e
l
=

0
.8
5
6

R
e
c
a
ll
:

F
M

o
d
e
l
=

0
.8
7
1
,
C

M
o
d
e
l
=

0
.8
9
8

F
1
S
c
o
re
:

F
M

o
d
e
l
=

0
.8
6
9
,
C

M
o
d
e
l
=

0
.8
7
6

C
o
h
e
n
’s

K
a
p
p
a
:

F
M

o
d
e
l
=

0
.7
7
4
,
C

M
o
d
e
l
=

0
.6
8
4

C
h
u
n

e
t

a
l[
1
0
1
],

2
0
2
3

A
P
ri
v
a
te

d
a
ta

se
t

in
c
lu
d
e
d

C
B
C
T

im
a
g
e
s
fr
o
m

5
0
p
a
ti
e
n
ts
,
w
h
ic
h

w
e
re

d
iv
id
e
d

in
to

a
tr
a
in
in
g

se
t

(6
4

v
o
l-

u
m
e
s,

3
5
4
6
im

a
g
e
s)

a
n
d
a
te
st

se
t
(3

6
v
o
lu
m
e
s,

1
8
0
4

im
a
g
e
s)
.

E
a
ch

a
x
ia
l

im
a
g
e
,

c
ro

p
p
e
d

to
5
1
2
∗5

1
2

p
ix
e
ls
,

se
rv

e
d

a
s
in
p
u
t
fo
r
th

e
se
g
m
e
n
ta

ti
o
n

n
e
tw

o
rk

.

N
o

D
e
v
e
lo
p
m
e
n
t

a
n
d

im
p
le
m
e
n
ta

ti
o
n

o
f

a
d
is
ta

n
c
e
-a
w
a
re

n
e
tw

o
rk

fo
r

th
e

a
u
to

m
a
te
d

c
la
ss
ifi
c
a
ti
o
n

o
f

th
e

th
re
e
-

d
im

e
n
si
o
n
a
l
(3

D
)
p
o
si
ti
o
n
a
l
re
la
ti
o
n
sh

ip
b
e
tw

e
e
n

a
n

im
p
a
c
te
d

m
a
n
d
ib
u
la
r

th
ir
d

m
o
la
r

(M
3
)

a
n
d

th
e

in
fe
ri
o
r

a
lv
e
o
la
r

c
a
n
a
l
(M

C
)

in
c
o
n
e
-b

e
a
m

C
T

(C
B
C
T
)

im
a
g
e
s,

in
c
o
rp

o
ra

ti
n
g

th
e

a
c
c
u
ra

te
se
g
-

m
e
n
ta

ti
o
n

c
a
p
a
b
il
it
ie
s

p
ro
v
id
e
d

b
y

th
e

D
e
n
se
1
2
1
U
-N

e
t.

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

S
e
g
m
e
n
ta

ti
o
n

p
e
rf
o
rm

a
n
c
e
:

Io
U

=
0
.8
7
2
,
D
S
C

=
0
.9
2
0
,
P
re
c
is
io
n

=
0
.9
4
6
,
R
e
c
a
ll

=
0
.9
1
8

C
la
ss
ifi
c
a
ti
o
n

p
e
rf
o
rm

a
n
c
e
:

A
c
c
u
ra

c
y

=
1
.0
0
,

S
e
n
si
ti
v
it
y

=
1
.0
0
,

S
p
e
c
ifi
c
it
y
=

1
.0
0
,
A
U
C

=
1
.0
0

31



A
m
a
sy

a
e
t

a
l[
1
0
2
],

2
0
2
3

P
ri
v
a
te

d
a
ta

se
t

c
o
n
si
st
in
g

o
f

6
0
0
0

p
a
n
o
ra

m
ic

ra
d
io
g
ra

p
h
s

w
it
h

4
5
,1
6
1

a
n
n
o
ta

te
d

in
st
a
n
c
e
s.

N
o

T
w
o
se
p
a
ra

te
m
o
d
e
ls

a
re

tr
a
in
e
d

fo
r
d
if
-

fe
re
n
t
ta

sk
s.

T
h
e

fi
rs
t
m
o
d
e
l
u
se
s
M

a
sk

R
-C

N
N

w
it
h

a
p
re
tr
a
in
e
d

R
e
sN

e
t-
1
0
1

b
a
ck

b
o
n
e
to

d
e
te
c
t
te
e
th

,
se
g
m
e
n
t
th

e
ir

m
a
sk

s,
a
n
d

d
e
fi
n
e
th

e
ir

n
u
m
b
e
ri
n
g
.
T
h
e

se
c
o
n
d

m
o
d
e
l,

b
a
se
d

o
n

th
e
C
a
sc
a
d
e
R
-

C
N
N

a
rc
h
it
e
c
tu

re
,
is

u
se
d

fo
r
p
re
d
ic
ti
n
g

p
e
ri
o
d
o
n
ta

l
b
o
n
e
lo
ss
.

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

F
o
r

to
o
th

c
o
n
d
it
io
n
s:

O
v
e
ra

ll
F
-s
c
o
re
,

a
c
c
u
ra

c
y
,
a
n
d

C
o
h
e
n
’s

k
a
p
p
a
c
o
e
ffi
c
ie
n
ts

w
e
re

fo
u
n
d

to
b
e
0
.9
4
8
,
0
.9
7
7
,
a
n
d

0
.9
3
3

fo
r
th

e
b
in
a
ry

re
su

lt
s.

F
o
r
m
u
lt
ic
la
ss

re
su

lt
s,

th
e
c
o
rr
e
sp

o
n
d
in
g

v
a
lu
e
s
w
e
re

0
.9
9
2
,
0
.9
8
8
,
a
n
d

0
.9
6
1
.

F
o
r
b
o
n
e
lo
ss

d
e
te
c
ti
o
n
:
O
v
e
ra

ll
F
-s
c
o
re
,

a
c
c
u
ra

c
y
,
a
n
d

C
o
h
e
n
’s

k
a
p
p
a
c
o
e
ffi
c
ie
n
ts

w
e
re

fo
u
n
d

to
b
e
0
.9
8
5
,
0
.9
8
0
,
a
n
d

0
.9
5
6

fo
r
th

e
b
in
a
ry

re
su

lt
s.

F
o
r
m
u
lt
ic
la
ss

re
su

lt
s,

th
e
c
o
rr
e
sp

o
n
d
in
g

v
a
lu
e
s
w
e
re

0
.9
9
6
,
0
.9
9
3
,
a
n
d

0
.9
7
4
.%

A
li

e
t

a
l[
1
0
3
],

2
0
2
3

P
ri
v
a
te

d
a
ta

se
t,

in
it
ia
ll
y

c
o
m
p
ri
s-

in
g
3
8
1
8
p
a
n
o
ra

m
ic

ra
d
io
g
ra

p
h
s,

w
a
s

re
fi
n
e
d

to
3
1
3
8
im

a
g
e
s,

w
it
h

E
x
p
e
ri
-

m
e
n
t
1
u
ti
li
z
in
g
2
6
1
5
fo
r
tr
a
in
in
g
a
n
d

5
2
3

fo
r
te
st
in
g
,
w
h
il
e

E
x
p
e
ri
m
e
n
t
2

e
m
p
lo
y
e
d

a
si
x
-f
o
ld

c
ro

ss
-v
a
li
d
a
ti
o
n

o
n

th
e
e
n
ti
re

se
t,

e
ss
e
n
ti
a
l
fo
r
e
v
a
lu
-

a
ti
n
g

to
o
th

a
n
d

p
ro

st
h
e
si
s
d
e
te
c
ti
o
n

m
o
d
e
ls
.

Y
e
s

A
n
o
v
e
l

m
e
th

o
d

u
si
n
g

tw
o

Y
O
L
O
v
7
-

b
a
se
d

o
b
je
c
t
d
e
te
c
to

rs
to

e
n
h
a
n
c
e
te
e
th

d
e
te
c
ti
o
n

in
d
e
n
ta

l
p
a
n
o
ra

m
ic

X
-r
a
y
s,

a
d
d
re
ss
in
g

ch
a
ll
e
n
g
e
s

p
o
se
d

b
y

p
ro

s-
th

e
ti
c
tr
e
a
tm

e
n
ts
.
T
h
e
a
p
p
ro

a
ch

in
v
o
lv
e
s

d
e
te
c
ti
n
g

to
o
th

a
n
d

p
ro

st
h
e
si
s

c
a
n
d
i-

d
a
te
s,

a
ss
ig
n
in
g
a
p
p
ro
x
im

a
te

to
o
th

n
u
m
-

b
e
rs

to
p
ro

st
h
e
ti
c

c
a
n
d
id
a
te
s,

a
n
d

o
p
ti
-

m
iz
in
g

th
e

re
su

lt
s,

si
g
n
ifi
c
a
n
tl
y

im
p
ro
v
-

in
g
d
e
te
c
ti
o
n

e
ffi
c
ie
n
c
y
.

D
e
te
c
ti
o
n

C
la
ss
ifi
c
a
ti
o
n

M
e
a
n
A
v
e
ra

g
e
P
re
c
is
io
n
(m

A
P
)
fo
r
to

o
th

d
e
te
c
ti
o
n

=
0
.9
8
2
.

M
e
a
n
A
v
e
ra

g
e
P
re
c
is
io
n
(m

A
P
)
fo
r
p
ro

s-
th

e
si
s
d
e
te
c
ti
o
n

=
0
.9
8
3
.

L
e
e
,

C
.

e
t

a
l[
7
7
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

6
9
3
p
e
ri
a
p
ic
a
l
ra

d
io
-

g
ra

p
h
ic

im
a
g
e
s

,
d
iv
id
e
d

to
7
0
%
,

1
0
%
,
a
n
d

2
0
%

fo
r

tr
a
in
in
g
,
v
a
li
d
a
-

ti
o
n
,
a
n
d

te
st
in
g
.

N
o

T
h
e

ta
sk

w
a
s

to
d
e
v
e
lo
p

a
n
d

e
v
a
lu
a
te

d
iff

e
re
n
t

v
a
ri
a
ti
o
n
s

o
f
th

e
U
-N

e
t

a
rc
h
i-

te
c
tu

re
fo
r

th
e

se
g
m
e
n
ta

ti
o
n

o
f

th
re
e

d
iff

e
re
n
t
a
re
a
s:

th
e
b
o
n
e
a
re
a
,
to

o
th

,
a
n
d

c
e
m
e
n
to

-e
n
a
m
e
l
ju
n
c
ti
o
n

(C
E
J
)
li
n
e
.

S
e
g
m
e
n
ta

ti
o
n

b
o
n
e
a
re
a
D
S
C

=
0
.9
6
,
J
I
=

0
.9
3
a
n
d
P
A

=
0
.9
6

to
o
th

sh
a
p
e
D
S
C

=
0
.9
5
,
J
I
=

0
.9
1
a
n
d

P
A

=
0
.8
9

C
E
J
li
n
e
se
g
m
e
n
ta

ti
o
n
s
D
S
C

=
0
.9
1
,
J
I

=
0
.8
8
a
n
d

P
A

=
0
.9
9

Im
a
k
,

A
e
t

a
l
[6
7
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

3
8
0

p
e
ri
a
p
ic
a
l

im
a
g
e
s.

N
o

A
sc
o
re
-b

a
se
d
m
u
lt
i-
in
p
u
t
C
N
N

e
n
se
m
b
le

(M
I-
D
C
N
N
E
)
fo
r
th

e
a
u
to

m
a
ti
c
d
ia
g
n
o
-

si
s
o
f
d
e
n
ta

l
c
a
ri
e
s

c
la
ss
ifi
c
a
ti
o
n

a
c
c
u
ra

c
y

=
9
9
.1
3
,
se
n
si
ti
v
it
y

=
9
8
%

,
sp

e
c
ifi
c
it
y
=

1
0
0
%
,
p
re
c
is
io
n
=

1
0
0
%

a
n
d

F
1
-s
c
o
re

=
9
8
.9
9
%

Z
h
a
n
g
,
X
.
e
t

a
l
[3
6
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

3
9
3
2

o
ra

l
p
h
o
-

to
g
ra

p
h
s.

D
iv
id
e
d

in
to

tr
a
in
in
g

se
t

(N
=

2
5
0
7
,
6
3
.7
6
%
),

v
a
li
d
a
ti
o
n
se
t(
N

=
3
0
0
,
7
.6
3
%
)
a
n
d
te
st

se
t
(N

=
1
1
2
5
,

2
8
,6
%
).

Y
e
s

D
e
n
ta

l
c
a
ri
e
s

D
L

m
o
d
e
l
a
d
a
p
te
d

fr
o
m

S
in
g
le

S
h
o
t
M

u
lt
iB

o
x
D
e
te
c
to

r
(S

S
D
)

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

R
O
C

=
8
5
.6
5
%
.

O
z
te
k
in
,

F
.

e
t

a
l

[7
4
],
2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

2
5
0

p
a
n
o
ra

m
ic

im
a
g
e
s

o
f

2
0
4
8
×
1
0
2
4
p
x
.
R
a
n
d
o
m
ly

d
iv
id
e
d

in
to

7
0
%

fo
r

tr
a
in
in
g
,
2
0
%

fo
r
v
a
li
d
a
ti
o
n
,
a
n
d

1
0
%

fo
r
te
st
in
g

N
o

A
U
-N

e
t-
b
a
se
d

d
e
e
p

le
a
rn

in
g

m
o
d
e
l
fo
r

th
e

a
u
to

m
a
ti
c

d
e
te
c
ti
o
n

a
n
d

c
la
ss
ifi
c
a
-

ti
o
n
o
f
a
m
a
lg
a
m

a
n
d
c
o
m
p
o
si
te

fi
ll
in
g
s
in

p
a
n
o
ra

m
ic

im
a
g
e
s.

S
e
g
m
e
n
ta

ti
o
n

m
e
a
n

Io
U

=
0
.7
6
7

P
ix
e
l
A
c
c
u
ra

c
y
=

9
9
.8
1
%

P
a
rk

,
J
.

e
t

a
l
[8
0
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.
1
4
1
4

p
a
n
o
ra

m
ic

X
-

ra
y

N
o

a
fi
v
e
-a
x
is
-b

a
se
d
to

o
th

re
c
o
g
n
it
io
n
m
o
d
e
l

u
si
n
g
F
a
st
e
r
R
-C

N
N

S
e
g
m
e
n
ta

ti
o
n

Io
U

=
7
2
%

32



F
ra

n
c
o
,

A
.

e
t

a
l

[6
1
],

2
0
2
2

.
4
0
0
3

p
a
n
o
ra

m
ic

ra
d
io
g
ra

p
h
s.

d
iv
id
e
d

in
to

th
e

a
g
e

g
ro

u
p
s

“
u
n
d
e
r

1
5
y
e
a
rs
”
(n

=
2
,2
5
4
)
a
n
d

“
e
q
u
a
l
o
r

o
ld
e
r
1
5
y
e
a
rs
”
(n

=
1
,7
4
9
).

Y
e
s

E
ig
h
t
C
N
N

a
rc
h
it
e
c
tu

re
s
w
a
s
u
se
d
In

c
e
p
-

ti
o
n
V
3
,
X
c
e
p
ti
o
n
,
In

c
e
p
ti
o
n

R
e
sN

e
tV

2
,

R
e
sN

e
t5

0
,

R
e
sN

e
t1

0
1
,

M
o
b
il
e
N
e
tV

2
,

V
G
G
1
6

a
n
d

D
e
n
se
N
e
t1

2
1

D
e
n
se
N
e
t1

2
1

to
d
is
ti
n
g
u
is
h

fe
m
a
le
s

a
n
d

m
a
le
s

u
si
n
g

d
e
n
to

m
a
x
il
lo
fa
c
ia
l

fe
a
tu

re
s

fr
o
m

a
ra

d
io
g
ra

p
h
ic

im
a
g
e

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

D
e
n
se
N
e
t1

2
1
-
fr
o
m

sc
ra

tc
h

A
c
c
u
ra

c
y

=
7
1
.6
4
%
,
F
1
-s
c
o
re

=
7
0
.6
4

%
,
P
re
c
is
io
n

=
7
1
.5
9
%
,
R
e
c
a
ll

=
6
9
.8
%
,

S
p
e
c
ifi
c
it
y
=

8
7
.4
7
%

D
e
n
se
N
e
t1

2
1
-t
ra

n
sf
e
r
le
a
rn

in
g
.

A
c
c
u
ra

c
y

=
8
2
.1
8
%
,
F
1
-s
c
o
re

=
8
.0
6
4
%

,
P
re
c
is
io
n
=
0
.8
0
7
2
%

,
R
e
c
a
ll
=

0
.8
0
5
6
%
,

S
p
e
c
if
c
it
y
=
0
.9
2
2
0
%

B
a
y
ra

k
ta

r,
Y
.
e
t
a
l
[2
7
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

1
0
0
0
b
it
e
w
in
g
ra

d
io
-

g
ra

p
h
ic

d
iv
id
e
d

in
to

tr
a
in
in
g

(8
0
%
)

a
n
d

te
st
in
g
-v
a
li
d
a
ti
o
n

(2
0
%
)
g
ro

u
p
s

Y
e
s

M
o
d
ifi
e
d

(Y
O
L
O
)
m
o
d
e
l
to

d
e
te
c
t
c
a
ri
e
s

le
si
o
n
s

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

a
c
c
u
ra

c
y
=

9
4
.5
9
%
,
se
n
si
ti
v
it
y
=

7
2
.2
6
%
,

sp
e
c
ifi
c
it
y
=

9
8
.1
9
%
a
n
d

A
U
C

=
8
7
.1
9

L
iu
,
M

.
e
t
a
l

[6
9
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

2
5
4
C
B
C
T
.
D
iv
id
e
d

in
to

th
re
e

su
b
se
ts
:
th

e
tr
a
in
in
g

se
t

(1
5
4
,
6
0
.6
%
),

th
e
v
a
li
d
a
ti
o
n

se
t
(3

0
,

1
1
.8
%
),

a
n
d

th
e
te
st

se
t
(7

0
,
2
7
.6
%
)

Y
e
s

U
-N

e
ts

u
se
d

to
m
a
n
d
ib
u
la
r
th

ir
d

m
o
la
r

a
n
d

m
a
n
d
ib
u
la
r
c
a
n
a
l
se
g
m
e
n
ta

ti
o
n

R
e
sN

e
t-
3
4

u
se
d

to
m
a
n
d
ib
u
la
r

th
ir
d

m
o
la
r

a
n
d

m
a
n
d
ib
u
la
r

c
a
n
a
l

re
la
ti
o
n

c
la
ss
ifi
c
a
ti
o
n
:
3
c
la
ss
e
s

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
if
c
a
ti
o
n

se
g
m
e
n
ta

ti
o
n

o
f
m
a
n
d
ib
u
la
r
th

ir
d

m
o
la
r:

m
e
a
n

D
ic
e

si
m
il
a
ri
ty

c
o
e
fc
ie
n
t

(m
D
S
C
)

=
9
7
%

a
n
d

a
m
e
a
n

in
te
rs
e
c
ti
o
n

o
v
e
r

u
n
io
n

(m
Io
U
)
=

9
6
.0
6
%
;

se
g
m
e
n
ta

ti
o
n

o
f

m
a
n
d
ib
u
la
r

c
a
n
a
l:

m
D
S
C

=
9
2
%

a
n
d

a
m
Io
U

o
f
9
0
%
.

c
la
ss
ifi
c
a
ti
o
n
:
se
n
si
ti
v
it
y
=

9
0
.2
%
,

sp
e
c
ifi
c
it
y
=

9
5
.0
%
,

a
c
c
u
ra

c
y
=

9
3
.3
%

K
o
h
la
k
a
la
,

A
.
e
t
a
l
[7
5
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

4
8
3

si
m
u
la
te
d

X
-

ra
y

im
a
g
e
s,

w
h
ic
h
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o
n
ta

in
im

p
la
n
ts
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se
rt
e
d
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to

e
it
h
e
r

h
u
m
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n
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r

p
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w
s
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f
si
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e

5
1
2
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5
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2

a
n
d
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v
e
d
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J
P
E
G
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a
t.

Y
e
s

T
w
o
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y

c
o
n
v
o
lu
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o
n
a
l
n
e
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o
rk

s
m
o
d
e
l

F
C
N
1
a
n
d

F
C
N
2
u
se
d
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d
e
n
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l
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p
la
n
t

d
e
te
c
ti
o
n

a
n
d

re
c
o
g
n
it
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n

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

se
g
m
e
n
ta

ti
o
n

a
c
c
u
ra

c
y
=

9
4
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%

c
la
ss
ifi
c
a
ti
o
n

a
c
c
u
ra

c
y
=

7
1
.7
%

M
o
id
u
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N
.

e
t

a
l

[3
7
],

2
0
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2

P
ri
v
a
te

d
a
ta

se
t.

3
5
4
0
p
e
ri
a
p
ic
a
l
ro

o
t

a
re
a
s
(P

R
A
).

D
iv
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e
d

in
to

tw
o

su
b
-

se
ts
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th

e
tr
a
in
in
g

a
n
d

v
a
li
d
a
ti
o
n

se
t

(3
0
0
0

P
R
A
)

a
n
d

th
e

te
st

se
t

(5
4
0

P
R
A
)

Y
e
s

A
C
N
N

m
o
d
e
l
b
a
se
d
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n

Y
O
L
O
.v
3
a
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h
i-

te
c
tu
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to
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o
re

th
e

p
e
ri
a
p
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a
l
le
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o
n

o
f

m
a
n
d
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u
la
r
te
e
th

S
e
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

S
eg
m
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o
n
:
D
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e
c
o
e
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ie
n
t
=

8
9
%

m
e
a
n

in
te
rs
e
c
ti
o
n

o
v
e
r

u
n
io
n

(J
a
c
c
a
rd

in
d
e
x
)
=

9
0
%
,
re
c
a
ll

=
8
9
%

p
re
c
is
io
n

=
9
0
%

C
la
ss
ifi
c
a
ti
o
n
:
se
n
si
ti
v
it
y
=

9
2
.1
%

,
sp

e
c
ifi
c
it
y
=

7
6
%
,

a
c
c
u
ra

c
y
=

8
6
.3
%
,

F
1
sc
o
re

=
8
9
%

M
a
tt
h
e
w
s
c
o
rr
e
la
ti
o
n

c
o
e
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c
ie
n
t
(M

C
C
)

=
7
1
%
.

Z
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u
,
H
.
e
t
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l

[6
5
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

1
1
5
9

p
a
n
o
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m
ic
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a
g
e
s.
D
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e
d
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e
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b
se
ts
:
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e
tr
a
in
in
g
se
t
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0
0
),

th
e
v
a
li
d
a
ti
o
n

se
t
(1

3
5
)
a
n
d

th
e
te
st

se
t
(1

2
4
).

N
o

C
a
ri
e
sN

e
t:

a
n

a
u
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m
a
te
d
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st
e
m
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r

c
a
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e
s
d
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g
n
o
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s
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a
t
e
m
p
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y
s
a

U
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h
a
p
e

e
n
c
o
d
e
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d
e
c
o
d
e
r
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a
m
e
w
o
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,
a
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v
e
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e

a
tt
e
n
ti
o
n

m
e
ch

a
n
is
m
,

a
n
d

a
R
e
s2

N
e
t

b
a
ck

b
o
n
e

to
a
ch

ie
v
e

p
re
c
is
e

se
g
m
e
n
ta

-
ti
o
n
.

S
e
g
m
e
n
ta

ti
o
n

D
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e

c
o
e
ffi
c
ie
n
t

=
9
3
.6
4
%
,a
c
c
u
ra

c
y

=
9
3
.6
1
%
,
p
re
c
is
io
n

=
9
4
.0
9
%

a
n
d

re
c
a
ll

=
8
6
.0
1
%
,

P
a
rk

,
E
.

e
t

a
l
[6
6
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

2
3
4
8
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tr
a
o
ra

l
p
h
o
to

g
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p
h
ic
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n
d
o
m
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a
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n
e
d

to
tr
a
in
in
g

(1
6
3
8
),

v
a
li
d
a
ti
o
n
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1
0
),

a
n
d

te
st

(3
0
0
)
d
a
ta

se
ts

N
o

D
e
e
p

le
a
rn
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g

a
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o
ri
th

m
w
a
s
u
ti
li
z
e
d

to
p
e
rf
o
rm
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o
th

su
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a
c
e
se
g
m
e
n
ta

ti
o
n
u
si
n
g

U
-N

e
t,

c
a
ri
e
s
c
la
ss
ifi
c
a
ti
o
n
u
si
n
g
R
e
sN

e
t-

1
8
,
a
n
d
le
si
o
n
lo
c
a
li
z
a
ti
o
n
u
si
n
g
F
a
st
e
r
R
-

C
N
N
.
T
h
e
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te
ch

n
iq
u
e
s
a
re

a
p
p
li
e
d
in
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e

c
o
n
te
x
t
o
f
c
a
ri
e
s
d
e
te
c
ti
o
n
..

se
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

se
g
m
e
n
ta

ti
o
n

a
c
c
u
ra

c
y

=
8
1
.3
9
%
,
A
U
C

=
8
3
.7
%
,

c
la
ss
ifi
c
a
ti
o
n
a
c
c
u
ra

c
y
=
9
2
.5
%
,
se
n
si
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v
-
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y
=

8
9
.0
%

a
n
d

p
re
c
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n

=
8
7
.4
%
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A
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ta

ib
i,

G
.

e
t
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l

[4
1
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

1
7
2
4

p
e
ri
a
p
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a
l

im
a
g
e
s.

D
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e
d
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a
tr
a
in
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g
d
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t
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=

1
2
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;

7
0
%
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a
v
a
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d
a
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o
n

d
a
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se
t
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=
3
4
5
;
2
0
%
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a
n
d

a
te
st

d
a
ta

se
t
(n

=
1
7
3
;
1
0
%
).

N
o

A
C
N
N
-b

a
se
d

m
o
d
e
l
V
G
G
-1
6

to
d
e
te
c
t

p
e
ri
o
d
o
n
ta

l
b
o
n
e

lo
ss

a
n
d

c
la
ss
if
y

th
e

a
lv
e
o
la
r
b
o
n
e
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v
e
ls

in
te
e
th

a
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e
c
te
d

b
y

p
e
ri
o
d
o
n
ta

l
d
is
e
a
se
.

c
la
ss
ifi
c
a
ti
o
n

b
in
a
ry

c
la
ss
ifi
c
a
ti
o
n

a
c
c
u
ra

c
y

=
7
3
.0
4
%

,
p
re
c
is
io
n

=
7
0
%
,

re
c
a
ll

=
7
0
%

a
n
d

M
a
tt
h
e
w
s
c
o
rr
e
la
ti
o
n
c
o
e
fc
ie
n
t
(M

C
C
)
=

5
1
%

m
u
lt
i-
c
la
ss
ifi
c
a
ti
o
n
:
a
c
c
u
ra

c
y

=
5
9
.4
2
%
,

p
re
c
is
io
n

=
8
3
%
,

re
c
a
ll

=
7
0
%

a
n
d

M
a
tt
h
e
w
s
c
o
rr
e
la
ti
o
n
c
o
e
fc
ie
n
t
(M

C
C
)
=

0
.6
5

J
a
n
g
,
W

.
e
t

a
l
[3
3
],

2
0
2
2

D
a
ta

a
v
a
il
a
b
le

o
n
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q
u
e
st

fr
o
m

th
e

a
u
th

o
rs
.
3
0
0

p
e
ri
a
p
ic
a
l
ra

d
io
g
ra

p
h
ic

im
a
g
e
.
sp

li
t
in
to

8
0
:2
0
ra

ti
o
(t
ra

in
/

te
st
).

N
o

E
v
a
lu
a
te

th
e

d
ia
g
n
o
st
ic

p
e
rf
o
rm

a
n
c
e

o
f

th
e

F
a
st
e
r

R
-C

N
N

m
o
d
e
l
w
it
h

R
e
sN

e
t

1
0
1

b
a
ck

b
o
n
e

fo
r

th
e

ta
sk

s
o
f

o
b
je
c
t

d
e
te
c
ti
o
n
,
c
la
ss
ifi
c
a
ti
o
n
,
a
n
d
lo
c
a
li
z
a
ti
o
n
.

D
e
te
c
ti
o
n

C
la
ss
ifi
c
a
ti
o
n

L
o
c
a
li
z
a
ti
o
n

c
la
ss
ifi
c
a
ti
o
n

p
e
rf
o
rm

a
n
c
e
:

p
re
c
is
io
n
=

9
7
.7
%
,
re
c
a
ll
=

9
9
.2
%

a
n
d
F
1

sc
o
re

=
9
8
.4
%

S
e
g
m
e
n
ta

ti
o
n

p
e
rf
o
rm

a
n
c
e
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U
=
9
0
.7
%
.

M
o
h
a
m
m
a
d
,

N
.
e
t
a
l
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2
],

2
0
2
2

P
ri
v
a
te

d
a
ta

se
t.

2
4
0

p
a
n
o
ra

m
ic

im
a
g
e
s.

Y
e
s

D
y
n
a
m
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p
ro

g
ra

m
m
in
g
o
f
a
c
ti
v
e
c
o
n
to

u
r

(D
P
-A

C
)

a
n
d

c
o
n
v
o
lu
ti
o
n
s

n
e
u
ra

l
n
e
t-

w
o
rk

m
o
d
e
l

to
se
g
m
e
n
t

th
e

m
a
tu

ri
ty

d
e
v
e
lo
p
m
e
n
t

o
f
th

e
m
a
n
d
ib
u
la
r

p
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m
o
-

la
rs
.

se
g
m
e
n
ta

ti
o
n

C
la
ss
ifi
c
a
ti
o
n

C
la
ss
ifi
c
a
ti
o
n

:
C
o
h
e
n
’s

K
a
p
p
a
=

5
8
%
,

a
c
c
u
ra

c
y
=

7
7
%

J
ia
n
g
,
L
.
e
t

a
l
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8
],

2
0
2
2

D
a
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a
v
a
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a
b
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o
n
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q
u
e
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o
m
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e

a
u
th

o
rs
.
6
4
0
p
a
n
o
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m
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a
g
e
s.

se
p
-

a
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d
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a
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a
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g
se
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0
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)
a
n
d

a
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se
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0
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)

Y
e
s

U
N
e
t
a
n
d

Y
O
L
O
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4

w
e
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u
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d

to
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a
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a
d
e
e
p

le
a
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g

m
o
d
e
l
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r

c
o
m
p
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h
e
n
-
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v
e
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d
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g
n
o
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n
g
a
n
d
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a
g
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g
p
e
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o
d
o
n
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l
a
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e
o
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r
b
o
n
e
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.

S
e
g
e
m
e
n
ta
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o
n

C
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c
a
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o
n

a
c
c
u
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c
y

=
7
7
%
,
P
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c
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n

=
7
7
%
,
S
e
n
-
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v
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y
=

7
7
%
,

S
p
e
c
if
c
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=
8
8
%

a
n
d

F
1
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c
o
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=
7
7
%
.

K
a
b
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,
T
.
e
t

a
l
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6
],

2
0
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2

A
p
u
b
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c
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p
o
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ry
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o
n
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a
n
o
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m
ic

im
a
g
e
s
[1
0
9
].

1
2
4
0

in
tr
a
o
ra

l
ra

d
io
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p
h
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b
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a
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.

N
o

U
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e
t
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g
m
e
n
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o
n

m
o
d
e
l
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h

R
e
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e
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n
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a
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c
u
ra

te
ly

se
g
m
e
n
t

d
iff

e
re
n
t

st
ru

c
tu
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n
d
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g
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n
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o
f
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d
e
n
ta

l
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a
g
e
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a
s
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e
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C
E
J
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n
e
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e
m
e
n
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e
n
a
m
e
l

J
u
n
c
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o
n
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a
n
d
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e
b
o
n
e
a
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a
.
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g
m
e
n
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o
n

N
u
m
b
e
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n
g

D
e
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c
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o
n

P
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c
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0
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D
e
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c
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R
e
c
a
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=
9
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%

N
u
m
b
e
ri
n
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P
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c
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=
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%

N
u
m
b
e
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n
g
R
e
c
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=
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%

V
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a
-

B
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n
c
o
,

N
.

e
t

a
l

[6
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],

2
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2

P
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v
a
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a
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se
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1
7
4
6

d
e
n
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l
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a
n
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m
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d
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g
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p
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p
a
n
to

-
m
o
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O
P
G
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a
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a
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v
a
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n
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b
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h
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e
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n
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c
a
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c
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v
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e
s

X
A
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:

A
u
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m
a
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c

y
e
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e
X
p
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a
b
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A
g
e

a
n
d
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e
x
d
e
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a
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o
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g
m
e
n
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C
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c
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o
n
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o
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g
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n
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o
n

m
A
P
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9
6
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%
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m
A
P
@
0
.7
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=
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%

S
e
x
c
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c
a
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o
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A
c
c
u
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c
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=

9
1
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%
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o
n
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n
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G
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P
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v
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t.

3
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0

p
a
n
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m
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d
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g
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p
h
s
e
x
p
o
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e
g
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N
o

A
p
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e
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C
o
n
v
o
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o
n
a
l
N
e
u
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l
N
e
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w
o
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N
N
)
c
a
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e
d

D
e
n
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.A

i
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p
e
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o
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e
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s
o
f
d
e
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c
ti
n
g
a
n
d
c
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y
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g
d
e
n
-
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l
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c
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s
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p
a
n
o
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m
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d
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g
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p
h
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g
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c
a
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n

S
e
n
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v
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e
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=

9
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2
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v
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6

p
a
n
o
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d
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g
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p
h
s

Y
e
s

4
d
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p
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g

m
o
d
e
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d
e
v
e
lo
p
e
d
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c
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if
y
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e
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p
e
o
f
c
a
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e
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p
a
c
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o
n
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y
p
e
I
o
r
T
y
p
e
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)
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o
m

p
a
n
o
ra

m
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d
e
n
-
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l
ra

d
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g
ra

p
h
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a
g
e
s:
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e
n
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N
e
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1
2
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,

V
G
G
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6
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c
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p
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p
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c
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.
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m
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c
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c
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=
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