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Abstract
Convolutional neural networks (CNNs) have rapidly emerged as one of the most promising next-
generation arti�cial intelligence (AI) in the �eld of medical and dental researches, which can further
provide an effective diagnostic methodology allowing for detection of diseases at early age. This study
was, thus, aimed to evaluate performances for apical lesion segmentation from panoramic radiographs
using two CNN algorithms including U-Net and FPN. A total of 1000 panoramic radiographs showing
apical lesions were separated into training (n = 800, 80%), validation (n = 100, 10%), and test (n = 100,
10%) dataset, respectively. These datasets were further incorporated to construct CNN models using two
algorithms, respectively. The performances of identifying apical lesions were evaluated after calculating
precision, recall, and F1-score from both CNN models. Both U-Net and FPN algorithms provided
considerably good performances in identifying apical lesions in panoramic radiographs. 

Introduction
Apical periodontitis is an in�ammatory disease of peri-radicular tissues derived from constant microbial
infection within the root canal of the tooth.1 The infected and necrotic pulp provides a habitat for the
organisms.2 The microbes develop in sessile bio�lms, aggregates, and also as planktonic cells
suspended in the aqueous phase of the canal.3 A bio�lm is a colony of microorganisms embedded in an
exopolysaccharide matrix that attaches to a wet surface, but planktonic organisms are �oating single
microbial cells in an �uidic environment.4 Microorganisms covered by bio�lms are higher than one
thousand times more resistant to biocides as the same organisms in planktonic form.5,6

Apical periodontitis is identi�ed radiographically as apical radiolucencies. When a periapical lesion
communicates with a deep periodontal pocket, apical lesions develop into the endodontic-periodontic
lesions with J-shaped radiolucencies. Those radiolucencies may be identi�ed by a targeted radiographic
examination. However, in most cases, apical lesions are detected from radiographic images taken for
other reason by chance.

Regardless of their distinguishable ability, radiographic examinations are prone to suffering from inter-
and intra-examiner reliability.7,8 This reliability further depends on the experience of trained examiner.9

Current empirical approaches for medical and dental prediction and analysis of quantitative and
qualitative dental disease, therefore, heavily relies on the combination of experience and subjective
evaluation of the dental specialists. Such clinical approaches and methodologies are ine�cient in
achieving early detection and accurate prediction of dental disease as entirely dominated by a large
amount of time and effort in the screening processes. These are further limited in their ability to provide
more reliable and standard clinical evaluation. For instance, in the �eld of radiographic imaging, the
detection of landmarks in cephalograms, detection of maxillary sinusitis, and early-stage diagnosis of
dental caries and periodontitis heavily required for signi�cantly time-consuming process involving an
interconnected small unit of detection tasks which are also mostly performed through evaluation of
human labors.
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With the aid of recently emerging arti cial intelligence, the deep-learning (de�ned as a subset of machine
learning) guided recognition has successfully demonstrated its excellent ability and performance in the
�eld of medical and dental applications.10,11 The inherent problem in the empirical approaches can be
e�ciently overcome particularly in the oral and maxillofacial imaging through deep-learning approaches
to classify, convert 2-dimensional panoramic radiographs, and simultaneously diagnose the diseases in
the converted radiographs.12

This study performed convolutional neural networks (CNN)-based approaches aiming for identifying
apical lesions on panoramic radiograph. Rather than relying on manually cropped image segment of
each tooth as the initial training datasets,13 our study employing the entire panoramic image as a training
dataset can provide a screening and detecting early-staged apical lesions e�ciently. The rapid screening
and automatic prediction of the dental diseases enabled by the deep learning processes allows for
facilitating more e�cient diagnosis and rapid detection for apical lesions with high precision and
sensitivity. The novel deep-learning approaches and frameworks developed in this study provide a
fundamental insight into more e�cient detection and classi�cation of dental diseases with data
augmentation, which can be also applied in other medical �elds.

Two CNNs including U-Net and Feature Pyramid Network (FPN) were adopted for apical lesion
segmentation in this study. Previous studies adopted YOLO network for detecting dental diseases.14,15

Semantic segmentation is a form of pixel-level prediction and seemed more appropriate for identifying
apical lesions with small pixels. Two representative networks are U-Net and FPN for semantic
segmentation.16

The purpose of this study was to evaluate performances for apical lesion segmentation from panoramic
radiographs using two CNN algorithms including U-Net and FPN.

Results
This study was designed to evaluate and compare the performances using two different CNN models
through deep learning assisted algorithms including U-Net and FPN on how they effectively and
e�ciently detected and diagnosed apical lesions on panoramic radiograph. The speci�c detection
performances of each model (U-Net versus FPN) were evaluated by computing precision, recall and F1-
score values, respectively, as summarized in Table 1. As demonstrated in experimental section, the
precision value is the primarily important parameter to be considered for detecting performances.
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Table 1
Precision (positive predictive value), recall (sensitivity), and F1-score for the detection

of apical lesions of the U-Net and FPN.
IoU Threshold U-Net FPN

Precision Recall F1-score Precision Recall F1-score

0.01 0.875 0.855 0.864 0.841 0.865 0.853

0.1 0.869 0.850 0.859 0.836 0.858 0.847

0.3 0.830 0.801 0.815 0.817 0.825 0.821

0.5 0.731 0.698 0.714 0.716 0.719 0.718

When panoramic radiographs were �ltered out the by adjusting the threshold of intersection over union
(IoU) from 0.01-0.5, the detection performances were evaluated for two CNN models. In both models, all
of the detection performances (precision, recall, and F1-score) generally decreased from 0.841-0.875 (at
IoU of 0.01) to 0.698-0.731 (at IoU of 0.5) with gradually increasing the IoU threshold intensity. Taking
into account of F1-score calculated from re�ecting both precision and recall parameters, the increased
F1-score with smaller IoU threshold further suggested that detection and classi�cation performances are
improved. Fig. 3 shows the graphs corresponding these data.

When the performances of U-Net were compared with analogues of FPN at different IoU threshold (0.01-
0.5), all of performances corresponding to U-Net showed higher values (and better performances) than
those of FPN. The performance values were 0.875, 0.855, and 0.864, respectively, for U-Net model
corresponding to precision, recall, and F1-score from former to latter at the lowest IoU threshold of 0.01
whereas the corresponding values for FPN are 0.841, 0.865, 0.853, respectively. Even at the higher IoU
thresholds in the range of 0.1, similar data trend was also observed as well. The F1-score (average value
of precision and recall) was 0.859 for U-Net and 0.847 for FPN at 0.1. Even at the higher IoU threshold in
the range of 0.3-0.5, similar performance values for U-Net and FPN were observed.

Figure 4a shows a panoramic radiograph image corresponding to training dataset in U-Net models (as
demonstrated in Fig. 1) for classifying and detecting apical lesion. Red and yellow areas represent the
labeling of the selected area for segmentation. Fig. 4b corresponds to the intensity histogram of the
images shown in the panel of Figure 4a as a function of number of a speci�c pixel. During the image
processing, the intensity histogram of an images is generated through converting the images with 256
numbers of pixel distribution based on those grayscale values (lower number of pixel re�ects the darker
images and higher number of pixel corresponds to lighter images). In this histogram, the pixel numbers in
the pixel ranges of 81-91 showed the highest probable density populations found in that image of Figure
4a.

Figure 5 represent relative comparison between the training (red line) and validation (blue line) with
pretrained augmented models using U-Net algorithm developed in Fig. 1. The training and validation
datasets were evaluated over the course of each epoch from 0-450 and each epoch represent one pass
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through the entire training dataset. The loss (or accuracy in reverse) recorded for training and validation
dataset generally decreased during the course of repeated 450 epochs. The �nal resulting loss value was
0.30 for validation and 0.18 for training dataset. Both losses �attened out after 400 epochs, implying no
additional improvement made after this epoch.

Figure 6 depicts the panoramic radiographic images corresponding to apical lesion segmentation as a
function of utilizing U-Net and FPN CNN-based learning. Original images were preprocessed with speci�c
selection of area for examining the diagnostic apical lesion. In Fig. 6, green areas indicate the manual
labeling from dental specialist with expertise in this �eld more than 10 years. The yellow areas
correspond to the U-Net models-guided labeling (Fig. 6c,6d) and the red areas correspond to the FPN
model-guided labeling (Fig. 6e,6f) for apical lesion. Both the labeling by U-Net and FPN were not
signi�cantly different from the manual labeling.

Discussion
Accurate and early detection of apical lesions is an important factor for preventing pain and
simultaneously improving treatment prognosis.17 When apical lesions cannot be diagnosed at the early
stage, the lesions may grow progressively inducing pain, swelling, and bone loss around the apex, which
ultimately leads to loss of tooth. Various imaging modalities can be employed for detecting apical
lesions. Among them, the panoramic radiography is the most frequently used for identifying dental
diseases at the �rst visit because the apical lesions can be detected at early stage using panoramic
radiographs. However, radiographic detection of apical lesions is not objective between examiners and
detecting ability is heavily dependent on the experience and skill of highly trained examiners.

To date, a few studies have employed deep learning as a tool for detecting apical lesions. A deep
learning-based CNN algorithm enabled the automated detection of apical lesions e�ciently and
effectively with minimizing the dependence on the ability of examiners. However, to the best our
knowledge, no study has examined the functionality of CNN for automated diagnosis of apical lesions
thus far using entire panoramic radiographs. In this study, panoramic radiographs were used for training
to detect apical lesions and the possibility of AI-guided diagnosis of apical lesions at early stage was
con�rmed.

U-Net and FPN models were used to detect apical lesions. Both algorithms are representative models for
semantic segmentation and showed relatively great performance enough for clinical applications. U-Net
demonstrated overall detection performance of 0.875 of precision, 0.855 of recall, 0.864 of F1-score while
FPN showed 0.841 of precision, 0.865 of recall, 0.853 of F1-score, respectively.

Data augmentation is commonly used in training CNN models.15,18,19 It is an integral process of many
state-of-the-art deep learning systems on image classi�cation, object detection, and segmentation.20

Current deep neural networks have a number of parameters, tending to over�t the limited training data.
Data augmentation is used to increase both the quantity and diversity of training data, thus preventing
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the over�tting and improving generalization.21 In this study, online data augmentation was used. It can
optimize data augmentation and target network training in an online manner. The merits of online
augmentation is the opposite features of o�ine methods.22 Their complementary character makes it
possible to apply them together. The augmentation network can apply to the target network through
online training from the start to �nish excluding the inconveniences of pre-training or early stopping.
Learning o�ine methods usually rely on distributed training, as there are many parallel optimization
processes, but online data augmentation is simple and easy for training.

The performances were evaluated under even 0.01 of IoU value. In the most cases, the lesion area has a
slight change in color or contrast in the panoramic radiographs and also can be observed as just a few
pixels. Even if the lesion area and the CNN-predicted area match only a very small amount, it can be
considered that the result is valid for this reason. Therefore, parameters for evaluating performances at
the IoU value of 0.01 can be used as the performance index value of the CNN model in this study.

CNN-based models identi�ed the apical lesions on maxilla and mandible with high performances, but it
showed higher accuracy in the mandible than in the maxilla. Many anatomical structures such as sinus
�oor, nasal cavity, anterior nasal spine was superimposed and interfered the segmentation process of
CNN. In contrast, there were not many overlapping anatomical structures on mandible, which indicated
the better results.

Conclusion
The potential utility of deep learning for the detection and diagnosis of apical lesions was identi�ed. Both
U-Net and FPN algorithms provided considerably good performances in detecting apical lesions in
panoramic radiographs. CNN-based diagnosis may be a competent assistant to detect dental and
medical diseases at early stage.

Materials And Methods

Data preparation
The dataset consisted of a total of 1000 panoramic radiograph samples of patients who visited Seoul
National University Dental Hospital during the period of time from 2018 to 2019. These radiographs
included 1691 apical lesions. Panoramic radiographs were obtained from adult patients without mixed
dentition, and only one radiograph was used per a single patient. Small apical lesions indistinguishable
from periodontal ligament thickening were excluded. Lesions superimposed with maxillary sinus were
excluded. Radiographic images with severe noise and blurring were also excluded. The study was
approved by the Institutional Review Board (IRB) of Seoul National University Dental Hospital (ERI19010)
with a waiver of informed consent. The data collection and all experiments were performed in accordance
with the relevant guidelines and regulations.

Apical lesion labeling
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Apical lesions were detected by three oral and maxillofacial radiologists. The lesion determined to be
correct by two or more radiologists can be further treated as a gold standard. Panoramic radiographs had
a resolution of 1976×976 pixels, and each radiograph was labeled manually in red by drawing outline of
the lesions using polygon labeling tools for training. Not only apical lesions but also endodontic-
periodontic lesions were labeled in yellow. Apical lesions and endodontic-periodontic lesions were trained
together without distinction.

Preprocessing and augmentation of panoramic radiographs
A total of 1000 panoramic radiographs were collected and resized to 1280×768 pixels and converted into
PNG �le format. The datasets were randomly divided into training and validation sets (n = 903 [90%]),
and a test dataset (n = 100 [10%]) before data augmentation. The training dataset was composed of
1691 apical lesions. The training dataset was randomly augmented during all phases using �ip, blur,
shift, scale, rotation, sharpening, emboss, contrast, brightness, grid distortion, and elastic transform
through online augmentation. Online augmentation uses a speci�c augmentation method at each phase
for optimized training, and it is transferable and more effective for models trained on limited training
datasets.23

Architecture of the deep convolutional neural network
algorithm
Two different CNNs models were used in this study; one was U-Net and the other was FPN. In the �rst
CNN model, a pre-trained U-Net CNN network was used for preprocessing and transfer learning. Fig. 1
demonstrates a schematic illustration for CNNs based on U-Net model architecture.24 In particular, the U-
Net model is comprised of two different paths including a contracting path (left) and an expansive path
(right). In the contracting part, the original radiographic images are used as input to encode for multiple
layers of convolution (3x3), recti�ed linear unit (ReLU) activation, max-pooling operation (2x2), and
compression into a latent space. At each contracting step, the number of feature channels were doubled.
The expanding part is a reverse process of contracting part. Speci�cally, CNNs attempts to translate the
contracted information from the latent space through upconvolution operation (2x2) with a feature map
wherein the number of feature channels reduced to half and further to generate the segmentation mask
of the image. The rest of the decoding operations is reverse of the encoding parts (cropping feature map
from contracting path, 3x3 convolution, ReLU). Importantly, the cropping of images is necessarily required
as a result of loss of information related to border pixels during the process of every convolution. For
mapping 64-component feature vector to the desired number of classes, the last layer of a 1x1
convolution is �nally utilized. In total, the network has 23 convolutional layers.

The other CNN model developed here in this study is the FPN to implement land segmentation. The
general scheme for FPN is illustrated in Fig. 2. The FPN is comprised of two different processes including
the bottom-up and top-down paths (as similar to contracting and expanding shown in the U-Net CNN).25

As similar to U-Net architecture, the bottom-up process corresponds to the selection of features in the
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convolutional neural network. In this FPN architecture, a pre-trained ResNet50 encoder were selected for
feature extraction. This process involves many convolution modules with many convolution layers. The
spatial dimension is decreased to half at each stage of the bottom-up process. The output of each
convolution module is denoted by Ci and utilized in the top-down pathway later.

In the bottom-up pathway, the spatial resolution is reduced. The semantic value for each layer is
increased with more high-level structures extracted. Conv1 occupies too much memory, so it is excluded.
On the top of the bottom-up pathway, C5 channel depth is decreased to 256 to create M5 module using
1x1 convolution �lter. Then 3x3 convolution is applied two times to create P5, which becomes the initial
feature map layer used for segmentation. The P5 has the same spatial resolution as conv5 and 128
channels. Going down in the top-down pathway, the former layer is upsampled by 2 using nearest layers
upsampling. 1x1 convolution is utilized to the equivalent feature maps in the bottom-up pathway again.
Each element are concatenated. After then, 3x3 convolution is applied two times to output the following
feature map layers for segmentation. This �lter reduces the aliasing effect of upsampling.

In the last step, all Pi modules, which have 1/4 of the input image resolution and 128 channels, were
combined to have a module with 512 channels. After that, 512 3x3 convolution �lters, batch
normalization, and ReLU activation is applied. As a next step, 1x1 convolutions is utilized to reduce the
number of channels to get seven output channels. And then, spatial dropout operation is applied to
upsample to the actual size by bi-linear interpolation.26

Evaluation of detection and classi�cation performance of
the deep CNN model
The performances of the developed CNN models were evaluated only using test datasets not determined
from training datasets. Precision, recall, and F1-score were calculated as demonstrated in the following
equations (1-3). These parameters were commonly calculated for evaluating performances of CNN
models.

Precision =
TP

FP + TP(1)

Recall =
TP

FN + TP(2)

F1 − score = 2 ∙
Precision ∙ Recall
Precision + Recall (3)

where TP represents the true positive; FP represents the false positive; and FN represents the false
negative.
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Panoramic radiographs in dataset used for training, validation, and testing of this study are not publicly
available due to the restriction by the Institutional Review Board (IRB) of Seoul National University Dental
Hospital to protect patients’ privacy.
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Figures

Figure 1

U-Net modelling architecture for detection apical lesion (example for 32x32 pixels in the lowest
resolution). Each blue box represents a multi-channel feature map. The number of channels is labeled on
top of the box. The x-y-size is offered at the bottom of the box. White boxes represent duplicated feature
maps. The arrows indicate the different operations.
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Figure 2

Feature pyramid network with Resnet50 encoder. The number of channels increases step-by-step on the
left part of the scheme while the size of the feature maps decreases step-by-step. The arrows on top
denote transformations implemented between the layers. In the last step, feature maps upsample to the
same size and combined. The number of channels is decreased to the number of classes, and the output
image is upsampled to the original image size.
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Figure 3

Comparison of U-Net and FPN with respect to detecting performances including precision (a), recall (b),
and F1-score (c). Both models showed great performances for detecting the apical lesions, but U-Net
showed slightly greater performance at 0.01 IoU value for F1-score.

Figure 4

Lesions are labeled by outlining with the polygon labeling tools in training software called ‘deep stack’.
Apical lesions are labeled in red and endodontic-periodontic lesions are labeled in yellow (a). Intensity
histogram shows overall consistency without jagged edges in a speci�c labeled lesion (b).

Figure 5

Comparison of the training and validation curves for the pretrained augmented models based on U-Net
and FPN. Training and validation were performed for 450 epochs with each epoch representing one pass
through the entire training and validation dataset. Over�tting was minimized under 400 epochs.
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Figure 6

Results of apical lesion segmentation from panoramic radiographs using U-Net and FPN. Original
panoramic radiographs were prepared for training (a,b). The green areas denote the manual labeling. The
yellow areas denote the U-Net model-generated areas (c,d) and the red areas denote the FPN model-
generated areas (e,f), respectively.


