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Introduction
An accurate diagnosis can be characterized as the first 

and the most crucial step for performing successful dental 
treatments. Panoramic radiography has been a valuable tool 
that is widely used by dental practitioners to make correct 
diagnoses.1 Panoramic radiography makes it possible to 
visualize the entire maxillofacial region on a single image 
with minimal patient discomfort, fast and easy application, 

and a limited radiation dose.2 With these advantages, pano- 
ramic radiography does not adversely affect patient cooper-
ation, which is particularly essential in pediatric dentistry.3 
However, interpreting the detected conditions and lesions 
may be challenging because of superimpositions caused by 
the complexity of the 3-dimensional anatomic structures on 
the panoramic image.4 Computer-aided diagnosis systems 
have been developed to prevent clinicians from overlook-
ing dental diseases and to increase the accuracy of radio-
logical diagnoses.5 In recent years, computer-aided detec-
tion or diagnosis systems created by conventional methods 
have been replaced by artificial intelligence (AI)-based sys-
tems aiming to enhance radiological diagnoses.6 

Deep learning is an AI-based approach employed in  
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several clinical fields to make automated decisions. Con-
volutional neural networks (CNNs), a particular class of 
deep learning models, have gained tremendous attention in 
medical imaging.7 CNNs have the ability to “learn” how to 
make a diagnosis based on a sufficient amount of provided  
data, such as images, by mimicking the neurons of the  
human brain.8 Training a CNN from scratch, using off-the-
shelf pre-trained CNN models, and performing unsupervised 
CNN pre-training with supervised fine-tuning are major  
techniques that have been employed for medical image 
classification.9 After validation of a trained CNN model 
with an independent dataset, performance metrics can be 
obtained. 

CNNs have recently been applied in dental radiology for 
automatic segmentation of teeth,10,11 detection of caries,12,13 
apical lesions,14 and periodontal bone loss.15 Tuzoff et al.16 
employed the Faster R-CNN architecture for teeth detection 
and numbering on 1,352 adult panoramic radiographs and 
reported that the performance level of the CNN-based sys-
tem was close to the level of radiologists. Although these 
studies indicated promising outcomes, this research area 
is not fully developed yet.16 The aforementioned studies  
all used CNN architectures to detect dental diseases or teeth  
on adults’ panoramic radiographs. However, there have been  
limited studies on employing AI-based systems for detect-
ing dental diseases on panoramic radiographs of pediatric 
patients.17-19 

Generally, CNN-based models are expected to contrib-
ute to making the correct diagnosis, thereby reducing the 
dentists’ workload and efforts.14 Particularly in pediatric 
dentistry, faster and more effective diagnoses help patients 
cooperate better with their dental practitioners and increase 
the success rate of dental treatment.20 The diagnosis of per-
manent tooth deficiency or excess directly affects the treat-
ment choice. The early detection of such conditions allows 

less invasive restorative procedures and surgical removal  
of lesions, such as cysts and tumors, at early stages with-
out damaging the surrounding healthy tissues.21 For this 
purpose, this study aimed to apply a CNN architecture for  
pediatric panoramic radiographs to help dental practitioners 
make effective diagnoses. To the best of the authors’ know- 
ledge, this is the first study using a CNN model to detect 
permanent tooth germs on pediatric panoramic radiographs.

Materials and Methods
Image data set
Approval for this study was obtained from the institu-

tional ethical committee (13.01.2021/131). In total, 4,518 
panoramic radiographs of pediatric patients aged 5-13 were 
collected from Istanbul Okan University, Faculty of Den-
tistry for this study. No additional information, such as age 
or sex, was revealed since the radiographs were collected 
anonymously. The Planmeca Promax 2D Panoramic sys-
tem (Planmeca, Helsinki, Finland) at 68 kVp, 14 mA, and 
12 s was used to obtain all the panoramic radiographs. Each 
permanent tooth germ in the maxillae and the mandible 
was manually annotated by labeling the bounding box in 
the LabelImg22 program. The locations of permanent tooth 
germs were carried out by drawing a bounding box, and all 
permanent tooth germs were labeled (Fig. 1). The test data 
consisted of 10% of the panoramic radiographs. Among 
4,518 radiographs, there were 50,096 permanent tooth 
germs in the dataset, and they were used as the ground 
truth data for training and testing.

CNN modeling and YOLOv4
CNNs, a type of multi-layer perceptron, are designed to 

cover the entire image with cells in the visual center. Sub- 
regions are divided into simple cells and complex cells. 

Fig. 1. Permanent tooth germs on a 
training image are labeled using the 
LabelImg22 program.
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Simple cells are arranged according to the similar features 
of the edges, and complex cells are arranged according to 
the whole image with wide sensors.23 The signals of neu-
rons in the stimulation area are calculated by mathematical 
convolution operations. A CNN consists of 1 or more con-
volutional layers, a subsampling layer, and 1 or more fully 
connected layers, such as a standard multilayer neural net-
work. CNN algorithms are applied in many areas such as 
audio and video processing.24

As in many biomedical fields, a CNN model was applied 
in this study. One of the most important reasons for using a 
CNN model was to create a model with the best results in 
image processing. The YOLOv4 model used in this study 
is a state-of-the-art model for object detection in images. 
YOLOv4 achieves very fast inference for the detection 

of permanent tooth germ from radiographs. YOLOv4 is  
designed to detect objects in real time. YOLOv4 is accep- 
ted as a model that provides some of the most accurate  
results, with an optimal trade-off between speed and object  
detection performance.25 The network architecture of 
YOLOv4 was shown in Figure 2. CSPDarknet53 was used 
as the backbone network for YOLOv4.26

The model was developed and trained using the PyTorch 
deep learning framework in Python. Data sets of radiology  
images were randomly divided into training and test sets. 
Out of 4,518 panoramic images, 3,395 images were used for 
training and the remaining 523 images were used for test-
ing. The images were resized as 608× 608 pixels for model  
training, which was carried out on a server with Nvidia 
RTX2080 Ti (11 GB RAM) (Nvidia Corp, Santa Clara, CA,  

Fig. 2. Network architecture of YOLOv4.37 CSPDarknet53 is used as the backbone network for YOLOv4. While convolution-batch nor-
malization-MISH (CBM) layers are used in the backbone, convolution-batch normalization-leaky ReLU (CBL) layers are used in the neck 
of the architecture.
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USA) graphics card, and 192 GB RAM. The model was 
trained for 100 epochs. During the training process, the 
Adam optimizer was used with a learning rate of 0.001. 
The batch size was given as 32, and the subdivision value 
was 4. 

Statistical analysis
The detection accuracy of the YOLOv4 model was eval-

uated based on the true-positive (TP), true-negative (TN), 
false-positive (FP), and false-negative (FN) rates. A cor-
rectly detected permanent tooth germ was defined as TP, 
a wrong detection as FP, a missing detection as FN, and a 
correct detection other than a permanent tooth germ as TN. 
The indices used for object detection assessment include 
precision, recall, the F1-score, and average precision (AP). 
Precision was calculated by the ratio of correct positive  
results in the predicted samples to all positive results.

 TP
Precision = ------------

 TP + FP

Recall was calculated as the ratio of predicted correct posi-
tive results to all results that should be positive.

 TP
Recall = ------------

 TP + FN

The F1-score was calculated by taking the harmonic mean 
of precision and recall.

 P × R
F1-Score = 2× --------

 P + R

AP was computed as the area under the precision-recall 
curve.

                                                                         1
AP = ∫    P(R)dR

                                                                   0

SPSS version 25.0 (IBM Corp, Armonk, NY, USA) 
statistical program and Python 3 (Python Software Foun-
dation, Wilmington, DE, USA) in Jupyter (NumFOCUS 
Foundation, Austin, TX, USA) were used to perform the 
statistical analysis. While performing permanent tooth 
germ detection in YOLOv4, the statistical analysis of con-
fidence values was carried out with true values coded as “1” 
and false values coded as “0”.

Results
The trained model was tested with 523 panoramic radio- 

graphs that contained a total of 5,898 permanent tooth germ 

ground truth labels. The YOLOv4 model provided 6,043 
detections, out of which 5,364 were TP detections and 679 
were FP detections. The total number of FN detections was 
534.

In the descriptive statistics, out of 6,043 detections, the 
minimum confidence score was calculated as 0.250 and 
the maximum confidence score was 0.999; the mean was 
0.877±0.196. With 5,364 TP detections and 679 FP detec-
tions, the t-test showed statistical significance at P<0.05. 

To evaluate the model’s success, a confusion matrix was 
used together with the following procedures and metrics: 
using 5,364 TP detections, 679 FP detections, and 534 FN 
detections in the above formulas, the precision, recall, and 
F1-score were computed to be 0.89, 0.91, and 0.90 respec-
tively. Using the area under the precision-recall curve, the 
AP value was calculated as 94.16%. The AP, precision, and 
recall values indicated the success of the model for perma-
nent tooth germ detection. It is significant when the F1-
score yields a value above P = 0.5. Since P>0.5 in this 
study, the F1-score was a strong indicator of the success 
and significance of this study (Fig. 3).

Figure 4 provides sample permanent tooth germ detec-
tions from a test set image, together with the ground truth 
labels. All permanent tooth germs were correctly detected 
in this image, and the confidence scores of detection were 
very high. 

The YOLOv4 inference time was 90 ms on average. 
Hence, the model can process about 11 images per second. 
Together with a 94.16% AP value and close-to-real-time 
inference speed, the YOLOv4 model has proven that very 
accurate results can be obtained at very fast speeds, when 
compared to other CNN-based object detection models. 

Fig. 3. Precision and recall curve. The area under this curve gives 
the average precision value.
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Moreover, the high precision and high recall values all indi- 
cate that the model presented in this study was statistically 
powerful.

Discussion
Primary teeth and the permanent successors are inter- 

dependent components of the dental arch that closely inter-
act with each other.27 Diagnosing developmentally absent 
or supernumerary permanent teeth is very crucial for deter-
mining the most appropriate dental procedure in pediatric 
dentistry. The choice of whether to perform endodontic and 
restorative rehabilitation for the involved tooth depends on 
the presence or absence of a permanent tooth germ.21 The 
development of a system that helps dental practitioners 
detect permanent tooth germs may enable more accurate 
diagnoses by reducing their workflow and human-induced 
errors. In this regard, the present study aimed to use an AI-
based system to detect permanent tooth germs on panoramic  
radiographs. 

The development of deep learning and neural methods 
accelerated the integration of AI into the field of medicine. 
In recent years, the use of deep learning methods in den-
tistry has gained attention, as in the medical field. Many 
studies have investigated deep learning methods for auto-
mated tooth segmentation and dental disease diagnosis on 
panoramic radiographs from adults.10,11,16 However, only 1 
study has used a deep learning-based AI model for the auto- 
mated tooth segmentation of pediatric panoramic dental 
radiographs.28 This is the first study to investigate the use 
of a CNN architecture to detect permanent tooth germs on 
pediatric panoramic images.

The benefits and limitations of the automatically detect-

ing deep CNN algorithm YOLOv4 were experienced in the 
detection of permanent tooth germs on panoramic images 
in this research. YOLOv4 is a real-time detection system 
with some outstanding features, such as classifying targeted  
objects in a single forward pass.29 Moreover, YOLOv4 
treats detection as a regression problem that does not need 
a complicated pipeline or semantic segmentation. YOLOv4 
also learns the regions of interest and their background 
together and performs simple inference in a new image 
during the test process for predicting detections.30 

The most important reason for choosing YOLO instead of 
other CNN models was that the algorithm is fast enough to 
detect objects at once and can run in real time. In addition, 
the most important feature that distinguishes YOLO from 
other algorithms is that it can accurately perform real-time 
object detection with its overall high mean AP.29 Yang et 
al.30 evaluated the performance of YOLO to detect and 
classify odontogenic cysts and tumors on 1,603 panoramic  
radiographs and revealed that YOLO provided at least 
similar diagnostic performance as experienced dentists on 
detection of maxillofacial lesions. Since this study evalu-
ated a different dental issue and used panoramic images of 
adults, it is not possible to compare the findings directly. 

Kuwada et al.6 reported that deep learning systems have 
potential for detecting maxillary impacted supernumerary 
teeth on panoramic radiographs, but for the mixed denti-
tion, it would be more difficult because of the presence of 
unerupted permanent teeth. It was believed that learning the 
permanent tooth germs may be an important step toward  
solving this problem. Furthermore, applying a CNN to 
detect permanent tooth germs on panoramic radiographs 
may help diagnose impacted supernumerary teeth more  
accurately. The diagnostic performance of the deep-learn-

Fig. 4. Visual results from the test set. A. Original pediatric panoramic radiograph. B. Permanent tooth germ detection using YOLOv4 

(prediction scores are provided on top of each detection. The model predicts the ground truth annotations and bounding boxes with high 
accuracy).

A B
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ing system for maxillary sinus lesions on panoramic radio- 
graphs was found to be sufficiently high.31-33 Similarly, a 
deep learning application provided high accuracy in the  
detection of impacted third molars and their relationship 
with anatomical structures.34,35 

Ahn et al.18 investigated the performance of a deep learn-
ing model to detect mesiodens on primary or mixed denti-
tion panoramic radiographs and suggested that this method 
may help clinicians with insufficient clinical experience 
make more accurate and faster diagnoses. Ha et al.19 pro-
posed a model based on YOLOv3 to detect mesiodens on  
panoramic radiographs of primary, mixed and permanent 
dentition groups. They compared the model performance 
between original panoramic radiographs and contrast- 
limited histogram equalization (CLAHE) and found that 
the accuracy and specificity of the original images was 
higher than that of the CLAHE images. This study reported  
that their model was successful for clinical practice to detect  
mesiodens on panoramic radiographs of all dentition types. 
However, no study has evaluated the performance of deep 
learning systems for detecting permanent tooth germs on 
panoramic radiographs. Therefore, it is not possible to make  
a direct comparison with the present study. 

Although the number of studies on detecting dental 
diseases or tooth numbering with AI-supported systems 
on panoramic images of adult patients is rapidly increas-
ing,6,13-15,31-34 few studies have investigated AI-based sys-
tems with pediatric panoramic images.17-19,28 This may be 
explained by the positioning artifacts that occur due to the 
superposition of anatomical structures and teeth on pano- 
ramic images of children. Since visualizing both jaws in 
children with severe maxilla-mandible discordance and 
positioning children correctly during imaging are often 
difficult, panoramic images do not provide detailed infor-
mation.36 Caliskan et al.17 used CNN algorithms to detect 
and classify submerged molars on 74 panoramic images 
of 5- to 12-year-old children and reported that the system 
was extremely accurate. It may not be possible to make a 
full comparison since they investigated a different task and 
used a different algorithm.

Further research may be required to detect which germ 
is absent by using tooth numbering algorithms, thereby  
improving the performance of YOLO. The detection of 
missing tooth germ may help dental practitioners determine 
accurate treatment approaches. The number of annotated 
dental tissues or diseases can be increased as well. More 
advanced dental imaging methods may be used to enhance 
the results of YOLO.

In conclusion, deep learning systems are an encouraging 

approach and may have a crucial effect in terms of shorten-
ing the diagnosis time and effort in dental practice. Particu-
larly for pediatric patients, shortening the time for diagnosis  
increases the cooperation of children and enables dental  
practitioners to perform more successful treatments. Thanks  
to YOLO’s fast real-time results, images were processed in 
less time than expected, and highly accurate results were 
obtained. To the best of the authors’ knowledge, this is the 
first study that used a CNN algorithm for detecting perma-
nent tooth germ on pediatric panoramic images.
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