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Abstract
Objective  This study aims to investigate the effect of number of data on model performance, for the detection of tooth num-
bering problem on dental panoramic radiographs, with the help of image processing and deep learning algorithms.
Study Design  The data set consists of 3000 anonymous dental panoramic X-rays of adult individuals. Panoramic X-rays 
were labeled on the basis of 32 classes in line with the FDI tooth numbering system. In order to examine the relationship 
between the number of data used in image processing algorithms and model performance, four different datasets which 
include 1000, 1500, 2000 and 2500 panoramic X-rays, were used. The training of the models was carried out with the 
YOLOv4 algorithm and trained models were tested on a fixed test dataset with 500 data and compared based on F1 score, 
mAP, sensitivity, precision and recall metrics.
Results  The performance of the model increased as the number of data used during the training of the model increased. 
Therefore, the last model trained with 2500 data showed the highest success among all the trained models.
Conclusion  Dataset size is important for dental enumeration, and large samples should be considered as more reliable.
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Introduction

Artificial intelligence (AI), a branch of computer science 
that can analyze complex medical data [1], is expanding 
its medical applications day by day with the latest devel-
opments in digitized data collection, machine learning and 
computing infrastructure. In this way, it became involved 

in many medical fields that were previously considered 
only the domain of human specialists [2]. In addition, the 
increase in the number and complexity of data in the medical 
field means that artificial intelligence (AI) will be applied 
more actively in the coming days [3]. Popular AI techniques 
include the classical approach of support vector machine 
(SVM) and machine learning (ML) methods for structured 
data such as neural networks. Oncology, neurology and car-
diology are among the main areas treated using AI [4]. How-
ever, at this point, supervised learning is very costly in the 
medical field, because it is difficult to obtain field-specific 
information and ground truth labels [5]. Therefore, as the 
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medical field to be studied (e.g. dental health, the relevant 
field in this study) becomes specialized, the effort and cost 
increase.

As the medical field becomes more specialized, which is 
desired to be solved with deep learning methods, the speci-
fied processes become more and more difficult. This also 
applies to oral diseases, which are among the most common 
diseases in humans. Since only the crowns of the erupted 
teeth can be visualized in the mouth and the roots cannot be 
detected by inspection, it is difficult for dentists to manually 
diagnose dental anomalies and diseases. Therefore, dental 
x-ray imaging methods are the most popular and most pre-
ferred auxiliary examination method for diagnosing dental 
anomalies and diseases before dental treatments [6]. Evalu-
ation and interpretation of x-rays and making the correct 
diagnosis is one of the most important processes in the ini-
tial phase of treatment. Automatic tooth recognition applica-
tions have started to be developed by using panoramic x-ray 
images, which is the most frequently used dental imaging 
method today.

Jaideep Sur et al. conducted a survey among dentists in 
India about artificial intelligence and its possible contribu-
tions to radiological diagnosis [7]. On contrary to the popu-
lar classical belief, their study proves that the use of artificial 
intelligence in the field of health is supported by physicians. 
When the results of the study are examined, it is seen that 
dentists mostly gave positive answers about the preference 
and widespread use of artificial intelligence in radiological 
detection. At the same time, it is predicted that the use of 
artificial intelligence in this field may be useful for dentists, 
especially in examining complex X-rays.

Newly released study by Gunec et al. stated that 83.7% of 
the laypeople think that “artificial intelligence applications 
can be effective in dental diagnosis” and 93.8% confirm that 
“dentist and artificial intelligence can work together” [8]. 
This survey reveals that artificial intelligence-based dental 
health applications should be used in dentistry practice and 
therefore they can play role in the benefit of the society in 
both preventive medicine and dental health tourism.

In this study, the relationship between the problem of 
tooth detection and numbering, which is one of the main 
topics of dentistry, and the number of data and the suc-
cess rate, which is one of the main topics of deep learning 
problems, are discussed. The number of data was consid-
ered important in this study because the number of trained 
classes were high (32 different classes for all teeth) and 
different from studies using few classifications, we assume 
that the success rate of the trainings that have higher num-
ber of images during testing will be elevated. In the prob-
lem that was tried to be solved with the You Only Look 
Once v4 (YOLOv4) algorithm -which is an object detection 
algorithm with high accuracy and speed- it was aimed to 
measure the role of the number of data in the success of the 

model, and in this direction, help from specialist dentists 
was taken. The development of tooth number detection may 
be used by dentists, dental students and even by laypeople, 
for initial acquiring of the relevant tooth and related dental 
pathologies may be addressed easier.

Methods and materials

Dataset

To create the dataset, only adult panoramic X-rays obtained 
through the databases of various dental clinics were 
included, both genders were selected, and care was taken to 
include X-rays taken at different time intervals. All X-rays 
were anonymized to protect patient confidentiality before 
the data was labeled and made meaningful for the model. 
In order to avoid performance loss that may occur due to 
data differences during training, all data were analyzed and 
separated according to image quality, color difference, etc. 
After the analysis of the data, 3000 panoramic X-rays and 
58,575 labeled teeth became usable in the study.

Oral physiology was taken into consideration and there-
fore the maximum number of adult teeth classes were 
determined as 32, for the classification problem, although 
there may be fewer numbers of teeth. Support was received 
from dentomaxillofacial radiology specialist dentists dur-
ing the labeling process carried out in line with the pre-
ferred FDI (Federation Dentaire Internationale) numbering 
system [9] for class names. Labeling was carried out with 
the LabelImg graphic labeling tool [10] and the resulting 
label files were brought into a suitable format so that they 
can be given as input to the model.

During the labeling process, large variations such as 
fillings, crowns and implants that disrupt the morphologi-
cal structure of the tooth were not labeled in order to learn 
the tooth numbers by the model. Tooth samples with the 
mentioned variations are given in Fig. 1.

The data distribution according to the tooth numbers in 
the data set, which has an average of 19.5 teeth labeled in 
each x-ray, is shown in Fig. 2. Considering this distribu-
tion, it can be concluded that teeth numbered 18, 28, 38 and 
48 are less common in an adult human mouth compared to 
other teeth. In addition, the distribution of teeth belonging 
to other classes on the data is uneven. However, the fact 
that the data set was collected from different time intervals, 
clinics, genders and patients proves that the data obtained 
has a high power to represent the real world. Therefore, no 
augmentation was performed for the teeth in the data set 
and care was taken to preserve the observed distribution.
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YOLOv4 method

The deep learning model chosen for training in the study is 
YOLOv4 [11], which has a CNN-based architecture devel-
oped by Bochkovskiy et al. and is a real-time object rec-
ognition algorithm that can present multiple objects in a 
single frame. YOLOv4, which has 162 layers in total, con-
tains more than 64 million parameters. This architecture, 
which can detect more than one object on an image, draws 
bounding boxes around each object to indicate the area of 
the object it predicts. The model needs an image-specific 
label file containing the coordinate information and class 
names of the labeled objects, as well as the image on which 
the labeling is made, as input during the training phase.

By dividing the data set consisting of 3000 X-rays in total, 
four different model trainings were carried out with 1000, 
1500, 2000 and 2500 data numbers to be used in training. 
The remaining 500 X-rays were separated from the training 
dataset and treated as a fixed test dataset to measure the per-
formance of each model. The four models trained in 12,000 
iterations were tested by recording their weights every 3000 
iterations. Model parameters determined for the trainings 

carried out with the GPU support provided on Google Colab 
Notebook are given in Table 1.

Results

Precision, recall, mean average precision (mAP), sensitiv-
ity and F1 scores, which are frequently preferred metrics, 
were taken into account during the testing of deep learning 
models and comparison of their performance. The impor-
tance of the metrics varies according to various studies. The 
reason why the F1 score is preferred is that it can provide 

Fig. 1   Unlabeled teeth with variations

Fig. 2   Data distribution according to the data sets used in the models

Table 1   Model parameters

Image size 
(width 
× height)

Batch size Subdivision Learning rate

608 × 608 32 16 0.001
Confidence Momentum threshold Decay Iteration count
0.3 0.949 0.0005 12,000
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a class-specific performance evaluation in classification 
problems.

The performance graphs observed as a result of the tests 
performed at the end of each epoch on the test data set sepa-
rated during the training of the model are given in Fig. 3. 
The highest performance values obtained on the test data 
sets of each trained model are given in Table 2.

In the four different trainings conducted, a directly pro-
portional correlation was found between the number of data 
and performance metrics, and it was observed that the model 
performance increased as the number of data used during the 
training increased. However, in cases where the number of 
data is insufficient, underfitting is observed since it cannot 
learn enough to explain the data. By increasing the number 
of the dataset, the tendency of underfitting was overcome. In 
this case, if the model was trained a lot, the model showed 
a tendency to overfit by memorizing the data. Overfitting 
was observed after 9 epochs in 2500 data training with the 
highest training data, as expected, showed itself in earlier 
epochs in models with less data numbers. In addition, as 

expected, underfitting was observed in 1000 data training 
with the lowest training data.

The outputs obtained as a result of the test performed 
with the most successful epochs of each model are shown in 
Fig. 4. When this figure is examined, it is observed that as a 
result of the model trainings carried out with 1000 and 1500 
data, it is not possible to distinguish between the presence of 
the tooth in neighbouring quadrants at the same horizontal 
axis. While this problem was overcome in the 2000 data 
training, it is observed that the problems of estimating more 
than one class on a single tooth that emerged and especially 
in the determination of the wisdom teeth were overcome as 
a result of the training made with 2500 data. The study is 
mainly based on re-testing data and cut-off for the study was 
set at 3000 radiographs (2500 labelling and 500 for testing) 
because the testing for this data size revealed overfitting. The 
model learns about the noise in the training data because 
its complexity is high. In overfitting problems due to high 
education classes, increasing data size may reveal limited or 
no significance for success.

Fig. 3   Test accuracy graphics of models

Table 2   Model-specific highest 
test performance metrics and 
related epoch information

Precision Recall F1-score Sensitivity mAP Best epoch

1000 data 0.48 0.72 0.57 0.72 0.58 12
1500 data 0.45 0.82 0.58 0.82 0.63 3
2000 data 0.58 0.68 0.68 0.83 0.75 6
2500 data 0.62 0.73 0.83 0.88 0.81 9
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Among the models trained in line with the findings, the 
highest performance model was the model in which 9 epoch 
trainings were performed with 2500 data. In order to exam-
ine the effect of the intersection over union (IoU) parameter 
on the model results, this model was also tested with differ-
ent IoU values. As the IoU value falls below 0.5, an increase 
is observed in mAP values, while a decrease is observed 
when it is above 0.5.

Discussion

Tuzoff et al. used Faster Region Based Convolutional Neu-
ral Networks (R-CNN) for the detection of the teeth in the 
method they applied, and the detected teeth were cropped 
and then given to the Visual Geometry Group-16 (VGG-16) 
algorithm for numbering [12]. Then, the X-ray was post-
processed in order for the X-ray to be interpretable and the 
cropped teeth were reassembled.

Mahdi et  al. preferred Residual Neural Network-50 
(ResNet-50) as a backbone in the Faster R-CNN architec-
ture they used to solve the tooth numbering problem [13]. 
During the data labeling of their study with 900 X-Rays, 
teeth with large restorations, such as teeth with large-area 
fillings, were not labeled. As a result of the study, a value of 
0.942 mAP was reached.

Muramatsu et al. in their study, the problems of determin-
ing the teeth, discussed the problems of identifying teeth, 
determining the types of teeth, and classifying teeth accord-
ing to their restorations [14]. In the study, which was carried 
out with 1000 X-ray images, it was aimed to minimize the 
performance problem that may arise with the fourfold cross 
validation method due to the insufficient number of data. 
With the Convolutional Neural Networkbased (CNN-based) 
GoogleNet architecture used for the detection of teeth, a sen-
sitivity value of 96.4% has been reached. With the ResNet 
architecture used for classification problems, accuracy values 

of 93.2% and 98% were achieved, respectively, in the clas-
sification of teeth according to their types and restorations.

In their study, Kim et al., in addition to detecting teeth 
and implants, also worked on the numbering of detected 
teeth [15]. In the study, R-CNN model was preferred and a 
total of 303 X-rays, 253 trains and 50 test data, were used. It 
has reached an accuracy of 77.4% in tooth numbering. The 
biggest problem in numbering was that when there were 
dental interventions such as fillings and crowns on the tooth, 
the shape of the tooth could not be preserved because it 
could not be identified.

Muresan et al. used the Semantic Segmentation method 
to detect fourteen different dental diseases [16]. Labeling 
has been done for fourteen different diseases on grayscale 
X-rays, and also for the background. Since the background 
class is related to pixel values, it can take values between 
0 and 255. In the study, the Efficient Residual Factorized 
Convolutional Network (ERFNet) model, which is the first 
16-layer encoder and the last 7-layer decoder, was preferred. 
Among the methods used, the highest F1 score was 0.93.

Cho et al. performed tests using the Hospital Picture 
Archiving and Communication System (PACS) Dataset with 
the help of Convolutional Neural Network (CNN) algorithm 
in order to observe the effect of the data set size on solving 
medical classification problems. As a result of the tests, it 
was seen that there was a directly proportional correlation 
between the data set size and the success rates [17].

Yüksel et al. performed enumeration tests on panoramic 
radiograps, initially by segmenting to 4 quadrants, then by 
numerating the 8 teeth on all quadrants, with the resultant 
classification of 32 FDI notations [18]. By decreasing the 
number of classes in each quadrant, object detection problem 
was overcome. They have evaluated average precision scores 
for success evaluation and it resulted as 89.4% with an overall 
of 600 labeled images. Average precision score in our 2500 
data testing resulted as 62%, regarding all 32 classes were 

Fig. 4   Predicted test samples
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determined on the same images during testing. The difference 
in the average precision between the two studies is considered 
about difference of the number of classes (8 vs. 32). On the 
other hand, different evaluation parameters can reveal high 
results, as we have performed higher results for mAP (0.81) 
and recall values (0.73) than Yüksel et.al.

In this study, the effect of data number on model success on 
tooth numbering problem with YOLOv4 architecture, which is 
one of the most state of-the-art object detection algorithms, was 
investigated in tooth detection and numbering tasks. The most 
successful model obtained as a result of the trainings carried out 
was the model with the highest number of data with an F1 score 
of 0.83. With this model, which was trained, high-performance 
results were obtained by numbering the teeth at the radiologist 
level. The mAp value outcomes are lower than Mahdi et al. [13], 
on the other hand this finding may be in relation with the test 
size, and if the labelled images were used for testing as well, this 
may have caused a false positive outcome. Also the classification 
achievement by Muramatsu et al. was higher [14], with a tooth 
detection sensitivity of 96.4%, detailed analysis of the data has 
shown that their classification was based on incisor, canine, pre-
molar and molar labelling (4 classes) and 32 classes of the FDI 
notation was not included. Regarding the great number of classes 
trained, our results with 88% sensitivity reveal a great role.

At the stage of measuring the performance of the models, 
each X-ray was analyzed independently by the trained model 
and a radiologist who is an expert in the field. In the analyzed 
X-rays, it was seen that most of the predictions that the model 
interpreted as incorrect were not wrong, but teeth that were 
largely deformed in their structure and were not labeled were 
found to be correct by the model and increased the False Posi-
tive (FP) value.

There are limitations to this study due to labeling exclu-
sions of largely variated tooth shapes like fillings, crowns and 
implants. In future studies, teeth with large restorations can be 
numbered and included in the model training, thus increasing 
the success of the model. As a different solution method, in 
addition to the detection of teeth with object detection algo-
rithms in the prediction phase of the model, location-based 
information can also be included. Thus, the tooth number pre-
diction that can be made by looking at the tooth shape can be 
strengthened according to the latitudinal region of the tooth 
and the model performance can be increased.

Conclusion

In our study, the problem of detecting tooth numbering in 
panoramic X-rays with artificial intelligence and image 
processing algorithms is emphasized. In addition, the 
importance of the size of the data set in object detection 
algorithms for medical images was tried to be emphasized. 
In case the number of data is low, usage of various altering 

augmentation solutions can be used to increase the number 
of data artificially and the level of performance obtained 
can be increased.

With the spread of algorithms based on artificial intel-
ligence and deep learning and their introduction into daily 
life, an assistant can be developed that facilitates dentists 
to make faster and more reliable clinical decisions for cli-
nicians and dental students.
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