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Abstract. Before a dental professional performs any procedure or diag-
nosis, they need to know the patient’s dental arch. For that, it is common
for them to ask the patient to take a panoramic radiograph. The use of
neural networks to assist this professional in this stage is not recent, and
most studies use segmentation networks to solve the problem. However,
the segmentation result does not make explicit the specific position of
the tooth and its numbering according to the international system (FDI),
presenting only more specific details. In this study, we aimed to use a
powerful and efficient detection neural network called You Only Look
Once v8 to perform automated tooth detection and numbering based
on FDI, using a dataset that contains 166 anonymized and deidentified
panoramic dental radiographs of patients from Noor Medical Imaging
Center, Qom, Iran, and are public. Labels were created using an online
tool for production in the YOLO standard. The metrics used to evaluate
the trained model were precision, recall, and mAP50. The results of each
were 0.95818, 0.95505, and 0.97384. The conclusion of the study uses
the model training generated a weight to test the model in a real-world
scenario.

Keywords: tooth detection + panoramic radiography - deep learning -
dental image

1 Introduction

One of the most important exams for dental professionals is the panoramic radio-
graph, and it’s the most popular screening test prescribed in dentistry too [6].
It is also a util and necessary tool in several areas of dentistry, mainly in the
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diagnosis and treatment of oral diseases such as caries, periodontal diseases, and
oral pathologies [12,23]. It is noteworthy that in addition to being a low-cost
exam, those who perform are not so exposed to radiation. Radiograph also pro-
vides images of the dental arch and the mandibular and maxillary region. They
recommended that not all patients must be tested and those who do be limited
to areas necessary for proper diagnosis and treatment based on the good exercise
of professional judgment [26].

When the dentist has images of the examination, he can examine it and
then diagnose it. To increase the accuracy of diagnosis, tooth type, and teeth
numbering should be identified and determined based on their anatomy and
location [5]. When discussing a small number of exams, it is possible to do the
procedure manually and carefully. But in practice, a dentist has several patients,
and the amount of exams he has to analyze is large [18], which causes more errors
to occur because of fatigue and the fact that factors such as subjectivity and
experience influence the analysis [16].

The use of computers and systems is increasing more and more in the health
area, and dentistry is no different because it facilitates diagnosis and, conse-
quently, simplifies treatment planning [4]. That being said, one of the main
technologies that have been used is Artificial Intelligence (AI), which over time
has become frequent in many areas. They make the computer mathematically
imitate how the human brain thinks and makes decisions [25]. Recently, Als
have experienced accelerated development and have become one of the most
influential innovations worldwide, and Al-based methods are beginning to be
used to assist dentists in interpreting radiographic results [29]. These methods
help to make the identification and classification faster and reduce the errors
from fatigue. Moreover, the increase of Als could provide fully automated dental
chart filling and treatment planning, giving more time to the dentist to perform
treatments [5].

Artificial intelligence is a broad area, so the focus of this study was on Deep
Learning(DL), which is a computer-assisted framework and a subarea of Machine
Learning (ML) [30]. Deep Learning (DL) is considered the most cost-effective
and time-efficient ML approach [8]. An advantage of DL is processing large
amounts of data, such as text, sound, and images [20]. One of the basic types of
architecture that works well in DL is the Convolutional Neural Network (CNN).
For color and boundary detection functions, CNNs prove very accurate in image
detection. Besides, they have several emerging applications in medical image
analysis due to the advent of computing hardware algorithms and expansion in
the amount of data [4].

This study aims to carry out the automated detection of tooth numbering in
panoramic radiography exams using the most modern version of the YOLO v8
model, which allows training with more quality and less data [9], to evaluate its
performance using precision, recall, and mean average precision (map) as metrics.
After obtaining the results, we hope it can serve as an alternative to assist dental
professionals in detecting and numbering teeth accurately and quickly.
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2 Related Works

Miscellaneous previous studies have used Deep Learning techniques for the task
of numbering teeth in radiographs using CNN-based architecture and various
methods. Al-Sarem et al. [2] used different networks to try to find the posi-
tion and number of the missing teeth. For this task, they used a dataset with
120 images, and the best results for segmentation and classification were using,
respectively, a U-Net and DenseNet169 pre-trained model. The best result for
segmentation was an accuracy of 90.81%, and for classification, the precision was
0.88 and recall 0.98. Goriirgoz et al. [10] was designed based on R-CNN incep-
tion architecture that automatically detect and number the teeth on periapical
images. They used a dataset with 660 images, and the results of F1 score, pre-
cision, and sensitivity were 0.8720, 0.7812, and 0.9867, respectively. The study
of Alam et al. [3] consists of segmenting teeth into two modules, the first mod-
ule designed to identify teeth and the second module designed to number teeth.
For tooth numbering, they trained the VGG16 convolution architecture using
1300 images and evaluated the model using 200 images (1500 in total). Results
obtained for teeth diagnosis were 89.8% and, for teeth numbering, precision of
86.5%.

In dental radiology, You Only Look Once(YOLO) v4 has already been used in
detecting tooth numbering. Putra et al. [20] used YoloV4 and trained a dataset
that contained 500 images, 400 for training and 100 for testing, and reached a
result of 88.5% accuracy and 87.70% precision. Astuti et al. [5] also used YOLOv4
with the same amount of images to train and validate the model. However, they
used other metrics to evaluate the model, and they achieved a sensitivity of
99.42% and a specificity of 87.06%.

This study experiments with an update of these approaches using a more up-
to-date convolutional neural network called YOLOvS, which is a continuation
of You Only Look Once v4 and has more precision and less need for data,
which directly affects processing [11]. The obtained results were promising and
demonstrated that YOLOvS8 applied to the problem of automatic tooth detection
performs well.

3 You only Look once

You Only Look Once (YOLO) is a potent object detection algorithm that detects
objects in real-time using CNN16. The YOLO system treats object detection as
a single regression problem, which makes it possible to discover which classes
are present and where they are [21]. Currently, YOLO has eight versions, and its
effectiveness is evidenced through a comparative analysis carried out in Terven
et al. [27] that proves its efficiency and makes a comparative analysis of each
version released in their work.

The annotation format used by the YOLO model consists of five params,
and there are, respectively, the class of the object, the X and Y of the bounding
box center, and the width and height of the bounding box as seen below:

(ObjectId — class)(Xcenter)(Y center)(Width)(Height) (1)
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The initial convolutional layers of the network resize the image according
to the chosen input size and extract features, while the fully connected layers
predict the output probabilities and coordinates [21]. The input image is split
into s x s grid cells (default = 7 x 7), with each cell predicting (B) bounding
boxes, each containing five parameters and sharing prediction probabilities of
classes (C) [11]. How appears in Fig. 1.
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Fig. 1. General architecture of YOLO using a input size of 448 x 448 and 3 classes [11].

3.1 Bag of Freebies

Bag of Freebies (BoF) is the set of low computational cost techniques that YOLO
has improved to improve YOLO training performance as they avoid overfitting
and improve model generalization [32]. Examples of these techniques is Data
augmentation.

Data Augmentation. Expanding the training dataset with variations of the
original data using random geometry transformation and random color flickering
[32]. This technique allows the YOLO model to learn efficiently with a much
smaller number of images than a pure neural network would need [9].

3.2 YOLO V8

YOLO’s latest version, YOLO v8, was officially released in January 2023 by
Ultralytics, and even though it is considered incomplete about the level of func-
tionality of previous versions, comparisons demonstrate its superiority as the new
YOLO state-of-the-art[18]. The Fig. 2 shows a comparison between previous ver-
sions. YOLOvVS8, unlike YOLOvV4, features an anchor-free system that allows data
to be processed independently of objectivity, classification, and regression tasks.
This design allows each branch to focus on its labor and improves the overall
accuracy of the model [27]. Furthermore, YOLOvS8 uses CIoU [33] and DFL [15]
loss functions for bounding box loss and binary cross-entropy for classification
that directly leads to improved object detection performance, especially when
dealing with smaller objects [27].
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Fig. 2. Comparison chart between latest versions of yolo. [13]

4 Matherial and Methods

4.1 Tooth Numering

Tooth numbering is the most commonly used practice in dentistry to identify
specific teeth in a patient’s mouth and is an excellent way to perform a pre-
diagnosis.

The Fédération Dentaire Internationale (FDI) Tooth Numbering System,
officially developed by the World Dental Federation [19], divides the mouth into
four quadrants: Upper Right (UR), Upper Left (UL), Lower Left ( LL), Lower
Right (LR), and divides each quadrant into eight teeth: Central Incisor (1),
Lateral Incisor (2), Canine (3), First Premolar (4), Second Premolar (5), First
Molar (6), Second Molar (7), Third Molar (8). In this way, the identification of
the tooth occurs through two numbers, the first referring to the quadrant and
the second referring to the tooth itself, as shown in Fig. 3.

-
=

18 17 16 15 14 13 12 11|21 22 23 24 25 26 27 28

48 47 46 45 44 43 42 41|31 32 33 34 35 36 37 38

¥ | , v » ) .

Fig. 3. Tooth numbering by FDI system [17]

This standardized numbering system simplifies communication between den-
tal professionals and ensures that everyone, regardless of teeth location, can
easily understand and reference specific teeth [28]. The practitioner needs to be
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familiar with the FDI Tooth Numbering System to document and communicate
dental conditions and treatment plans accurately.

4.2 Dataset

The data obtained is part of a dataset containing almost 2,000 panoramic radio-
graphs taken by the Soredex CranexD [1] digital panoramic X-ray unit. For more
accurate detection, selected exams of individuals over 20 years old because the
jaw growth was almost complete and they no longer had baby teeth [14]. In
addition, we did not use images of patients with any implant kind.

This study used a dataset with, in total, 166 images from the original dataset,
where 150 and their respective labels were used in the stage of training and
validation of the model, and 16 non-labeled images were used to test the trained
model in a real-world context.

4.3 Labeling Dataset

The labels were obtained manually through the free-to-use tool MakeSense
(SkalskiP from GitHub) [24], and each tooth represented its respective tooth
numbering class. The classes used following the numbering indicated in the inter-
national numbering system was 32 [19] and how it showed in the Fig. 3. There
is an example of marking the bounding box in Fig. 4.

Fig. 4. Example image labeling on MakeSense tool that the four quadrants labels
separated by color.

The total number of edentulous areas found was 4210, and the quantity of
each one is present at Table 1. Not all patients had all their teeth. Therefore,
the number of edentulous areas was not equal for all classes.
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Table 1. On the right of the table you can see the amount of the teeth in the mandible
region, and on the left you can see the amount of the teeth in the inferior jaw.

Maxillary Tooth | Labels Amount | Mandibular Tooth | Labels Amount
11 148 31 150
12 144 32 147
13 150 33 147
14 136 34 145
15 128 35 131
16 132 36 121
17 140 37 134
18 79 38 86
21 149 41 147
22 145 42 145
23 141 43 142
24 135 44 144
25 126 45 134
26 136 46 116
27 134 47 128
28 80 48 90

4.4 Training

With the notes completed, the training process begins. To carry out the study,
the cloud development environment, Google Collaboratory, also called Google
Colab, was used, which provides functional resources such as the Graphics Pro-
cessing Unit (GPU), which reduces training time [7]. Google Colab proved effi-
cient in training and saving memory on the local machine, as it allows integra-
tion with Google Drive. The model chosen for the train was YOLOv8x [13]. For
training, 150 images of varying sizes were used. As seen in Sect. 3, the YOLO
architecture resizes the image according to the size chosen in the training input.
After a series of training attempts, it was concluded that the best input size for
the problem was 640 x 640, and due to the low amount of data, training was
carried out with batch size 6, requiring 100 epochs to reach the presented result.

4.5 Evaluating the Model

To evaluate the model presented, the metrics used were accuracy, precision, and
mean Average Precision (mAP). However, before explaining each of the metrics,
it is necessary to explain some basic concepts of variables used in the evaluation
calculation of results, namely False Positives (FP), False Negatives (FN), and
True Positives (TP).

False positives (FP) are the objects that the model detected wrongly.
So, there are cases in which the model predicted an object, but there is no
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corresponding truth object. False Negatives (FN) are objects that the detection
model was unable to detect despite representing instances where there are real
objects in the image, which means that the model did not predict the bound-
ing boxes accurately. True Positives (TP) are the objects that the model cor-
rectly detected. In other words, TP represents cases where the model’s predicted
bounding boxes almost right overlap the ground truth bounding boxes and are
classified correctly.

Recall. Is the fraction of relevant instances that were retrieved, and it can be
calculated using the following operation:

TP
Recall = TPLFN (2)

Precision. As a result of calculating the precision, a measure of how many of
the positive predictions made are correct is obtained, and it can be represented

as follows: Tp
Precision = TP+ FP (3)

Intersection over Union. In order to grasp the concept of Mean Average Pre-
cision, which is the principal metric used to evaluate the quality of a detection
model, it is essential to have a clear understanding of Intersection over Union
(IoU). IoU is the most popular evaluation metric used in object detection bench-
marks [22]. The bounding box referring to the labels presented in the input is
known as the ground truth. Calculating the IoU is necessary to determine the
gap between the bounding box demarcated by the model and the ground truth.

Mean Average Precision. It is calculated by finding Average Precision(AP)
for each class and then averaging over several classes. Average precision (AP)
is how the precision recovery curve is summarized as a single value representing
the average of all precisions. Below is the Mean Average Precision calculation:

1 n
AP == Y AP, 4
m n; (4)

For this study, map50 and map95 were used, and they refer to two differ-
ent mAP calculations based on different IoU thresholds. The mAP50 uses an
ToU threshold of 0.5 and is the most important evaluation indicator [31]. While
mAP95 is using an IoU threshold of 0.95.

4.6 Testing

To test the model, we chose to use the 16 images that do not have a label, and
we used the prediction function based on the weights obtained after training. It
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consists of the YOLO model analyzing the input image using its learned param-
eters and producing bounding boxes around the detected objects, corresponding
class labels, and confidence scores. Contributing directly to evaluating the model
in a practical scenario, that is, in the real world.

5 Results

Several training sessions were carried out to achieve the most promising result,
carried out with 120 images and validated with 30. After one hundred epochs in
a batch of six, we arrived at the results that will be presented in this session.

5.1 Confusion Matrix

It’s workable to see the model’s performance in a confusion matrix. The confusion
matrix is a table with the number of rows and columns varying according to
the number of classes and which reports the number of false positives, false
negatives, true positives, and true negatives. It allows you to have more detailed
information than just calculating metrics. As our experiment has many classes,
the confusion matrix focuses on the diagonal, the number of negative verities we
obtained. The plotted confusion matrix is in the Fig. 5.

Confusion Matrix
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Fig. 5. Quantitative indicator of TP and FP for each class in a confusion matrix.
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5.2 Qualitative Results

After knowing the number of false negatives, false positives, true negatives, and
true positives, YOLO automatically generates the result in a CSV format, where
each column has a metric, and each row represents an epoch. The best results
obtained at different times and the precision, recall, and mAP50 were respec-
tively 0.95818, 0.95505, and 0.97384. In addition to the CSV file with results, we
also have graphs relating the times and the results obtained, as shown in Fig. 6.
Map95 was also used, and the best result was 0.67214, but it is less relevant than
map50 [31].

metrics/precision(B) metrics/recall(B)
0.8 A
0.8
0.6 A
0.6
0.4 4
0.2 4 0.4 A
0.0 : : - : ;
0 50 100 0 50 100
metrics/mAP50(B) metrics/mAP50-95(B)
1.0
0.6 -
0.8 A
0.6 0.4
0.4 A
0.2 1
0.2 A
0.0 4 . ; 0.0, . .
0 50 100 0 50 100

Fig. 6. The graph on the upper left side analyzes the precision of each epoch. The
graph on the upper right side analyzes the recall per epoch. The graph on the lower
left side analyzes the map with the IoU limited to 0.5 in each epoch. The last graph
analyzes the map with the IoU limited to 0.95. Each metric present in the graphs is
explained more clearly in Sect. 4.5
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Analysis of the graphs shows stability in the main metrics from epoch 50
onwards, which proves the robustness of the model and the training process.
This phenomenon indicates that the model has converged to a stable solution
and that increasing the number of epochs is not a guarantee of improvement in
the model’s performance.

This stability is usual in deep learning models. It indicates that the model
has learned patterns in the data well and has reached a point where additional
training does not improve model performance. Therefore, it is worth a thorough
analysis to ensure that the model hits a good level of generalization, that is,
the model’s ability to recognize tooth patterns learned from radiography images
that were not present during training.

In summary, stabilization suggests that the model has reached a good level
of training, and it is prepared for validation and testing to evaluate its concrete
generalization performance in tooth numbering.

5.3 Quantitative Results

To carry out a more precise analysis, we evaluated the individual performance
of each class according to tooth number. This step helps to identify whether
the number of instances of each class influences the result. The application of
metrics to each tooth class is shown in Table 2

Table 2. On the right of the table, you can see the results of the teeth in the mandible
region, and on the left, you can see the results of the teeth in the inferior jaw.

Maxillary Tooth | Precision | Recall | Mandibular Tooth | Precision | Recall
11 0.981 1 31 0.962 0.846
12 0.975 1 32 0.967 0.983
13 0.994 0.968 |33 0.953 1

14 0.965 0.976 |34 0.989 1

15 0.918 1 35 0.913 1

16 0.943 0.959 |36 1 0.985
17 0.881 0.964 |37 0.927 0.91
18 0.794 0.862 |38 0.907 0.979
21 0.988 1 41 0.829 0.97
22 0.979 1 42 0.941 0.967
23 0.985 1 43 0.993 0.933
24 0.94 1 44 0.977 0.966
25 0.899 1 45 0.937 0.929
26 0.966 0.989 |46 0.881 0.913
27 0.859 0.939 |47 0.867 0.917
28 0.884 0.895 |48 0.951 0.909
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With the individual analysis of each class, we came to the conclusion that
the trained model presented a satisfactory result in the tooth numbering and
detection task and is ready to perform the test. To check the model’s general-
ization performance, we separated 16 images not present in the training stage
and applied the generated weights.

5.4 Testing the Model

At the end of the training, the model-generated weights were used in this study
to evaluate the model in a real-world application, that is, in a practical way and
with images unknown to the model. This step contributes to automating the
tooth detection and numbering process, as new training is unnecessary.

To test the model, we used 16 panoramic radiograph images that were not
present in the training to evaluate the model in a real-use situation in an auto-
mated way and how the model behaves with generalization. In the Fig. 7, one of
the images used to test the trained model.

Fig. 7. Example of an image used to test the prediction of the model.

The prediction mode allows us to use the weights generated during training
to carry out detection automatically, that is, without having to train the model
again. Figure 8 has an example of successfully performed multi-object detection
on panoramic radiographs with complete dentition and an edentulous area by
YOLO v8.
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Fig. 8. Result of tooth numbering predict using You Only Look Once v8 on panoramic
radiograph.

6 Conclusion

This work used a modern detection neural network based on deep learning
methods to automatically execute the task of detecting each of the 32 teeth
in panoramic radiographic images. To develop the model proposed in this study,
we used 100 teeth images and extracted 2718 teeth, implant, and crown data.
The model can number each tooth. The experimental results showed a high accu-
racy in tooth numbering using YOLO v8. As a result, the precision, recall, and
mAP50 were respectively 0.95818, 0.95505, and 0.9738.

Through the weights obtained with the training, it is possible to perform the
detection automatically using the prediction method of YOLO. It also allows
the weights to carry out new models in future studies. Therefore, we consider
the model presented as scalable.

Finally, it is expected that this system be used as decision support to help
dentists as a way of helping them to save diagnosis time, using in practice only
one computer in the clinic to improve the oral health system and increase the
capacity of people that a professional can meet, and contribute to the develop-
ment of radiology-related algorithms.
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