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Abstract

This study aimed to evaluate the performance of You Only Look Once (YOLO) v4 architecture
for tooth detection on panoramic radiographs by calculating the sensitivity and specificity of a
trained model.

This observational descriptive study included 400 and 100 panoramic radiograph datasets that
were divided into training and test data, respectively. Thirty-two permanent tooth objects were
annotated based on the Fédération Dentaire Internationale numbering system. The annotated
images were fed into a YOLO v4 model for the training process. Then, the trained model was tested
on 100 panoramic images, which had 1,600 teeth and 1,600 edentulous areas. The sensitivity and
specificity of YOLO v4 were calculated using a confusion matrix validated manually by a dental
radiologist. YOLO v4 produced 1.534 and 1.568 true positive and true negative detections,
respectively.

The sensitivity and specificity of YOLO v4 for tooth detection on the panoramic radiographs
were 99.42% and 87.06%, respectively. Within the limitations of this study, YOLO v4 demonstrated
high sensitivity for tooth detection on panoramic radiographs. Further improvement in specificity
should focus on minimizing the number of false positives in tooth detection through dataset

improvement and architecture modification.
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Introduction

A radiological report of a panoramic
radiograph usually consists of interpretation and
diagnosis information based on observations of
the dental and maxillofacial statuses of the image
and serves as a diagnostic aid in clinical
diagnosis.! The interpretation of the teeth and the
surrounding anatomical structures on a
panoramic radiograph is an important initial step
in detecting pathological abnormalities.? The first
step in interpreting panoramic radiography is to
determine the type of tooth or tooth numeration
based on its anatomy and location. Manually
numbering teeth on panoramic radiographic
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images with a large number of images is time
consuming and may be prone to errors due to
dentist fatigue.® In addition, the interpretation of
radiographic results is very dependent on the
expertise and skills of the dentist.*

Artificial intelligence (Al) is the ability of a
machine to imitate human intelligence and
behavior in carrying out certain tasks. In recent
years, Al has experienced rapid development
and has become extremely influential globally.’
The development and application of Al are also
emerging in the field of dentistry. The
implementation of Al in dental health care can
help dentists during daily practice. In the field of
dental radiology, an Al system can be used to
assist and detect abnormalities in radiographs.

This system is expected to reduce human
error and shorten the duration of the radiological
report-making process.® Deep learning (DL)
includes a part of Al that can process large
amounts of data, such as text, audio, and
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images. One type of basic architecture that works
well with DL is the convolutional neural network
(CNN).* CNNs have been shown to have
excellent abilities in image recognition and the
evaluation of border and color features.” In
dentistry, CNNs are used for cephalometric
landmark detection,® tooth structure
segmentation,® classification,'® tooth detection,
and numbering in the field of radiography."’

You Only Look Once (YOLO) is an
algorithm that uses the CNN concept and is
designed to detect objects quickly, accurately,
and in real time."” YOLO v4 is a state-of-the-art
detector that is faster and more accurate than
any other detector available.”™ ' In the literature,
YOLO v4 has been widely used in the field of
dental radiology to determine periodontal bone
loss,”™ detect real contact relations between
mandibular third molars and inferior alveolar
nerves,'® detect alveolar bones and mandibular
canals,"” detect permanent tooth bacteria,®
detect prosthetic restorations,’® and many other
applications.

Several researchers have previously used
various Al methods to detect and numerate teeth
on radiographs. Zhang used modified CNN
architecture to detect and classify teeth on
panoramic radiographs with 1,000 periapical
radiographs and obtained 98.3% sensitivity for
the detection of multiple objects and 96.1%
sensitivity for tooth numbering classification.?
Tuzoff et al. conducted a similar study using
VGG-16 CNN with 1,352 pieces of data to obtain
99.4% sensitivity for multiple object detection.
Likewise, tooth numbering classification resulted
in 99.8% sensitivity and 99.9%specificity.”’ The
region convolutional neural network (R-CNN) can
also be used for tooth detection and numbering
on periapical radiographs. A study used 1,250
items of data for the training process and
obtained a sensitivity value for multiple object
detection of 98.5% and a sensitivity value for the
classification of tooth numbering of 78.2%.?'
Leite et al. developed a combination of two deep
CNNs with 3,576 pieces of data for detecting and
segmenting teeth with 98.9% sensitivity.> Kim et
al. also combined CNN architectures with a
heuristic algorithm for automatic tooth detection
and numbering.

This study showed a sensitivity value of
75.5% and a specificity value of 80.4% for dental
detection and obtained a sensitivity value of
84.2% and a specificity value of 75.5% for tooth
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numbering.?? Although the results of these
studies are very promising, the improvement of
automated tooth detection on panoramic
radiographs is still needed.

The results of the model can be seen from
standard performance measures based on
sensitivity and specificity values.”®> However,
studies reporting the performance of YOLO for
detection based on its specificity are still limited.
Sensitivity is the result of comparing the number
of correct detections associated with a particular
class with the total number of detections
associated with that class. Specificity is the result
of comparing the number of detections that are
not related to a class with all detections that are
not related to that class. Thus, this study aimed
to focus on the detection ability of YOLO by
evaluating its ability to detect teeth correctly,
represented by sensitivity, and the ability to
classify the edentulous area correctly,
represented by specificity.

Materials and methods

The study, which aimed to describe the
specificity and sensitivity of YOLO v4 for tooth
detection on panoramic radiographs, had an
observational descriptive design. This research
obtained ethical approval from the Airlangga
University Dental Hospital Ethical Committee,
with certificate number
31/UN3.9.3/HRECC/PT/2022.

The dataset was divided into training data
and testing data with a ratio of 80:20 (400 for
training data and 100 for testing data). The test
data consisted of a total of 1,600 tooth objects
and 1,600 edentulous areas. The purpose of this
test data partition was to balance the calculations
of sensitivity and specificity through a confusion
matrix. In this study, we wused Google
Colaboratory, which provided cloud computing
resources, including Graphic Processing Unit
(GPUs), for training and testing the dataset.

The training dataset comprised manually
annotated teeth on panoramic images, which had
bounding boxes and included the coronal, apical,
mesial, and distal boundaries of each tooth. Each
tooth represented each class of numbered teeth.
There were 32 classes of teeth, which were
numbered based on the Fédération Dentaire
Internationale tooth-numbering system using the
Labellmg software. The annotated data were
trained to recognize the tooth numbers using
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YOLO v4 architecture to learn the patterns or
characteristics of each class until the model
reached sufficient prediction for tooth detection.’

The testing process was performed on
100 independent panoramic images. The results
from the automated tooth detection on the test
data were manually validated by an expert and
evaluated using a confusion matrix. The results
from the bounding box on each tooth were
classified as (1) true positive (TP), meaning the
system detected the tooth object correctly, which
was validated manually; (2) false positive (FP),
which meant the system could detect the tooth,
but it was wrongly annotated; (3) false negative
(FN), meaning the system failed to detect the
tooth object; and (4) true negative (TN), which
indicated that the system successfully ignored
the edentulous area.

The evaluations of the testing data were
calculated to obtain the sensitivity and specificity
values using the confusion matrix. The sensitivity
test compared the correct number of detections
in a class with the total number of detections in
that class. The specificity test compared the
number of detections that were not related to a
class with all the detections that were not related
to that class. The sensitivity and specificity
values for each class were calculated using the
following formulas:

- TP
SenSltIVIty = m

e TN
Spec1ﬁc1ty = m

Results

The testing process was carried out to
determine the quality, capabilites, and
weaknesses of the system model that was built.
The main goal was to determine whether the built
YOLO v4 model met the needs. After the testing
process on 100 images, the trained YOLO v4
successfully created a total of 3,344 bounding
boxes. Table 1 shows the confusion matrix from
the testing process. YOLO v4 demonstrated high
numbers of TP and TN values (1,534 and 1,568,
respectively). However, a relatively high number
of FPs was also present in the results, which
showed a shortcoming of YOLOv4. Only nine
FNs were found after the validation of the testing
data. A higher number of bounding boxes in the
test data compared with the ground truth was
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due to the fact that double bounding boxes were
found after manual validation.

Test data (n = 100) Detection Result
TP FP
No. tooth | No. edentulous | 1,534 233
1,600 1,600 FN TN
9 1,568

Table 1. Confusion Matrix.

Then, the values of the confusion matrix
were evaluated by calculating the sensitivity and
specificity of YOLO v4 for automated tooth
detection on the panoramic radiographs. The
calculations of the sensitivity and specificity
values from the test results of the YOLO v4
model were as follows:

Sensitivity
TP

1534
15134 +9

X 100% = 99.42%

Specificity
= _X100%
TN + FP

1568
1568 + 233

X 100% = 87.06%

Figure 1. The results from the detection of teeth
in a normal tooth arrangement.
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Figure 2. The results from the detection of teeth
with an edentulous area.

According to the calculations of sensitivity
and specificity, YOLO v4 produced 99.42% and
87.06% for sensitivity and specificity, respectively,
for tooth detection on the panoramic radiographs.
It can be seen in Figure 1 and Figure 2 that
YOLO v4 successfully performed multi-object
detection on panoramic radiographs with
complete dentition and with an edentulous area.
This indicated that YOLO v4 shows superior
performance on automatic tooth detection, which
is represented by the sensitivity value. However,
specificity was lower compared with sensitivity.
This indicated that the ability to classify the
correct edentulous area was interrupted by the
FP value.

Discussion

Measuring the performance of a created
model is an important step in deep learning so it
can be a consideration for choosing the best
model. Measuring the performance of the model
can be carried out simply by comparing the
actual value with the predicted value. The
confusion matrix is a performance measurement
in the form of a table that describes the
performance of the model on a series of test data
whose actual values are known. In this study,
sensitivity was calculated to describe the success
rate of the YOLO v4 model in detecting objects.
The sensitivity value obtained from the test
results of 100 images was 99.42%. YOLO v4 has
the best sensitivity parameter results because
the YOLO architecture has been developed
specifically for multiple object detection. In this
study, this was proven by the system model
successfully detecting all the dental objects (FN
= 9 frames). In general, the built YOLO v4 was
able to detect dental objects well in a normal
tooth arrangement and with an edentulous area.

Such high detection results have also been
achieved in previous studies on the detection and
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numeration of teeth on radiographs using CNNs.
Zhang used modified CNN architecture to obtain
98.3% sensitivity,?® and Chen et al. used R-CNN
to generate a sensitivity value of 98.5%.2" Tuzoff
et al. used VGG-16 CNN and reported a
sensitivity value of 99.4%."" Using a combination
of two deep CNNs, Leite et al. achieved 98.9%
sensitivity,®> while Kim et al. obtained 75.5%
sensitivity.??> The performance results of YOLO
v4 in our study, especially sensitivity, were not
significantly different from other studies. YOLO
v4 has the best sensitivity parameter results
because the YOLO architecture is specifically
designed to detect multiple objects.

The specificity value of the results from the
automatic tooth detection on panoramic
radiography using YOLO v4 and 500 datasets
was 87.06%. This means that the ability of the
YOLOv4 model to correctly ignore edentulous
areas on panoramic radiographs was 87.06%. In
this study, the specificity value was lower than
the results of previous similar studies that used
CNNs for tooth detection. Tuzoff et al. reported a
specificity value of 99.9% for tooth numbering
classification using VGG-16."" Kim et al.
demonstrated automatic tooth detection and
numbering using a combination of a CNN and a
heuristic  algorithm  with 303  panoramic
radiographs and obtained 75.5% specificity for
tooth numbering.??> Improving specificity is
needed by developing YOLO models with
sufficient training data in terms of quantity and
dataset variation.

The limitations of this research were the
relatively small number of datasets and the less
diverse variations of the data train; therefore,
there were many FPs. This had a direct impact
on the specificity value, as the specificity value
was lower than in previous studies. We used the
standard YOLO v4 architecture, but architecture
modifications could have improved the
performance. In this study, the detection was
carried out only on permanent teeth. For further
studies, primary teeth or permanent teeth can be
used. These two phases are more difficult
because of the presence of tooth germs, so it is
necessary to examine whether YOLO can still
detect teeth in these phases.

Conclusions

Within the limitations of this study, YOLO
v4 demonstrated high sensitivity for tooth
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detection on panoramic radiographs. Although
the specificity value of YOLO v4 was 87.06%, it
can be improved by focusing on minimizing the
number of FPs in tooth detection through dataset
improvement and architecture modification. The
application of YOLO v4 can also be expanded for
primary teeth or mixed dentition on panoramic
radiographs.
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