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Artificial intelligence-driven novel tool for tooth detection
and segmentation on panoramic radiographs
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Abstract
Objective To evaluate the performance of a new artificial intelligence (AI)-driven tool for tooth detection and segmentation on
panoramic radiographs.
Materials and methods In total, 153 radiographs were collected. A dentomaxillofacial radiologist labeled and segmented each
tooth, serving as the ground truth. Class-agnostic crops with one tooth resulted in 3576 training teeth. The AI-driven tool
combined two deep convolutional neural networks with expert refinement. Accuracy of the system to detect and segment teeth
was the primary outcome, time analysis secondary. The Kruskal-Wallis test was used to evaluate differences of performance
metrics among teeth groups and different devices and chi-square test to verify associations among the amount of corrections,
presence of false positive and false negative, and crown and root parts of teeth with potential AI misinterpretations.
Results The system achieved a sensitivity of 98.9% and a precision of 99.6% for tooth detection. For segmenting teeth, lower
canines presented best results with the following values for intersection over union, precision, recall, F1-score, and Hausdorff
distances: 95.3%, 96.9%, 98.3%, 97.5%, and 7.9, respectively. Although still above 90%, segmentation results for both upper
and lower molars were somewhat lower. The method showed a clinically significant reduction of 67% of the time consumed for
the manual.
Conclusions The AI tool yielded a highly accurate and fast performance for detecting and segmenting teeth, faster than the
ground truth alone.
Clinical significance An innovative clinical AI-driven tool showed a faster and more accurate performance to detect and segment
teeth on panoramic radiographs compared with manual segmentation.
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Introduction

Panoramic radiographs enable generating a 2D visualization
of both dental arches. They are routinely used to present an
overview of dental status and potential, surely if no prior ra-
diograph is present [1, 2]. On the other hand, it presents lim-
itations related to its two-dimensional nature, such as overlap-
ping of anatomic structures and distortion [3]. Furthermore,
human interpretation tends to be subjective because some den-
tists may not have enough specialized training or not enough
time devoted to detailed diagnosis [4].

Artificial intelligence (AI)-based methods may be used in
order to help dentists to interpret images. In this way, auto-
mated methods may enable faster identification and classifi-
cation of data and eliminate errors associated with human
fatigue. Deep learning algorithms have been investigated in
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dentomaxillofacial radiology for the detection, classification,
or diagnosis of diseases or anatomical structures, such as clas-
sification of teeth and mandibular morphology [5–7]; differ-
entiation of jaw tumors [8]; and detection of root fractures [9],
Sjögren’s syndrome [10], maxillary sinusitis [11], calcified
carotid atheroma’s [12], caries [13], and periodontal diseases
[14]. Although the results of previous AI research have been
extremely promising, the studies are still preliminary [15].

When evaluating panoramic radiographs, one possible task
susceptible to human failures is the identification of teeth and
their exact shapes and boundaries. This process called tooth
segmentation is of paramount importance for visual pattern
recognition [16]. Therefore, the detection of anatomical struc-
tures can be considered as the first crucial step for radiographic
recognition of pathologies [17]. Accurate detection and seg-
mentation of each tooth on panoramic radiographs can help
general dental practitioners in early diagnosis, making a better
clinical decision [18]. Automated methods of dental age esti-
mation might also improve forensic practice [19]. Moreover,
tooth segmentation is helpful to visualize not only crowns but
also roots’ positions, when carrying out orthodontic treatment
[20]. However, manual segmentation is time-consuming and
can be tedious. Additionally, as it depends on the operator, it
is prone to high inter-observer variability [21].

Artificial intelligence (AI)-driven methods have also been
investigated to detect [22] and segment teeth on panoramic
radiographs [21, 23–25]. Regarding segmentation studies,
previous AI tools allowed to achieve results with accuracy
metrics below 90%. The aim of this study was to evaluate
the performance and clinically validate a novel AI-driven tool
for detection and segmentation of teeth on panoramic radio-
graphs. The accuracy of the tool was the primary outcome and
time consumed for performing such a task was the secondary
outcome. The hypothesis of the present study was that this
novel AI-based method could increase the capacity of detect-
ing teeth and achieve excellent and timely performance for
tooth segmentation on such imaging modality. Such accurate
automated tooth detection and segmentation tool might assist
in treatment planning and contribute to future development of
automated dental charting and radiographic reporting.

Materials and methods

Dataset

Panoramic radiographs were collected from a previous study
for third molars evaluation [6] (M3BE database). The selected
images were from patients older than 18 years old. With a
unified dimension of 2880 × 1504 pixels, panoramic radio-
graphs from the training set were acquired with the same de-
vice VistaPano S Ceph (Dürr Dental, Bientigheim-Bissingen,
Germany). The test set was composed from panoramic

radiographs acquired by two different devices: the aforemen-
tioned used for training and Promax 2D (Planmeca, Helsinki,
Finland) with a dimension of 2931 × 1435 pixels. All radio-
graphs from the training and validation test set were randomly
selected and included extractions, fillings, root treatment, or-
thodontic brackets, retention wire, and patients with agenesis.
This study was performed within the guidelines of the World
Medical Association Helsinki Declaration for biomedical re-
search involving human subjects and STROBE guidelines and
was approved by the Institutional Review Board of our insti-
tution (approval number B322201525552). All image data
were anonymized prior to analysis.

In total, the dataset consisted of 153 radiographs of adult
patients (mean age 26 years old). The dataset was split into a
training set of 70 images (images used to train the model). The
validation set was composed by 18 panoramic images used to
evaluate the model during training. Finally, 65 panoramic ra-
diographs from two different devices composed the test set,
fromwhich the final performance of the model was calculated.
The labeling and manual segmentation of the full panoramic
images were performed by a dentomaxillofacial radiologist
with 20 years of experience, serving as the ground truth.
Data augmentation strategies were used during training to
add more variability to the data set by applying random
cropping, affine transformations (rotation, scaling, transla-
tion), contrast variations, and addition of noise. Afterwards,
another dataset was constructed containing class-agnostic
crops with one tooth that resulted in a dataset with segmenta-
tions of 3576 training teeth.

Segmentation AI models

Two different deep learning models were used. The first
aimed at detecting and classifying the teeth. The second algo-
rithm focused on fine-tuning the segmentation map of the
detector. The detector performed a rough segmentation on
panoramic radiographs and the classification of each tooth.
The generated segmentation was used to crop out a region of
interest around the tooth on the full resolution image. These
full-resolution crops were then given to a class agnostic seg-
mentation model to perform a detailed segmentation of each
tooth. After detector resizing, images dimensions were 348 ×
400 pixels. Images of 100 × 150 pixels were used for fine-
tuning, chosen based on teeth shape.

Both networks were trained with the Adaptive Moment
Estimation optimizer with early stopping based on the valida-
tion set. The detector has a deeplab-v3 architecture with a pre-
trained resnet-101, based on a previous study [26]. This net-
work was pre-trained on the Common Objects in Context and
Pascal Visual Object Classes dataset resulting in powerful
features which resulted in faster and better convergence of
the training. This architecture was trained using the Pytorch
framework for 100 epochs with a decaying learning rate where
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the model with the best validation loss was chosen for testing.
The detector should predict 16 class maps: 2 incisors, 1 ca-
nine, 2 premolars, 3 molars for both the mandible and the
maxilla. The fine tuner was based on a previously developed
fully convolutional neural network [27], also with the same
pre-trained resnet-101 backbone. Figure 1 demonstrates the
workflow of the system by combining two different neural
networks for detecting and segmenting the teeth.

Segmentation software

The used tool to collect the data and perform the validation
was an adapted version of the opensource Labelme project on
GitHub [28]. In the new tool, several functionalities have been
included, such as access to one tooth fine tuner to speed up the
labeling process, cutting the segmentation contour at desired
points, adjusting contrast and brightness, and performing his-
togram normalization, and the ability to load in the predictions
of the segmentation models.

Accuracy metrics for tooth detection and
segmentation

For tooth detection, the same metrics from a previous study
were used [22]: sensitivity = true positive TP/TP + FN and
precision = TP/TP+FP, where TP, FP, and FN represent true-
positive, false-positive, and false-negative results, respective-
ly. The TP represented correctly labeled teeth by the AI algo-
rithm. The FP results consisted of misinterpreted teeth. On the
other hand, FN results were existent teeth that were not anno-
tated. In other words, the system’s ability to detect the pres-
ence and absence of teeth was recorded.

A segmentation map was then created for each image, con-
taining the classes of each pixel in the image. Before comput-
ing the metrics, the following numbers were first calculated:

& TP: the number of pixels that the method predicted to be
part of the class that actually belonged to the class.

& FP: the number of pixels that the method predicted to be
part of the class that did not belong to the class.

& True negative (TN): the number of pixels that the method
predicted to not be part of the class that actually did not
belong to the class.

& FN: the number of pixels that the method predicted to not
be part of the class that actually belonged to the class.

After calculating TP, FP, TN, and FN, the following met-
rics were calculated:

& Intersection over union (IoU): TP/(TP + FN + FP). This
ratio represents the area of overlap and the area of union.
An IoU of 1 is a perfect segmentation.

& Precision: TP/(TP + FP)
& Recall: TP/(TP + FN)
& F1-score = 2*(precision*recall)/(precision + recall). The

F1-score is used to balance precision and recall.

In addition, the Hausdorff distance was also calculated.
It is equivalent to the maximum difference, measured in
pixels between the ground truth and AI prediction per
tooth. The accuracy measurements were calculated for
the test set. For such purpose, this data set was split into
three different datasets (65 radiographs). The first one
compared the AI prediction without expert refinement to
the ground truth (25 panoramic radiographs). The second
one compared the fully AI with the AI combined with
expert refinement (20 panoramic radiographs). These
two data sets were composed of radiographs from the
same device (VistaPano, Dürr Dental, Bientigheim-
Bissingen, Germany). The third data set was composed
of 20 panoramic images acquired by other devices
(Promax 2D, Planmeca, Helsinki, Finland). In the second
and third data set, after the AI-based algorithm predicted
the segmentation, the radiologist performed all necessary
corrections.

Time analysis

Time consumed and amount of corrections were recorded.
Both AI-consumed time and tome for manual optimizations

Fig. 1 Workflow of the system by combining two different neural networks for detecting and segmenting the teeth
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to the segmentation were calculated. A three-grade classifica-
tion of the amount of corrections was developed, based on the
time consumed for doing this task: (a) no correction (time
consumed only for judging the AI segmentation results with-
out the need for manual corrections), (b) minor correction (up
to 15 s, including the time for checking the image and for
making minor adjustments on the tooth contour), (c) major
correction (above 15 s, including the time for evaluating the
image and for correcting the tooth contours). After the correc-
tions, the quantitative metrics were calculated.

A visual evaluation was also conducted on the 20 pano-
ramic radiographs from the second training data set. Such
evaluation used illustrated colored mask boundaries on the
AI segmentation results and the reference standard, similar-
ly to a previous study [21]. The green color corresponds to
the TP (i.e., the regions which overlap between the AI pre-
dicted results and the ground truth). Figure 2 a shows an
example of the three-grade classification of the amount of
corrections on the colored images. Besides the aforemen-
tioned classification, the radiologist also evaluated if the AI
predictions were overestimated (FP, blue color) or
underestimated (FN, red color) which is illustrated in Fig.
2b. The visual evaluation also aimed to record whether the
corrections were made on the crown and/or the root portion
of the teeth (Fig. 2c).

Statistical analysis

The differences of performance metrics among the different
teeth groups and among different panoramic devices were
assessed using the Kruskal-Wallis test. The chi-square test
was used to verify associations among the amount of correc-
tions, the presence of FP and FN, and the parts of the teeth
(crown and root) with such AI misinterpretations. A p value
less than 0.05 was considered statistically significant. All sta-
tistical analyses were performed with MedCalc Statistical
Software version 19.2.1 (MedCalc Software Ltd, Oostende,
Belgium).

Results

Accuracy metrics for tooth detection and
segmentation

Considering only the present teeth in the testing dataset of 40
panoramic radiographs from two different devices, the system
was capable of distinguishing 1179 teeth, with 15 failures of
detections. There were four FP and 13 FN. Therefore, the
system yielded 98.9% of sensitivity and 99.6% of precision.
When the two tested devices were considered separately, the

Fig. 2 Visual evaluation of the AI predictions. True positive, false
negative, and false positive represented by the following colors: green,
red, and blue, respectively. a Three-grade classification of the amount of
corrections on the colored images. b Examples of AI underestimations

(false negative) and overestimations (false positive). c Examples of un-
derestimations and overestimations only at the crown, the root, and at
both parts of the tooth
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first panoramic device used in the training set yielded 99.6%
of sensitivity and precision (with 2FP and 2FN). Values of
sensitivity and precision of 98.1% and 99.6%, respectively,
were achieved for the second panoramic device (11FN and
2FP). Furthermore, the module was also capable of identify-
ing 96 missing teeth on images from both devices. Figure 3 a
discloses some examples of the AI predictions compared with
the ground truth and shows examples of detection and seg-
mentation failures (Fig. 3b–e).

Table 1 shows the high performance of the new AI system
for segmenting all teeth on panoramic radiographs compared
with the ground truth. Considering the highest mean IoU
values and the lowest mean Hausdorff distances, the lower
canines presented the best performance. Although still

presenting a very good performance (with mean IoU above
90%), segmentation results in both upper and lower molars
were found to be somewhat lower. When evaluating images
from the different panoramic devices separately, no differ-
ences were found concerning IoU median values, except for
the lower incisors in which median IoU was slightly lower for
images acquired by the device only used in the test set
(Table 2).

There was an association between the amount of correc-
tions and frequency of FP and FN (chi-square, p < 0.001).
Concerning teeth needing minor corrections, the frequency
of FN (74.4%) was higher than the frequency of FP
(52.7%). Most of the teeth that needed major corrections pre-
sented both kinds of misinterpretation of the contours by the

Fig. 3 a Comparison between AI prediction and the ground truth on two
different panoramic radiographs. b AI was not able to detect teeth 23 and
25, probably because of the malposition of tooth 24. d Example of
detection failure in which the AI network could detect a missing tooth,
but it considered the present tooth as the 31 (but the expert considered as
the 32). c The neural network was able to detect absence of tooth 24 and

presence of tooth 25. However, it could be seen a bad segmentation of
tooth 25 because the contour of the bridge that replaces tooth 24 has been
incorporated to the contour of tooth 25 in the segmentation process. e AI
was not able to distinguish a deciduous tooth in a case in which tooth 45
was absent with the prolonged permanence of the tooth 85
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AI network (FP and FN), although the frequency of FN was
also slightly higher than the FP. The frequency of FP and FN
was different among teeth groups (chi-square, p < 0.001). For
all teeth groups, the frequency of FN was higher than the FP,
except for incisors (Fig. 4a). The frequency of teeth that did
not need correction was higher for anterior teeth. Conversely,
multi-rooted teeth presented a higher need for refinement.

In general, the frequency of corrections was to some extent
higher in the crowns (Fig. 4b). An association was also found
between the frequency of misclassifications by the network and
the portion of the teeth that needed corrections by the expert
(chi-square, p < 0.001). The FP occurred somewhat more in the
roots for canines and premolars but not for molars and incisors.
From the 70 cases with such exclusive AI misclassification, 38

Table 2 Comparison of performance (medium IoU) of different teeth groups among panoramic radiographs acquired from different devices

Table 1 Performance (accuracy
metrics) of the new AI-driven
system for segmenting all the
teeth on panoramic radiographs

IoU (%) Precision (%) Recall (%) F1 (%) Hausdorff (pixels)

Teeth 11/21 94.2 95.2 98.9 97.0 13.8

Teeth 12/22 94.4 96.6 97.7 97.1 10.7

Teeth 13/23 93.6 96.4 96.9 97.3 11.9

Teeth 14/24 94.2 96.2 97.7 96.8 13.2

Teeth 15/25 93.1 95.7 97.2 96.3 12.8

Teeth 16/26 92.4 95.1 97.0 95.9 19.5

Teeth 17/27 92.7 95.3 97.1 96.1 18.4

Teeth 18/28 93.7 96.1 97.5 96.7 14.9

Teeth 31/41 92.6 94.4 98.0 96.1 11.1

Teeth 32/42 93.7 95.5 98.1 96.7 10.2

Teeth 33/43 95.3 96.9 98.3 97.5 7.9

Teeth 34/44 94.7 97.1 97.5 97.2 9.8

Teeth 35/45 95.2 96.7 98.3 97.5 8.3

Teeth 36/46 92.8 96.1 96.4 96.2 14.1

Teeth 37/47 92.2 94.6 97.2 95.8 15.5

Teeth 38/48 92.6 95.0 97.4 96.0 16.0
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(54.3%) were only in the roots, whereas 17 (24.3%) were only
in the crowns. On the other hand, from the 145 cases with only
FP, 91 (62.8%) occurred in the crowns.

Time analysis

An association was found between teeth groups and the
amount of corrections (chi-square, p < 0.001). Correction

times were significantly lower for the canines than for the
other groups of teeth (Kruskal-Wallis, p < 0.001). For molars,
correction time increased significantly (p < 0.001). Incisors
and premolars presented equivalent correction times (p >
0.05). Table 3 shows the time consumed to perform tooth
segmentation on each region comparing the combination of
AI prediction and expert refinement among different devices,
fully manual, and fully AI prediction. The median time to

Fig. 4 a Graph showing the frequencies of different AI predictions (no
corrections needed, false positive, and false negative) among teeth groups
(incisors, canines, premolars, and molars). b Graph disclosing the

frequencies of false positive and false negative on each part (crown and
root) of the different teeth groups (incisors, canines, premolars, and
molars)
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perform manual segmentation of all teeth on panoramic radio-
graphs was about 18 min for fully manual segmentation, with
approximately 30 s for each anterior tooth, 35 s for premolars,
and 40 s for molars. The median time for the AI prediction
(fully automated segmentation) was 30 s. For the combination
of AI prediction followed by an expert refinement, no signif-
icant differences were found among the two tested panoramic
devices, with a median time of 6.3 s for performing the task.
When comparing the AI prediction time to fully manual seg-
mentation, the following time reductions could be achieved
for all teeth group: 76% for incisors, 86% for canines, 75% for
premolars, and 49% for molars.

Considering the cutoff value for the time correction of 15 s,
it could be observed that only molars presented a higher fre-
quency of major corrections need in both upper and lower
jaws (Fig. 5 a and b). Conversely, in general, only minor
corrections or no corrections were needed for incisors, ca-
nines, and premolars (Fig. 5b). Figure 5 c shows the compar-
ison of time consumed by the expert to correct the AI predic-
tion compared with the time consumed for the same expert to
perform teeth segmentation manually. The time for doing
manual segmentation was significantly higher than the time
that the expert spent for refining AI predictions.

Discussion

The hypothesis of the present study was confirmed, as the
newly proposed AI tool presented a highly accurate and fast
performance for detecting and segmenting teeth. The system
yielded an almost perfect sensitivity and precision for tooth
detection and was capable of accurately detecting teeth on
images acquired from different devices. These robust results
bring new clinical perspectives for further implementation of
pathology detection. Regarding teeth segmentation, a mean

IoU above 90% was achieved for all teeth groups.
Moreover, this study was the first to demonstrate that the time
needed to perform fully manual segmentation of all teeth of a
panoramic radiograph may be reduced by 67% when using a
segmentation method based on deep learning algorithms.
Therefore, this method may bring more efficiency to the daily
workflow of the dentists.

Automation of tooth detection and segmentation may be
considered the first and most challenging step in the develop-
ment of AI systems capable of interpreting images and differ-
entiating pathologies from anatomical structures. Therefore,
this first step should be as accurate as possible. Our system
achieved excellent performance for tooth detection, similarly
to a recently developed system [22]. However, the previous
module aimed only at detecting and numbering the teeth,
while our system was developed to detect and segment teeth.

Regarding tooth segmentation, the higher performance was
achieved for canines, followed by incisors, premolars, and
molars. To the best of our knowledge, only four previous
studies have tested the use of AI tools for automatic detection
and segmentation of all teeth on panoramic radiographs [21,
23–25]. The lower values achieved by the three aforemen-
tioned studies [10, 12, 13] were probably related to smaller
data set sizes or different applied methodologies. Our results
are more in line with the two most recent studies that also
observed a higher degree of difficulty for segmenting multi-

Table 3 Median time (seconds) for performing tooth segmentation comparing artificial intelligence (AI) prediction with expert refinement among
different devices and fully manual and fully AI

First panoramic device (VistaPano) Second panoramic device (Promax 2D)

Teeth group AI prediction + expert refinement AI prediction + expert refinement p value Fully manual Fully AI

Lower incisors 4.9 s 6.4 s 0.82 30 s N/A

Lower canines 2.9 s 3.0 s 0.42 30 s N/A

Lower premolars 7.8 s 8.6 s 0.30 35 s N/A

Lower molars 26.2 s 26.1 0.20 40 s N/A

Upper incisors 5.5 s 6.4 s 0.24 30 s N/A

Upper canines 4.1 s 4.0 s 0.37 30 s N/A

Upper premolars 6.7 s 10.4 s 0.14 35 s N/A

Upper molars 15.9 14.9 0.81 40s N/A

Total time 367 s 387 s 1080s 30 s

N/A, not applicable

�Fig. 5 a Graph comparing the time consumed for the expert to perform
corrections on each group of teeth. The time was higher for molars and
lower for canines and incisors. b Graph showing that only molars
presented a higher frequency of major corrections for both upper and
lower jaws. Most of the other teeth groups did not need corrections or
needed only minor corrections by the expert. c The time consumed by the
expert to correct the AI prediction was significantly lower than for the
same expert to perform fully manual segmentation for all groups of teeth,
especially for the anterior teeth
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rooted teeth than for single-rooted teeth [21, 25]. One study
showed the following mean IoU values for the upper and
lower teeth: 0.900 for incisors, 0.889 for the canines, 0.873

for the premolars, and 0.859 for the molars [10]. Another deep
learning-based system showed a diagnostic accuracy of 86.9%
for the determination of the root morphology of the
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mandibular first molar [7]. Accordingly, our results were su-
perior or similar to those previous studies for all the accuracy
metrics. By combining two different deep learning algorithms
with expert refinement, we could greatly improve conver-
gence speed and final accuracy for the segmentation task.

Tooth segmentation is more challenging than bone struc-
ture segmentation for several reasons, such as the number of
teeth per jaw, the proximity of adjacent tooth structures, the
difference in density within a tooth, and tooth development
[29]. This process is even more challenging on a panoramic
radiograph due to its inherent limitations [3].

Regarding tooth segmentation in our study, the frequency of
FN was higher than FP, except for the incisors. This might be
explained by some radiopaque images that eventually appear in
such anterior region, including the superimposition of the hard
palate line and the anterior nasal spine on the apical region of the
upper incisor, the ghost image of the cervical spine, and the bite
block used to position the patients. These images may confuse
the networks. As a result, boundaries of the incisors’ root and
crowns have been slightly overestimated in some images.
Molars presented a higher number of FN and FP. This was an
expected result, considering the complexity of their anatomy on
both crowns and roots. Nonetheless, even for this tooth group,
the performance of the system was quite impressive.

The high performance achieved by the novel AI tool could
have been influenced by the good image quality and composi-
tion of the data sets. For a 2D image, the combination of an AI-
based method with expert refinement should improve the per-
formance. Analyses were performed on high-resolution pano-
ramic radiographs acquired on two devices with no significant
differences regarding performance and time analysis.
Furthermore, most of the training and validation test data was
composed of radiographs from young adults, as the inclusion
criteria comprised radiographs of patients older than 18 years
from an epidemiological study on the management of third
molars [6]. Despite the possibility of selection bias, the choice
of selecting panoramic radiographs from young patients was to
ensure that the system was trained for all groups of teeth.
Nevertheless, the selection criteria did not exclude radiographs
of low and high density, with some positioning imperfections,
artifacts, presence of orthodontic appliances, and from older
patients with missing teeth. The system also performed well in
such cases. For AI-driven imaging approaches, the influence of
factors such as image quality, artifacts, presence of implants and
bridges, and variations of the teeth in between patients and
patient’s age should be further investigated.

Deep convolutional neural networks are increasingly ap-
plied for medical image diagnostics [30]. Deep learning al-
lows computational models that are composed of multiple
processing layers to learn representations of data with multiple
levels of abstraction. In this way, images can be used as an
input for the neural networks in order to achieve several dif-
ferent outputs [15]. As such, deep learning methods have

already shown promising results for detecting caries [13], root
fractures [9], periodontal diseases [14], for differentiating
cysts and jaw tumors [8], for skeletal classification on lateral
cephalograms [31], and even for improving oral cancer out-
comes [32]. Regarding teeth and bone segmentation, deep
learning is an encouraging approach to segment anatomical
structures and later on in clinical decision making [5].
Advances in the methods may improve virtual surgery plan-
ning, optimize orthodontic planning and follow-up, forensic
identification, and help to differentiate normal anatomical
structures from pathologies. Therefore, the combination of
AI tools with expert’s analyses may revolutionize oral
healthcare, allowing to have real precise and personalized
dentistry. Dentist’s workflow will become more efficient with
automated suggestions for complex cases, better treatment
planning, and prediction of diseases and outcomes [14].

In conclusion, our study presented and validated a new AI-
driven tool for fast and accurate tooth detection and segmen-
tation on panoramic radiographs. Other head and neck struc-
tures should be also further investigated. Future clinical per-
spectives of this development include AI-based tools for au-
tomated dental charting and radiographic reporting, as well as
AI-driven clinical decision support. The current developments
form the basis of further developments of AI-driven tools to
accurately and automatically diagnose various dental and
bone diseases, saving time and minimizing human errors.
The use of more robust and explainable systems is an impor-
tant step for a more precise and personalized dental practice.
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