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Abstract

Background Impacted canines are one of the most frequently encountered dental anomalies in maxillofacial
practice. Accurate localization of these teeth is crucial for treatment planning, and Cone Beam Computed
Tomography (CBCT) offers detailed 3D imaging for this purpose. However, manual segmentation on CBCT scans is
time-consuming and subject to inter-observer variability. This study aimed to develop a deep learning model based
on nnU-Net v2 for the automatic segmentation of impacted canines and to evaluate its performance using both
classification and segmentation metrics.

Methods A total of 159 CBCT scans containing impacted canines were retrospectively collected and annotated
using web-based segmentation software. Model training was performed using the nnU-Net v2 architecture with a
learning rate of 0.00001 for 1000 epochs. The performance of the model was evaluated using recall and precision. In
addition, segmentation performance was assessed using Dice Similarity Coefficient (DSC), 95% Hausdorff Distance
(95% HD in mm), and Intersection over Union (loU).

Results The nnU-Net v2 model achieved high performance in the detection and segmentation of impacted canines.
The values obtained for recall and precision 0.90 and 0.82, respectively. The segmentation metrics were also favorable,
with a DSC of 0.84, 95% HD of 7.07 mm, and loU of 0.74, indicating good overlap between predicted and reference
segmentations.

Conclusions The results suggest that the nnU-Net v2-based deep learning model can effectively and autonomously
segment impacted canines in CBCT volumes. Its strong performance highlights the potential of artificial intelligence
to improve diagnostic efficiency in dentomaxillofacial radiology.
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Introduction

A tooth that has reached its physiological eruption time
but fails to take its place in the arch, remaining within
the bone tissue due to closure of the root apex, inacti-
vation of the periodontal ligament, and loss of eruptive
force, is defined as impacted [1, 2]. The most frequently
impacted teeth in the jaws are third molars, followed
by canines. However, among canines, maxillary canines
tend to remain impacted at a much higher rate compared
to mandibular canines, and mandibular canine impaction
has been studied less extensively [3, 4]. The prevalence of
maxillary canine impaction has been reported to range
between 0.97% and 7.10% [5-8], whereas mandibular
canine impaction has been reported between 0.3% and
2.8% [9-12]. Bilateral cases have been reported in 8% of
patients with impacted maxillary canines [13]. Although
the existing literature generally reports the prevalence
of unilateral cases for mandibular canine impaction, one
study has noted that the distribution of bilateral and uni-
lateral impactions is almost equal [14].

Maxillary and mandibular canines can become
impacted as a result of reasons such as obstruction by
nearby hard tissues, the presence of local pathology,
deviation or disruption of the normal development of
the incisors, and hereditary or genetic factors [15]. The
canines’ proper function and appearance have a sub-
stantial impact on the individual’s facial characteristics
and serve a crucial part in establishing functional occlu-
sion [16]. In addition to concerns related to appearance
and functionality, complications such as displacement
of nearby teeth and resulting shift in the midline, loss of
vitality in neighbouring teeth, development of follicular
cysts, ankylosis, recurring infections, pain, resorption of
adjacent teeth or the tooth itself, can occur individually
or in combination [13]. From this perspective, early rec-
ognition of impacted canines serves as an essential factor
in eliminating impaction [16]. Several treatment meth-
ods have been suggested for this objective, however, the
age of the patient and the severity of the impacted canine
at the time of diagnosis can influence the effectiveness
of early intervention [17]. Therefore, the most efficient
approach is to detect and prevent potential impaction
at an early stage. In addition, it is necessary to consider
surgical exposure and orthodontics in certain situations
[16].

It is of great importance to determine the position,
angulation, and position of the impacted canines in rela-
tion to the buccal or lingual direction in detail, as this will
help to determine whether the patient will benefit from a
surgical or orthodontic approach [18]. In order to achieve
this, both clinical and radiographic examination can be
performed to determine the exact localisation. However,
radiographs are more useful in this regard since provide
a suitable image for the evaluation of impacted canines
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[16]. In this context, a variety of two-dimensional radio-
graphic techniques, including panoramic radiographs,
lateral cephalometric radiographs, anteroposterior radio-
graphs, periapical radiographs, and occlusal radiographs,
can assist in the assessment of the position of the canines
[19]. Two-dimensional radiographs play a significant role
in the early detection of impacted canines, facilitate the
treatment and follow-up process due to their low radio-
graphic dose and low cost of availability. Nevertheless,
two-dimensional images may occasionally prove inad-
equate for the precise estimation of the spatial position
of impacted teeth within the jaw and for the evaluation of
the surrounding anatomical structures. In such instances,
cone beam computed tomography (CBCT) becomes a
valuable tool for enabling the detailed visualisation of the
position of impacted canines and the evaluation of their
relationship with neighbouring teeth in the horizontal,
vertical, and sagittal axes [20-23].

Digital dentistry is a rapidly developing field, with
the incorporation of artificial intelligence into medical
imaging leading to the development of CBCT, intraoral
and facial scanners, and dental 3D printing. These tech-
nologies have the potential to increase the efficiency of
dentists and improve the accuracy of orthodontic diag-
noses, treatment planning, and surgical guidelines [24].
In this context, segmentation of teeth in CBCT images
is a necessary step in the planning of tooth arrangement
and stimulation of tooth movement in the digital space.
However, in the rapidly developing technological world,
performing these procedures manually can be time-
consuming, laborious, and may also vary according to
intra- and inter-observer variability, which depends on
the observers performing the segmentation [25]. Three-
dimensional automatic segmentation of impacted canine
teeth in CBCT volumes can facilitate the challenging
treatment procedure and enhance the certainty and vis-
ibility of therapy for clinicians and patients.

A number of studies have been conducted in the field
of automatic three-dimensional segmentation of various
anatomical structures in CBCT volumes and this area of
research is becoming increasingly popular. Several stud-
ies have been conducted on automatic segmentation of
teeth [24], dental pulp [26], upper respiratory tract [27],
mandibular canal [28], maxillary sinus [29, 30], max-
illa, and the mandible [31] in CBCT scans. However,
the number of studies on automatic segmentation of
impacted canine teeth is very limited. While there are
studies on the detection and classification of impacted
canines on panoramic radiographs [16, 32], there is only
one study on the segmentation of impacted canines
on CBCT volumes. Swaity et al. [33] employed two 3D
U-Net architectures in the training of the convolutional
neural network (CNN) model they developed in this
direction and reported that the model they developed
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demonstrated high performance with a dice similarity
coefficient (DSC) of 0.99 + 0.02. However, it is challeng-
ing to ascertain which U-Net configuration is optimal for
a given dataset. To address this issue, nnU-Net has devel-
oped a range of configurations (2D, 3D full-resolution,
3D low-resolution, 3D cascades) and employs a cross-
validation approach to automatically select the most suit-
able one [34]. This enables users to simply train and apply
the models without requiring expertise in this area. nnU-
Net is capable of adapting its architectures to the specific
image geometry. nnU-Net provides a comprehensive
definition of all subsequent steps within the frame-
work. These steps represent the primary determinants
of network performance, encompassing pre-processing,
training, inference, and potential post-processing [35].
Furthermore, Isensee et al. have demonstrated that the
efficacy of the majority of contemporary three-dimen-
sional medical image segmentation methodologies has
not surpassed the original nnU-Net baseline success [36].

The objective of this study is to develop a deep learn-
ing algorithm based on nnU-Net v2 for the automated
segmentation of impacted canines within CBCT vol-
umes and to evaluate its performance. As the majority of
CBCT scans in our dataset were obtained from pediat-
ric patients, some images contained metal artefacts due
to ongoing orthodontic treatment, while others exhibited
motion artefacts because younger patients often have dif-
ficulty remaining still during image acquisition. There-
fore, we also aimed to investigate whether the presence
of such artefacts would affect the segmentation perfor-
mance of the proposed model. Our first hypothesis is that
an nnU-Net v2—based deep learning model can success-
fully segment impacted canines in CBCT volumes. Our
second hypothesis is that the model’s segmentation per-
formance will decrease in artefact-affected images com-
pared with artefact-free images.

Material and method

Study design

In this study, a deep learning algorithm based on nnU-
net v2 was developed using Craniocatch software (Cra-
nioCatch, Eskisehir, Turkey) to automatically segment
impacted canine teeth in CBCT volumes of patients
in three dimensions. The article for this study was pre-
pared following the Checklist for Artificial Intelligence
in Medical Imaging (CLAIM) and the Standards for
the Reporting of Diagnostic Accuracy Studies (STARD)
Checklist. The study protocol has been authorized by the
non-interventional Clinical Research Ethical Committee
of Eskisehir Osmangazi University, with decision num-
ber 04.10.2022/22. The study was carried out in compli-
ance with the principles outlined in the Declaration of
Helsinki.
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Sample size calculation

Based on the power analysis conducted to determine the
sample size, it was concluded that reliable results could
be obtained with 159 CBCT volumes using a paired two-
sample t-test, with 95% power and a 5% margin of error,
and an effect size of dz = 0.28 (Appendix A) [37, 38].

Patient selection

In this study, CBCT images of patients with unilateral
or bilateral impacted canines in the archive of Eskisehir
Osmangazi University Department of Oral and Max-
illofacial Radiology were evaluated. All patients with
impacted canines were included in the study, regardless
of the angle or position of the impacted canine. How-
ever, the volumes of patients with any pathology (fol-
licular cyst) that would prevent segmentation of the
canine tooth in the image were excluded from the study.
Both participants without braces and those who did
wear braces included in the study, however most of the
patients did not have braces. Therefore, patients exhibit-
ing metal artefacts due to orthodontic appliances were
also included in the study. Additionally, patients present-
ing with motion artefacts were likewise integrated into
the data set.

A total of 159 CBCT scans were included in the study
based on the inclusion and exclusion criteria. Within
these scans, 173 impacted canine teeth were identified.
Among them, 125 were fully impacted, while 48 were
partially erupted. Regarding artefacts, metal artefacts
caused by orthodontic brackets or screws were observed
in 5 CBCT scans, and motion artefacts were present in
26 scans.

Acquisition of the CBCT volumes

The radiographic images included in the study were
obtained on a Planmeca Promax 3D Mid CBCT device
(OY, Helsinki, Finland) with a field of view (FOV) scale
ranging from 10x 13 cm to 20x 17 cm. The images were
captured with varying acquisition parameters and voxel
sizes of 0.200 mm and 0.400 mm. The patient data was
processed into volumetric form and exported as DICOM
files, enabling visualization in sagittal, coronal, and axial
planes.

Ground truth labelling

The CranioCatch (Eskisehir, Turkey) segmentation mod-
ule (Fig. 1), a web-based software, was used for the seg-
mentation process. Prior to the manual annotation of
ground truth segmentations, the physicians responsible
for annotation were first trained both on how to use the
segmentation module and to ensure standardization in
the annotation process. This training was provided by
two researchers: one with 14 years of experience (ISB)
and another with 27 years of experience (KO) in the field



Unal et al. BMC Oral Health Page 4 of 14

dentalai.ogu.edu.tr

Project Name: Impacted canine 1D: 7767

Number of Frames: 1

ANNOTATIONS (X
Instance Number: 207

Impacted canine Dental
Problems

WC: 596 WW: 2500 Im: 207/252
X: 657 Y: 230 undefined undefine

Terms of Use B Engish ¥ Change Theme @ Help

dentalai.ogu.edutr LIRS © t +

Project Name: Impacted canine 1D: 7767 207/252

ANNOTATIONS (X

Impacted canine Dental
Problems

Terms of Use B engish ¥ Change Theme

Fig. 1 User interface of the CranioCatch (Eskisehir, Turkey) platform used for web-based manual segmentation of impacted canines to generate ground
truth data
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of oral and maxillofacial radiology. The trained research-
ers who performed the annotations, each with 7 years
of experience in pediatric dentistry (TM, FNK, EG) and
another researcher with 8 years of experience in the
same field (SO), completed the manual segmentation
process. The segmentations were performed directly on
the 3D CBCT volumes using a free-hand segmentation
technique. During the annotation process, the accuracy
of the segmentations was periodically reviewed by two
additional researchers (AK, ITG), each with 4 years of
experience in oral and maxillofacial radiology, artificial
intelligence, and the use of the CranioCatch segmenta-
tion software. After the entire segmentation process was
completed, the initial trainers (KO, ISB), both of whom
are experienced in their field and knowledgeable in arti-
ficial intelligence, reviewed all segmentations. During
this review process, the 3D visualization feature of the
CranioCatch annotation software (as shown in Fig. 2)
enabled thorough examination of the segmentations
in sagittal, coronal, and axial planes. Once approved by
both reviewers, the ground truth phase was finalized and
training of the deep learning algorithm commenced.

Development of the nnU-Net v2 based CNN model

After performing segmentations on a total of 159 CBCT
volumes, a hold-out validation strategy was adopted.
Specifically, 90% of the dataset (145 CBCT volumes) was
used for training, while the remaining 10% (14 CBCT
volumes) was set aside as an independent test set. These
test images were not seen by the nnU-Net v2 model dur-
ing training and were reserved exclusively for evaluating
its performance. The DICOM files were subsequently
converted to the Neuroimaging Informatics Technol-
ogy Initiative (NIfTT) format utilizing a specialized code
developed by the CranioCatch Software Team. This
conversion was implemented in Python, leveraging the
Pydicom, Nibabel, and OpenCV libraries. In the subse-
quent step, preprocessing was conducted to standardize
the resolution and voxel dimensions across the entire
dataset, ensuring consistency prior to model training.
This process involved normalizing image intensities to
achieve uniformity throughout the dataset, while voxel
sizes were resampled to a standardized dimension of
0.4 % 0.4x 0.4 mm. Additionally, critical hyperparameters
for the model’s training configuration were defined dur-
ing this stage. Upon completion of preprocessing, the
images were prepared and optimized for the training
phase.

The nnU-Net v2 based CNN model for automatic seg-
mentation of impacted canines was developed in Python
(v.3.6.1; Python Software Foundation, Wilmington, DE,
USA) using the Pytorch, Pydicom, Nibabel, Numpy
and Opencv library. The model was trained for 1000
epochs using the Adam optimizer, which is the default
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configuration in nnU-Net v2. Mathematical processing
in the model’s training was performed with a Dell Pow-
erEdge T640 Calculation Server (Dell Inc., Round Rock,
TX, USA), Dell PowerEdge T640 GPU Calculation Server
(Dell Inc., Round Rock, TX, USA), and a Dell PowerEdge
R540 Storage Server (Dell Inc., Round Rock, TX, USA) in
the Eskisehir Osmangazi University Faculty of Dentistry
Dental-AlI Laboratory.

The training process of the model is visualized in Fig. 2.
When examining the loss/epoch graph, a rapid decrease
is observed in both the training loss (loss_tr) and vali-
dation loss (loss_val) throughout the training process.
In parallel, the pseudo-Dice score, which reflects the
model’s segmentation accuracy, shows a gradual increase
without any notable decline during training. This indi-
cates that the model successfully achieved effective learn-
ing. In the time/epoch graph, the duration of each epoch
remains relatively constant, demonstrating that the
training process proceeded in a computationally stable
manner. The learning rate/epoch graph shows that the
training began with an initial learning rate of 0.01, which
gradually decreased as the number of epochs increased.
This reflects the application of a linearly decaying learn-
ing rate strategy. The aim of this strategy is to enable the
model to learn the impacted canines more rapidly dur-
ing the early stages with a high learning rate, and in the
later stages, to reduce the learning rate to allow for more
precise optimization of the network weights—ultimately
helping to prevent overfitting.

Evaluation metrics for the model’s performance

To evaluate the performance of the developed nnU-Net
v2-based model, several key metrics were used, includ-
ing recall and precision values. Recall and precision val-
ues were calculated at the voxel level. Voxels where the
model prediction overlapped more than 50% with the
ground truth annotation were considered true posi-
tives (TP). Voxels predicted as impacted canines by the
model but not marked in the ground truth were labelled
false positives (FP), while voxels with less than 50% over-
lap or missed by the model were labelled false negatives
(EN). These metrics were computed separately for each
impacted tooth, and in cases with multiple impacted
canines in a single CBCT, averages were also calculated
for the entire volume. Recall and precision were derived
from these TP, FP, and FN values. True negatives (TN)
were not included because, in voxel-based 3D segmen-
tation, including TN in accuracy calculations can lead
to the “accuracy paradox™: a large number of voxels not
labelled in the ground truth would be counted as TN
even if the model underperforms, resulting in mislead-
ingly high accuracy values [33, 39]. Therefore, TN was
excluded to provide a more meaningful evaluation of
model performance. Furthermore, the Dice Similarity
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Coefficient (DSC), 95% Hausdorff Distance (HD95)
(mm), and Intersection over Union (IoU) metrics were
employed to assess the efficacy of the model. The DSC
value quantifies the number of voxels that exhibit over-
lap between the ground truth and the segmentation
produced by the model at the voxel level. A value of 0
indicates complete dissimilarity, while a value of 1 indi-
cates complete similarity. The HD95 value quantifies the
distance between the most distant point in one cluster
and the nearest point in the other cluster, and vice versa.
A lower value indicates a superior spatial concordance
between the model’s segmentation and the ground truth.
The IoU value assesses the extent of overlap between the
predicted and ground truth regions. A value of 0 indi-
cates no overlap between the predicted and ground truth
regions, whereas a value of 1 indicates complete overlap.

Results

The nnU-Net v2-based model developed in this study
was found to perform at a level comparable to that of
paediatric and dentomaxillofacial radiologists in the
automatic segmentation of impacted canines in CBCT
volumes. The recall value of the model was found to be
0.90. Also known as the true positive rate, recall refers
to the proportion of actual positive cases that are cor-
rectly classified as positive. This metric, also referred to
as the “probability of detection’, is considered particularly
important in medical applications, especially in scenarios
such as disease prediction. In this context, the model’s
high recall value indicates that it was able to success-
fully segment the vast majority of impacted canine cases.
In contrast, the model’s precision value was found to be
lower than its recall, calculated at 0.82. While precision
increases as false positives decrease, recall increases as
false negatives decrease. Therefore, it can be inferred that
although the model successfully identified a high number
of true positives, it also produced a certain number of
false positive segmentations, which accounts for the pre-
cision being lower than the recall. One of the key metrics
for evaluating the performance of the model’s automatic
segmentation is the DSC, which was calculated as 0.84 on
average in the test set. The DSC values corresponding to
the impacted canine segmentations across 14 CBCT vol-
umes in the test set, along with other relevant details, are
presented in Table 1.

Another important metric indicating segmentation
performance is the HD95, which was found to be 7.07
mm. Although this value is expected to be as low as
possible, its relatively high value in our study indicates
a notable deviation between the model’s predicted seg-
mentations and the ground-truth boundaries. Despite
the high DSC, the primary reason for the elevated HD95
appears to be the model’s inability to precisely identify the
boundaries of the impacted canines. In particular, it was
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observed that in partially erupted teeth, scans affected
by motion artefacts, and cases involving metal artefacts,
the model was not able to delineate the tooth bound-
aries as accurately as the ground truth. This suggests
that, although the model achieves satisfactory volumet-
ric overlap (as indicated by DSC), it still struggles with
boundary-level precision (as reflected by HD95. Another
parameter that evaluates the volumetric overlap between
the model’s segmentation output and the ground truth
is the IoU, which was calculated to be 0.74. The perfor-
mance metrics used to evaluate the success of the devel-
oped model, along with the results demonstrating the
model’s effectiveness in impacted canine segmentation,
are presented in Table 2. Additionally, Fig. 3 provides a
visual comparison between the manual segmentations
performed by experts and the automatic segmentations
generated by the nnU-Net v2-based model for impacted
canines. To generate 3D visualizations of the segmented
impacted canines presented in Fig. 3, the model’s pre-
dicted segmentation masks—initially obtained in NIfTI-
format—were imported into the 3D Slicer (version 5.6.1)
software platform. 3D Slicer is an open-source applica-
tion widely used in medical image analysis, offering tools
for visualization, segmentation, and export of volumetric
data across various formats [40]. Within the software, the
segmentation masks were first visualized using the “Show
3D” function under the Segment Editor module. Subse-
quently, the 3D surfaces were exported in STL format
using the “Export to files” option in the Segmentations
module.

Discussion

Image segmentation is an important step in the analy-
sis of medical images to identify and determine relevant
anatomical structures. Threshold-based segmentation
is commonly employed due to its simplicity; neverthe-
less, it lacks specificity because of the unstable grey val-
ues in CBCT images and is easily affected by artifacts
[41]. Furthermore, there exists a thresholding limitation
since a voxel is classified solely according to its intensity.
Consequently, distinguishing low-density or thin-layered
bone from the adjacent soft tissue is challenging [42].
Alongside the threshold-based segmentation procedure,
manual segmentation is an alternative method that can
be utilized. Nonetheless, this procedure requires many
hours and becomes exceedingly laborious and time-
consuming for practical and routine clinical applica-
tions [43]. These constraints cause a significant barrier
to the implementation of the segmentation process, a key
stage of image processing, in clinical 3D CBCT images.
Regarding the challenges associated with CBCT image
segmentation process, the three-dimensional segmenta-
tion of canines—an essential step in digital orthodontic
treatment planning—is similarly affected. Consequently,
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Table 1 Test set details and model performance based on quantitative and visual assessments

Test Set Jaw Eruption Status Artefact Dice Visual Performance Evaluation

Number Coefficient

#1 Maxillary Canine  Partially Erupted  Motion 0.72 The model's prediction was affected by motion artefacts and the

Artefact partial eruption of the canine.
#2 Maxillary Canine  Partially Erupted  No-Artefact 0.90 The model predicted the canine accurately.
#3 Maxillary Canine  Partially Erupted Motion 0.62 The model incorrectly predicted an inverted central incisor as
Artefact the impacted canine. Also, the canine apex extended between
the sinus and nasal cavity, causing incomplete labeling.

#4 Maxillary Canine  Fully Impacted ~ No-Artefact 091 The model produced a highly accurate prediction with no issues.

#5 Maxillary Canine  Fully Impacted ~ No-Artefact 092 Despite the presence of a nearby odontoma, the model pre-
dicted the impacted canine with high success.

#6 Maxillary Canine  Fully Impacted ~ Motion 0.79 Prediction was impaired due to motion artefacts.

Artefact
#7 Maxillary Canine  Fully Impacted ~ No-Artefact 092 The model accurately predicted the canine without any issues.
#8 Maxillary Canine  Partially Erupted  No-Artefact 0.56 The model failed to predict the crown-root junction of the
Mandibular Fully Impacted 088 maxillary canine, likely interpreting it as a fully erupted tooth.
Canine However, the mandibular canine was predicted successfully.

#9 Maxillary Canine  Fully Impacted ~ No-Artefact 0.85 There is crowding in the anterior mandibular region, causing
tooth #43 to appear slightly below the occlusal plane. As a result,
the model falsely predicted some portion of tooth #43 as an
impacted canine, although no actual impaction is present.

#10 Maxillary Canine  Fully Impacted ~ Metal Artefact  0.90 Despite metal artefacts from the RPE appliance and screws, the

#1 (RPE+screws) model successfully predicted the impacted canines.
Maxillary Canine  Fully Impacted 0.85
#2
Mandibular Fully Impacted 0.87
Canine
#11 Maxillary Canine  Fully Impacted ~ Motion 0.83 The prediction quality was reduced due to motion artefacts.
Artefact

#12 Maxillary Canine  Partially Erupted  No-Artefact 091 The model successfully predicted a small part of the crown that
had emerged from bone and the impacted part.

#13 Mandibular Full Impacted No-Artefact 0.88 The apex was near dense sclerotic bone, slightly affecting pre-

Canine diction; otherwise, prediction was excellent.
#14 Maxillary Canine  Full No-Artefact 092 The model produced a highly accurate prediction.
Impacted

Table 2 Metrics used to evaluate the performance of the nnU-

Net v2 model

Metrics Mathematic Formula Results Unit
True posi- 9998.285714285714  Voxel
tive (TP) Count
False posi- 2636.4285714285716 Voxel
tive (FP) Count
False nega- 1195.5714285714287 Voxel
tive (FN) Count
Recall TR/((TP+FN)) 0.90 Ratio
Precision TR/((TP+FP) 0.82 Ratio
Dice 2IANBI/((AI+181) 0.84 Ratio
Similarity

Coefficient

(DSQ)

95% dyi95(A, B) =max(dys(A, B), 7.07 mm
Hausdorff  dys(A, B)

Distance

(HD95)

Intersec-  (JAnB)/(JAUB)) 0.74 Ratio
tion over

Union (loU)

the development of an automated segmentation pro-
cess is necessary to enhance the efficiency of the clinical
workflow [33].

The effectiveness of computer-aided approaches for
identifying impacted canines utilizing imaging process-
ing techniques has been examined in a few earlier stud-
ies in the literature; nevertheless, the accuracy levels of
the methods produced in these studies are low. They are
highly vulnerable to variations in image quality, mak-
ing them unreliable for routine clinical practice and for
images acquired from several centers [44]. There is only
one study in the literature that specifically focuses on the
segmentation of impacted canines in three-dimensional
CBCT images. In their study, Swaity et al. [33] employed
a U-Net-based model and reported a nearly perfect
segmentation performance, with a DSC of 0.99 and an
exceptionally low HD95 value of 0.04 mm. In contrast,
the nnU-Net v2-based model developed in our study
achieved a DSC of 0.84 and a HD95 of 7.07 mm. These
discrepancies can be attributed to notable differences in
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Fig. 3 Comparison between expert-determined ground truth and model predictions in the segmentation of impacted canines, presented with three-

dimensional STL visualizations of the model-generated segmentations

both the methodological approaches and dataset charac-
teristics of the two studies. From a methodological stand-
point, Swaity et al. [33] fine-tuned a previously trained
model — initially designed for segmenting permanent
erupted teeth — by introducing impacted canine images.
In cases where the model failed to generate accurate
results, the outputs were manually refined by experts and
used for further training. This semi-automatic refine-
ment process, along with the use of an already opti-
mized model, likely contributed to their highly accurate
DSC and nearly flawless HD95 outcomes. In contrast,
our study intentionally included images with both metal
and motion artefacts, whereas Swaity et al. [33] only
included cases with metal artefacts, such as those caused
by orthodontic brackets, and explicitly excluded images
with motion artefacts. The inclusion of motion artefacts
in our dataset was a deliberate choice, as such artefacts
are commonly encountered in pediatric patients, where
repeated scanning is often avoided to reduce radiation
exposure [45, 46]. Therefore, we aimed to evaluate our
model’s robustness in more clinically realistic conditions.

Although Swaity et al. [33] stated that their dataset
included partially erupted canines, they did not specify
how many of the test cases fell into this category. In con-
trast, our study provides detailed information about the
test set in Table 1, showing that the DSC performance
significantly dropped in cases with motion artefacts,
while the model achieved DSC values exceeding 0.90
in fully impacted, artefact-free images. Furthermore,
unlike the previous study which only targeted maxillary
impacted canines, our investigation also included man-
dibular impacted canines. Our model demonstrated high
performance in these cases as well, achieving DSC values
approaching 0.90. It was able to successfully segment and
detect both maxillary and mandibular impacted canines
simultaneously within a single CBCT scan. This can be
observed in Case #10 in Table 1. In addition, a qualita-
tive demonstration of the model’s segmentation outputs
is provided in Fig. 4, illustrating how impacted teeth in
both jaws (maxillary and mandibular impacted canines)
were accurately segmented within the same CBCT vol-
ume of Case #10. Taken together, the relatively lower
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Fig. 4 Qualitative demonstration of the model simultaneously segmenting both maxillary and mandibular impacted canines in Case #10

DSC and higher HD95 values observed in our study can
be explained by the increased complexity and variabil-
ity of our dataset, as well as fundamental differences in
methodological design compared to the work by Swaity
et al. [33]. In addition to the presence of motion arti-
facts, other factors influencing the DSC value in this
study include the model’s misidentification of an inverted
impacted central tooth as an impacted canine in one
CBCT volume and the incorrect segmentation of a par-
tially impacted canine tooth as fully impacted in another
volume (Fig. 5). These errors negatively affected the per-
formance metrics, particularly the DSC and IoU values.
Nevertheless, despite these challenges, the model dem-
onstrated a high DSC value of 0.84.

In addition to impacted canines, only one other study
in the literature has addressed the segmentation of
impacted teeth. In their study, Sinard et al. [47] evaluated
the accuracy of four deep learning-based tooth segmen-
tation tools on CBCT volumes of patients with multiple
impacted teeth. Among these tools, Diagnocat and Den-
talSegmentator outperformed Relu and CephX across all
tested parameters. The reported DSC values ranged from
0.88 to 0.95. However, as their study did not report the

HD95, a direct comparison with our HD95 value could
not be made. Although Sinard et al. [47] used data from
syndromic patients, they did not mention whether any
artefacts were present in the CBCT scans. In this con-
text, the average DSC score of 0.84 obtained in our study,
demonstrates comparable results to artefact-free cases
reported in the literature. Moreover, our model achieved
clinically acceptable segmentation performance even on
images with artefacts. It is widely accepted in the liter-
ature that a DSC score above 0.70 indicates good over-
lap [48], and in our test set, all but one impacted canine
met or exceeded this threshold. Nevertheless, it should
be acknowledged that medical segmentation tasks often
demand DSC values higher than 0.70 to be considered
clinically reliable.

In addition to impacted teeth, numerous studies in the
literature have employed deep learning algorithms for the
automatic segmentation of normal teeth in CBCT scans.
A general review of these studies reveals that the DSC
values typically range from 0.90 to 0.97 [49]. Further-
more, there are studies focusing on the automatic seg-
mentation of teeth in CBCT images of pediatric patients
during the mixed dentition period—a stage in which both
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Fig.5 Examples of CBCT images that have a negative effect on the success of the model. A A deep learning model has incorrectly identified an inverted
impacted central tooth as an impacted canine. B A partially impacted canine tooth has been incorrectly identified as an impacted canine tooth

erupted and unerupted teeth are present. In one such
study, Yupeng Hu et al. [50] developed a segmentation
algorithm based on the nnU-Net architecture and evalu-
ated it on both internal and external datasets. The model
achieved high segmentation performance, with a DSC
of 0.96 on the internal dataset and 0.95 on the external
dataset. However, a review of the inclusion and exclusion
criteria in most of the existing studies reveals a common
tendency to exclude CBCT scans with motion or metal
artefacts. This is particularly significant in pediatric
populations, where maintaining stillness during CBCT
acquisition is challenging, often resulting in artefact-
laden scans. Our study was specifically designed with
this real-world scenario in mind, including such chal-
lenging cases, which differentiates it from the majority of
prior research. Consequently, the slightly lower DSC val-
ues reported in our study are to be expected and should
be interpreted in light of this context. Nonetheless, it is
noteworthy that in artefact-free scans and in cases of
fully impacted canines, the developed model achieved
high segmentation performance with DSC values exceed-
ing 0.90. Therefore, our study offers a unique contri-
bution to the literature by adopting a more clinically
realistic approach that has not been previously explored,
highlighting the model’s robustness in scenarios often
excluded from prior segmentation studies.

In this study, we developed an nnU-Net v2—based deep
learning algorithm capable of automatically segmenting
impacted canines with high DSC values even in artifact-
affected CBCT scans and achieving DSC values above
0.90 with only minimal errors in artifact-free scans. Such
performance enables potential integration into various
clinical scenarios and incorporation into digital dentistry
workflows, thereby reducing procedure times. With fur-
ther optimization and minor expert refinements, the
model has the potential to provide clinically acceptable,
real-world-ready segmentations, which could bring
meaningful changes to impacted-canine-related applica-
tions in digital dentistry. In particular, STL files generated
after automatic segmentation can be used to produce
3D-printed tooth replicas, which—when combined
with computer-aided design and manufacturing (CAD/
CAM)-fabricated surgical templates—may facilitate
guided autotransplantation by allowing the donor tooth
to be replicated precisely, tested in the recipient site pre-
operatively, and thereby reducing extraoral time. Addi-
tionally, in the surgical management of impacted canines,
patient-specific surgical guides can enable less invasive,
shorter, and more controlled extraction/exposure pro-
cedures [51]. In orthodontic planning, the 3D model can
reveal root orientation and crown-root relationships,
supporting preoperative decision-making through digital



Unal et al. BMC Oral Health (2025) 25:1927

simulation. It may also facilitate the design of custom-
ized orthodontic appliances or attachments [52]. There-
fore, the model we developed not only has the potential
to assist clinicians in CBCT interpretation of impacted
canines—by enabling the assessment of anatomical con-
figurations and root resorption—but also to enhance
efficiency in clinical digital dentistry workflows through
automated segmentation.

A key limitation of this study is that the CBCT images
used for both training and testing were sourced from a
single tomography device. This restriction may limit the
model’s generalizability to scans from other centers or
devices. This study evaluated the performance of only
a single deep learning model without comparing how
the performance might vary across multiple alternative
architectures. The lack of such comparisons with other
competitive deep learning approaches represents an
important limitation of our work. Additionally, the model
was exclusively trained and evaluated on CBCT images
of impacted canine teeth, which may have contributed to
the incorrect segmentation of an inverted central tooth
as an impacted canine. Expanding the model to include
multiclass training with CBCT volumes that encompass
supernumerary and other types of impacted teeth could
enhance its robustness in addressing these commonly
encountered scenarios in radiographic examinations.

Conclusion

Artificial intelligence models utilizing deep learning algo-
rithms based on nnU-Net v2 demonstrate performance
comparable to that of expert dentists in the segmentation
of impacted canine teeth in CBCT scans.
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