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on Cone-beam Computed
Tomography Using Deep
Convolutional Neuronal
Networks
ABSTRACT
Introduction: Cone-beam computed tomography (CBCT) is an essential diagnostic tool in
oral radiology. Radiolucent periapical lesions (PALs) represent the most frequent jaw lesions.
However, the description, interpretation, and documentation of radiological ﬁndings,
especially incidental ﬁndings, are time-consuming and resource-intensive, requiring a high
degree of expertise. To improve quality, dentists may use artiﬁcial intelligence in the form of
deep learning tools. This study was conducted to develop and validate a deep convolutional
neuronal network for the automated detection of osteolytic PALs in CBCT data sets.
Methods: CBCT data sets from routine clinical operations (maxilla, mandible, or both)
performed from January to October 2020 were retrospectively screened and selected.
A 2-step approach was used for automatic PAL detection. First, tooth localization and
identiﬁcation were performed using the SpatialConﬁguration-Net based on heatmap
regression. Second, binary segmentation of lesions was performed using a modiﬁed U-Net
architecture. A total of 144 CBCT images were used to train and test the networks. The
method was evaluated using the 4-fold cross-validation technique. Results: The success
detection rate of the tooth localization network ranged between 72.6% and 97.3%, whereas
the sensitivity and speciﬁcity values of lesion detection were 97.1% and 88.0%, respectively.
Conclusions: Although PALs showed variations in appearance, size, and shape in the CBCT
data set and a high imbalance existed between teeth with and without PALs, the proposed
fully automated method provided excellent results compared with related literature. (J Endod
2022;48:1434–1440.)
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Cone-beam computed tomography (CBCT) is widely used in dentists’ daily routine for various
indications, and its use continues to expand1. CBCT enables a signiﬁcantly more precise radiological
analysis. Studies have reported that in the case of periapical lesions (PALs), CBCT could detect 60.9%
and 91.3% of lesions compared to 39.5% and 69.5% by conventional periapical radiography,
respectively2,3. However, the interpretation and documentation of ﬁndings, especially incidental ﬁndings,
are time-consuming and resource-intensive and require a high degree of expertise1,4. Furthermore, in a
study by Leonardi Dutra et al5, rather varying intraobserver and interobserver agreements were reported
based on kappa values of 0.23–0.72 and 0.38–0.86, respectively. In the case of misinterpretation, both
local and systemic effects may substantially inﬂuence patients’ oral and general state of health6. To
improve treatment quality and patient safety, artiﬁcial intelligence, more precisely deep learning tools with
the application of different types of neuronal networks, has been used to improve various medical
ﬁelds7,8. Deep learning is a tool inspired by the neuronal meshes of the human brain and is the most
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promising technology in the ﬁeld of artiﬁcial
intelligence currently9. Moreover, different
artiﬁcial convolutional neuronal networks
(CNNs) have been developed, among which
AlexNet10, GoogLeNet11, and U-Net12 are the
most applied networks, which vary in technical
aspects, potential applications, and
performance. In comparison,
SpatialConﬁguration-Net (SCN)13,14 is less
widespread. In general, such networks consist
of artiﬁcial neurons representing a
mathematical function of biological neurons.
CNNs were specially constructed for spatially
structured images, as required for radiological
diagnostics. Because of the presence of more
than 1 hidden layer, they resemble the socalled deep CNNs10. CNNs are generally
trained in a supervised manner, where the
training data consist of training instances and
the corresponding ground truth labels with the
target to obtain accurate predictions on new,
previously unseen data9. Deep learning is
becoming an increasingly more consequential
instrument in dentistry15, aimed at reducing
the workload of professionals in a time of
constantly growing amounts of data, as well as
the rise of efﬁciency concerning the reading
and reporting of those data and an increase in
the precision concerning the interpretation of
ﬁndings16. Various dental applications with
promising results have been documented in
cariology17, endodontology18,
periodontology19, orthodontics20, or forensic
dentistry21. Although enface or intraoral
photographs are used for gingivitis detection22
or facial feature classiﬁcation23, deep learning
in dentistry is primarily related to radiological
imaging15,16. To date, most research has been
focusing on image segmentation and
anatomic landmark detection15,24. For
instance, Wang et al24 summarized a 2-mm
success detection rate of 74.84% for 100
cephalometric 2-dimensional images.
Meanwhile, Payer et al14 and Thaler et al25
reported improved success detection rates
(2-mm success detection rate,
76.00%–89.76%).
In the ﬁelds of oral radiology and
pathology, literature concerning the detection
of jaw lesions is rather modest. There are some
reports on the automatic detection and
differentiation of cystic jaw lesions26,27. For
instance, Lee et al26 included CBCT volumes in
addition to panoramic radiographs for
evaluating the automated detection of
radicular, kerato, and dentigerous cysts in their
research. Regarding the detection of PALs in
CBCT data sets, to the best of our knowledge,
only Setzer et al28, Zheng et al29, and Orhan
et al30 developed the CNN approach
concerning this issue. Despite promising
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methods, certain limitations can be found in
each of them.
Therefore, the aim of this study was to
develop and validate an optimized fully
automated deep CNN for the automated
detection and segmentation of PALs in routine
3-dimensional (3D) CBCT data sets.

MATERIALS AND METHODS
Ethical approval was provided by the local
commission (review board number 33-048 ex
20/21).

CBCT Data Set Selection
CBCT volumes from routine clinical operations
performed for different diagnostic indications
(ie, implant planning, radiological assessment
of impacted teeth, assessment of odontogenic
tumors or other lesions, and orthodontic
reasons) from January to October 2020 were
retrospectively screened and selected
according to the following criteria with
subsequent anonymization:
1. Field of view with a representation of the
entire dental arch (upper jaw, lower jaw, or
both)
2. No edentulism
3. Completed root development
4. An acceptable degree of scatter and/or
artifacts (exclusion of clinically insufﬁcient
interpretable data sets, ie, severe metal
artifacts inhibiting individual crown
visualization, and ghost effects/double
images due to long-motion artifacts)
All CBCT investigations were conducted
using Planmeca ProMax 3D Max (Planmeca,
Helsinki, Finland) with a ﬁeld of view of
10.0 ! 5.9 cm or 10.0 ! 9.3 cm, covering at
least 1 complete dental arch, with a 200-mm
voxel size (96 kV, 5.6–9.0 mA, 12 s), which is
labeled as “normal” mode by the
manufacturer. An initial data set screening was
performed on an MDNC-2221 monitor
(resolution 1600 ! 1200; size 432 ! 324 mm;
59.9 Hz; Barco Control Rooms GmbH,
Karlsruhe, Germany) using the Planmeca
Romexis software (Planmeca, Helsinki,
Finland).

CNN Architecture
The method for automated PAL detection was
developed, trained, and validated in a
multistage process using neural networks
(Fig. 1). Due to current graphics processing
unit memory limitations, 3D CBCT images
cannot be directly processed at their original
resolution. Moreover, reducing the resolution
would lead to the loss of details in images,
which would primarily affect the detection of
small lesions. Therefore, the SCN14 was ﬁrst

trained to automatically detect all teeth present
in an input image at a low resolution. Then,
based on the detected tooth coordinates, the
tooth regions were automatically cropped from
the input image at a high resolution and fed into
the modiﬁed U-Net for segmentation. Finally,
the modiﬁed U-Net was trained to produce
segmentation maps for all extracted tooth
regions from the input image in the original,
high resolution.
The SCN is a landmark localization
network consisting of 2 components—local
appearance and spatial conﬁguration—
trained to produce heatmap images of teeth
in an end-to-end manner. The predicted
coordinates were generated directly from the
predicted heatmap images, where a
predicted coordinate for a speciﬁc tooth was
deﬁned as a coordinate with the highest
intensity value in a predicted heatmap image
for that tooth. Next, the ground truth data
were generated using the open-source
program Medical Imaging Interaction Toolkit,
where each missing tooth or a tooth that
could not be detected in the CBCT image
was annotated with the coordinate (21, 21,
21). Otherwise, the coordinates
corresponded to the tooth locations in the
3D CBCT images.
The semi-automatic weighted total
variation31 framework was used to create the
ground truth segmentation of lesions for
training the modiﬁed U-Net. Several contours
in the image region affected by a PAL were
marked as an input. Based on these input
contours, the total variation software
segmented the affected regions automatically
over iterations using the energy functional
parameters a 5 50, b 5 15, and g 5 0.55.
Such segmentation was followed by a manual
veriﬁcation and, if necessary, an adaption in
the open-source software program ITKSNAP32 by an oral surgeon specializing in oral
radiology. The presence of a PAL was deﬁned
as an interruption of the lamina dura, with a
periapical radiolucency diameter of .0.5 mm,
according to the periapical index score
described by Estrela et al3.
The ground truth segmentation images
used for training the modiﬁed U-Net were
cropped together with the original images for
each present tooth and fed into the modiﬁed
U-Net. Considering an average size of a tooth
and a variation in the tooth detection step,
each image was resampled to an isotropic
voxel size of 0.4 mm using trilinear
interpolation and cropped to a size of [64, 64,
64]. The center of a cropped image resembled
the coordinate of a particular tooth predicted
by the SCN. Moreover, each image was
translated in the direction of the root tips by
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FIGURE 1 – Schematic diagram of the method. A 3D cone-beam computed tomography (CBCT) volume of a complete dental arch was used as input to the SpatialConﬁguration-Net
(SCN). The network was trained to predict the coordinates of each tooth in an input volume, represented by the yellow points. A gray-dashed arrow represents a cropping procedure
performed on all detected teeth. For simplicity, only the cropping of one detected tooth is shown in this ﬁgure. A cropped region of the detected tooth, where the center of the region
corresponds to the predicted coordinates of the tooth, was used as an input to the U-Net. Then, the network was trained to produce a segmented volume, in which the detected lesion
was visualized with a red label. Details of the SCN architecture have been described by Payer et al14, and we modiﬁed the U-Net architecture proposed by Ronneberg et al12 such that it
is optimized for 3D segmentation.
ﬁxed factors, ensuring that the entire roots of a
tooth are visible in the cropped image.
The modiﬁed U-Net architecture
consisted of 5 levels. Each convolutional layer
had a kernel size of [3, 3, 3] and 16 ﬁlter
outputs. Two convolutional operations
followed by a downsampling layer were
applied in the contracting path, where average
pooling was performed. In the expansive path,
each upsampling layer performed trilinear
interpolation followed by 2 convolutional
operations. A dropout of 0.3 after each
convolutional layer was included. All layers had
a ReLu activation function, except the last one,
where the sigmoid activation function was
removed to obtain logits instead of
probabilities as the output of the network. The
voxels in each output image lay in the range
[2N, 1N]. A threshold value of 0 was applied
to an output image to reproduce a ﬁnal
prediction segmentation map. All voxels with a
negative value in an output image belonged to
the background, whereas all voxels with a
nonnegative value belonged to the foreground
in the ﬁnal prediction segmentation map. In
addition, bounding cuboids were used to
perform tooth- or lesion-based evaluations.
The network was trained with the focal loss
function33, whereas focal Tversky loss34 and
combo loss function35 were also applied for
comparison purposes. All 3 loss functions
were speciﬁcally designed to deal with class
imbalance problems. The parameters of the
loss functions were set as follows: as the lesion
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voxels in each cropped image occupied
,10% of a volume, causing a high imbalance
between positive and negative voxels, the
weighting factors a and b were set to 0.9 in the
corresponding loss functions to control the
class weights. The parameter g, which
controls the downweighting of examples of the
majority class, was treated as a
hyperparameter and set to 2.0 in the focal loss
and focal Tversky loss functions. In the combo
loss function, g was set to 0.5 to control the
contribution of separate loss functions.

were used for training the U-Net.
Approximately 10% of teeth were affected by a
PAL in each fold. The training and testing of the
model were performed using an Intel(R) CPU
920 with an NVIDIA GeForce GTX TITAN X.
The CNNs were run on the operating system
Ubuntu 20.04 with Python 3.7 and TensorFlow
1.15.0. The inference time of the tooth
localization network for a CBCT volume was
approximately 15 s, whereas the inference
time of the segmentation network, including
the cropping procedure, was approximately 2–
3 minutes.

Training and Validation
A total of 144 CBCT volumes were selected,
comprising 54 scans of only the lower jaw, 74
of only the upper jaw, and 16 of both jaws,
which resulted in a total of 2128 teeth (206 with
the presence of PALs and 1922 without the
presence of PALs) that were used for training
and testing procedures.
Both networks were trained and tested
using the 4-fold cross-validation technique.
For tooth localization using SCN, 144 3D
CBCT scans were divided into 4 folds with 36
volumes each. Thus, in each run, a different
fold with 36 volumes was used for testing, and
the 3 remaining folds were used for training the
SCN. Concerning the detection of PALs using
the U-Net, the 2128 cropped tooth scans were
divided into 4 folds, over which 206 osteolytic
lesions were distributed uniformly. In each run,
a different fold with 532 tooth volumes was
used for testing, and the 3 remaining folds

Evaluation Metrics and Statistical
Analysis
Regarding tooth detection, the point-to-point
error metric (PE) was used to calculate the
Euclidean distance between ground truth and
predicted landmarks. In addition, the
image-to-point error metric, deﬁned as the
mean value of the point-to-point errors of all
landmarks in a scan, was calculated. The
accuracy of the tooth detection network was
deﬁned as the percentage of correctly
identiﬁed landmarks over all predicted
landmarks14,36. A landmark was identiﬁed
correctly if the closest ground truth landmark
was the correct one and the PE to the ground
truth landmark was less than a speciﬁed
radius r.
The overlap between the ground truth
and predicted segmentation maps was
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evaluated using the dice score (DSC), true
positive rate (TPR), and false negative rate
(FNR). The TPR was deﬁned as the overlap
only in the area of the ground truth lesion, and
the FNR was deﬁned as 12TPR. Concerning
the precision of lesion detection, the sensitivity
and speciﬁcity metrics were deﬁned as True
Positive (TP)/(TP 1 False Negative [FN]) and
True Negative (TN)/(TN 1 False Positive [FP]),
respectively, to calculate the number of teeth
with/without lesions that were correctly
predicted. A predicted segmentation map for a
tooth with a lesion was classiﬁed as a TP if the
DSC between the ground truth and predicted
segmentation map was .0; otherwise, the
predicted segmentation map was classiﬁed as
an FN. A predicted segmentation map for a
tooth without a lesion was classiﬁed as a TN if
all voxels in the predicted segmentation map
were 0; otherwise, the predicted segmentation
map was classiﬁed as an FP.

RESULTS
Both the SCN for automatic tooth localization
and the modiﬁed U-Net for lesion detection/
segmentation networks were evaluated over 4
cross-validations.
Using a radius of 6 mm for deﬁning the
correctly identiﬁed landmarks, the SCN
achieved an average accuracy of 97.3%. More
speciﬁcally, for 97.3% of predicted teeth, the
closest ground truth landmark was the correct
one, and the PE to the ground truth landmark
was ,6 mm. For radii of 4, 3, and 2 mm, the
achieved average accuracy values were
94.7%, 89.1%, and 72.6%, respectively. In
addition, a mean PE of 1.74 6 1.44 mm and a
mean image-to-point error metric of
0.81 6 0.44 mm were achieved. For the
modiﬁed U-Net trained with focal loss, the
obtained mean values of sensitivity and
speciﬁcity metrics were 0.97 6 0.03 and
0.88 6 0.04, respectively. Speciﬁcally, 97.1%
of lesions were detected (TP), 2.9% of lesions
were missed (FN), 88% of teeth without lesions
were predicted as TNs, and 12% of teeth
without lesions were predicted as FPs. For
segmentation, the corresponding mean values
obtained for the overlapping metrics TPR,
FNR, and DSC were 80.9% 6 3.21%,
19.1% 6 3.21%, and 66.5% 6 3.28%,
respectively. Figure 2 shows examples for the
segmentation results of different lesions.
For comparison, when focal Tversky
loss was used instead of focal loss, the
sensitivity and speciﬁcity of the detection
results were 92.2% 6 5.06% and
88.5% 6 0.79%, respectively. The
segmentation results of focal Tversky loss in
terms of TPR, FNR, and DSC were
82.6% 6 7.02%, 17.4% 6 7.02%, and
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70% 6 3.56%, respectively. For combo loss,
the sensitivity and speciﬁcity of the detection
results were 85.4% 6 3.87% and
93.7% 6 2.09%, respectively. The
segmentation results of combo loss in terms of
TPR, FNR, and DSC were 70% 6 3.43%,
30% 6 3.43%, and 70% 6 3.56%,
respectively.

DISCUSSION
This study evaluated a deep CNN algorithm for
the automated detection and segmentation of
PALs in CBCT volumes. In our opinion, the
application of deep learning for detecting
periapical radiolucent lesions is indeed of high
clinical relevance. Moreover, we believe that it
could essentially support dentists with their
reporting work to save time, improve early
detection, prevent overlooking lesions as
incidental ﬁndings within large CBCT volumes,
and increase safety for both dentists and
patients. We are also convinced that both
identiﬁcation and segmentation of volumes are
beneﬁcial in dental surgery, for example, for
surgery planning or healing assessment of
lesions. This, in turn, could help with treatment
planning decisions, for example, regarding
nonsurgical versus surgical retreatment versus
extraction. In addition, when the accuracy of
artiﬁcial intelligence–based techniques is
conﬁrmed to be reliable, they can be used in
education and training. Thus, recent graduates
and inexperienced dentists could obtain
immediate feedback from the deep CNN
without the need of direct supervision by senior
staff members.
When we compare related
literature26,28–30 with our work, the study
conducted by Lee et al26 is least assimilable
and rather not representative of our research
question regarding PAL detection. The
authors26 included a large number of 986
CBCT scans in addition to 1140 panoramic
radiographs from 247 patients, but their focus
was on different odontogenic jaw cysts. As is
the nature of such pathologies, radiolucencies
were broadly extended, which is different from
PALs and due to this reason leads to
incommensurable results. Moreover, in their
study, all images were cropped and resized
and ﬁnally fed as 2-dimensional slices into
GoogLeNet Inception-v3, resulting in 96.1%
sensitivity and 77.1% speciﬁcity26.
However, consistent with our approach
are the studies conducted by Setzer et al28,
Zheng et al29, and Orhan et al30. Both Setzer
et al28 and Zheng et al29 used 20 selected 3D
CBCT images, where each image resembled a
limited ﬁeld of view of 40 mm in diameter and
height with a voxel size of 125 mm, containing
roots with at least one PAL. Orhan et al30 used

volumes from 109 patients, including 153 PAL
images, with varying ﬁeld of views from 50 to
100 mm in diameter and a voxel size ranging
from 75 to 200 mm. Nevertheless, we obtained
our CBCT volumes from 144 patients,
including a cross section of 206 PALs different
in shape and size. CBCTs were taken for
different indications, and not only endodontic
reasons, including at least 1 jaw, and had a
resolution of 200 mm, which is, concerning the
labeling mode and case number, rather
comparable with the study of Orhan et al30 and
quite different from those of Setzer et al28 and
Zheng et al29.
Regarding the technical approach of
Setzer et al28 and Zheng et al29, as ground
truth, PALs, and surrounding structures were
semiautomatically segmented, followed by
manual revision.
Finally, 5 representative slices rather
than the actual 3D image were used to create a
volume sent as input data to feed a 3D U-Netbased network. Moreover, to address the
technical challenge of utilizing 3D images in a
neural network, Setzer et al28 performed 5-fold
cross-validation with four images in each of the
1 testing and 4 training groups, whereas 4-fold
cross-validation with 5 images in 1 testing and
3 training groups was performed by Zheng
et al29. Thus, Setzer et al28 reported 93%
sensitivity and 88% speciﬁcity concerning
lesion detection, whereas Zheng et al29
reported 84% sensitivity.
Conceptually, the approach in this study
is most similar to that reported by Orhan
et al30. In their test assembly, CBCT images
were uploaded into a deep CNN following a 2step approach with ﬁrst tooth detection and
second lesion detection, resulting in 92.8%
sensitivity. However, in their work, the
imbalanced ratio between teeth with and
without PALs, as well as the variations in the
volume of PALs and the surrounding region,
was not considered, which may have
hampered their results.
In the present study, we developed and
validated an optimized, fully automated deep
CNN for the automated detection and
segmentation of PALs with a sensitivity of
97.1%, which is an increased sensitivity in
comparison with related works28–30, and a
speciﬁcity of 88%, which is equal to that
obtained by Setzer et al28 who used different
data sets than those used in our study. To
detect PALs in CBCT scans with a large ﬁeld of
view in a fully automated manner, our end-toend approach takes a 3D CBCT volume as an
input and provides a detected and segmented
PAL region as an output. This was essential for
handling the small PAL volumes as the ﬁrst
step can be conducted on a low image
resolution, whereas in the second step, when
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FIGURE 2 – Visualization of lesion detection/segmentation results for a selected cross-section. The ﬁrst column shows four examples of test images with lesions. The last column
shows the overlap between the corresponding ground truth and prediction segmentation maps. Dice score (DSC) values can range between 0, which represents no overlap, and 1,
which represents a perfect overlap. High DSC values of 86.7% and 79.2% were obtained for the test images in the ﬁrst and second rows, respectively. Lower DSC values of 53.7% and
46.9% were obtained for the test images in the third and fourth rows, respectively. For images with smaller lesions, the differences between predicted and ground truth segmentation
maps had a larger impact on the DSC value.

PALs are detected and segmented, the region
with high resolution is cropped around
detected teeth.
In our work, special attention was given
to the amortization of class imbalances
because only a small portion of 3D CBCT
images was occupied by lesions. Thus, class
imbalances represent a common problem in
medical image detection/segmentation tasks,
which are not considered by conventional loss
functions, such as cross-entropy loss, dice
loss, and mean squared error37,38. The
imbalance between 10% of teeth affected by
PALs and 90% of unaffected teeth in the
training and testing sets had to be addressed.
Moreover, the class imbalance owing to a PAL
occupying only a small image region in the
cropped CBCT image of a tooth was
presented. When the parameters of 3 different
loss functions (focal loss, focal Tversky loss,
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and combo loss) were employed, examples of
the minority class, considered difﬁcult to
detect, and examples of the majority class,
considered easy to detect, could be
reweighed. Respectively, it was
demonstrated that the focal loss function dealt
best with the class imbalance problem of the
data set, achieving excellent results in PAL
detection in CBCT scans. The segmentation
results of our method are consistent with those
reported by Setzer et al28. However, the test
data sets differ in resolution and volume
compared with the presented work. By
observing the predictions for individual
lesions, we noticed that the mis-segmentation
was primarily related to PALs with a very
small or large volume. In images with very
small lesions, minor differences between
predicted and ground truth segmentation
maps had a large impact on the DSC value.

Moreover, there were a few images in
which the network unexpectedly did not
predict a lesion. This may be due to the
poor contrast in CBCT images and the varying
shape and appearance of lesions, which
are considered as challenging factors in
general.
Regarding the limitations of our datadriven approach, the modest case number of
144 volumes has to be taken under
consideration. In contrast, owing to the
extended ﬁeld of view, we included 2128 teeth,
which is an overall remarkable number and far
exceeds the case number mentioned in related
studies28,29. Another limitation of this study
was the usage of the supervised learning
approach16, which made ground truth
annotation of PALs necessary. This was done
semiautomatically with an optional manual
adaption by a single expert. Regarding the
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advanced knowledge of this person in oral
radiology and structure segmentation, a
multieye principle, in contrast to Setzer et al28,
or a second check from the same investigator,
in contrast to Orhan et al30, was not applied.
Moreover, similar to previous studies28–30,
exclusively adult teeth with ﬁnished apex
development were included in our study.
Healthy immature teeth showing a radicular
radiolucency due to the presence of the root
developing apical papilla may not have been
successfully differentiated from diseased teeth
with PALs. The lesion segmentation in our
method depends on tooth localization. In the
case of tooth misdetection, the follow-up
segmentation of the lesion is not feasible.
However, to minimize the risk of misdetection,
we used a highly accurate deep learning

approach for landmark localization14 with a
success rate of 97%.
In conclusion, the proposed fully
automated method provided excellent results,
although we included larger ﬁeld of view
volumes with a different resolution compared
with related studies28–30. Moreover, PALs
showed variations in appearance, size, and
shape, and there was a high imbalance
between positive and negative class examples.
Therefore, we cautiously conclude that our
method may be acceptable for testing it under
clinical conditions. This should hopefully lead
soon to the next step of applying the
developed approach within a prospective
study. Unfortunately, in the present situation,
direct comparability to the related literature is
not possible because other discussed

approaches28–30, and our methods were not
evaluated on the same database.
Nevertheless, we strongly believe that our
results will provide a sufﬁcient basis for future
developments, such as those concerning the
inclusion of immature teeth.
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