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Abstract

Objectives: The study aims to develop an artificial intelligence (Al) model based on nnU-Net v2 for automatic maxillary sinus (MS) segmentation
in cone beam computed tomography (CBCT) volumes and to evaluate the performance of this model.

Methods: In 101 CBCT scans, MS were annotated using the CranioCatch labelling software (Eskisehir, Turkey) The dataset was divided into
3 parts: 80 CBCT scans for training the model, 11 CBCT scans for model validation, and 10 CBCT scans for testing the model. The model training
was conducted using the nnU-Net v2 deep learning model with a learning rate of 0.00001 for 1000 epochs. The performance of the model to
automatically segment the MS on CBCT scans was assessed by several parameters, including F1-score, accuracy, sensitivity, precision, area
under curve (AUC), Dice coefficient (DC), 95% Hausdorff distance (95% HD), and Intersection over Union (loU) values.

Results: F1-score, accuracy, sensitivity, precision values were found to be 0.96, 0.99, 0.96, 0.96, respectively for the successful segmentation
of maxillary sinus in CBCT images. AUC, DC, 95% HD, loU values were 0.97, 0.96, 1.19, 0.93, respectively.

Conclusions: Models based on nnU-Net v2 demonstrate the ability to segment the MS autonomously and accurately in CBCT images.

Keywords: artificial intelligence; computer modelling; deep learning; CBCT; maxillary sinus.

Introduction

The maxillary sinus (MS) is the largest of the 4 paranasal
sinuses and the first to develop. The MS, a pyramid-shaped cav-
ity, is bounded by 6 walls and shares borders with critical ana-
tomical structures due to its location. The upper wall is
bordered by the orbital cavity and infraorbital complex, the an-
terior wall by the infraorbital foramen and anterior superior al-
veolar canal, the posterior wall by the pterygopalatine fossa
containing important vascular and neural structures, the lateral
wall by the infratemporal fossa and posterior superior alveolar
canal, and the inferior wall by the alveolar process and the roots
of the maxillary teeth."

Accurate visualization of the MS is crucial for precise diagno-
sis of symptomatic and nonsymptomatic MS pathologies, as
well as for successful sinus surgical procedures in maxillofacial
surgery.” The MS is of concern for various dental procedures,
ranging from tooth extraction to implant placement, due to its
proximity to the alveolar ridge and teeth. When assessing sinus

status and margins during diagnosis and treatment planning,
cone beam computed tomography (CBCT) is the most suitable
imaging modality due to its 3D imaging capability.’ Panoramic
radiography (PR) and computed tomography (CT) are other im-
aging techniques commonly used in the evaluation of the maxil-
lary sinus. PRs are commonly used due to their convenience and
low radiation dose but can be difficult to interpret due to super-
imposition in the MS region.* When the sinus floor is in close
proximity to the roots of the teeth on the buccal or palatal side,
the roots may appear to be inside the sinus on panoramic radio-
graphs.” Additionally, panoramic radiography has demon-
strated poor performance in detecting sinus membrane
thickening,® sinus septum,” or oroantral communication after
tooth extraction.® Moreover, anatomical variations of the max-
illary sinus may be misidentified as radicular cysts on panoramic
radiographs, leading to undesired “false positive” evaluations.”
While CT has traditionally been the preferred method for pre-
operative examination of the MS before implant placement,
CBCT is becoming increasingly popular due to its low-dose,
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Figure 2. Model pipeline of automatic maxillary sinus segmentation.

high-resolution capabilities. CBCT is

particularly useful for

evaluating implant sites, especially in complex cases that require
3-dimensional images. In certain clinical scenarios, CBCT offers

advantages over conventional PRs and
and magnetic resonance

CT scans.*'? After CT

imaging transformed the way

257

otolaryngology and head and neck radiology imaged the MS,
the dental profession’s adoption of CBCT has revolutionized

the investigation of the maxillofacial region."

Segmenting organs and tissues to create 3-dimensional mod-
els is a useful technique for diagnosis, surgical planning, and
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Figure 4. The nnU-Net v2 model algorithm.

simulation.! This technique is also applicable to the MS, which
plays a significant part in oral and maxillofacial surgery.
Segmentation of the MS enables accurate measurement of its
volume, providing clinicians with quantitative insight into
changes caused by cysts and tumours. In addition, accurately
segmenting of the MS provides valuable guidance for clinicians
when planning sinus lift elevation during implant surgery.'?
Although manual segmentation can be used for this purpose, it
is time-consuming and dependent on the practitioner’s experi-
ence due to high inter and intra-observer variability on CBCT
images.'®> While semiautomated segmentation is generally more
successful and easier to perform than manual segmentation, it
still requires manual adjustments that may cause errors.'*
Moreover, segmentation of the MS on CBCT images is not an
easy task due to CBCT-related reasons such as image noise, low
soft tissue contrast, beam hardening artefacts and lack of abso-
lute Hounsfield unit calibration. Furthermore, segmenting the
MS can be a difficult task, particularly for nonspecialists, due to
its close proximity to the nasal passages and tooth roots,
anatomical variations, and frequent thickening of the sinus
mucosa.”> To overcome this issue, many studies have been
reported to develop MS segmentation methods using computer-
aided diagnosis systems and convolutional neural networks
(CNNs) have emerged as preferred method for segmentation
due to their high-quality results.'*'® In 1 study, Jung et al'”
used Neural Networks U-Net (nnU-Net) to differentiate be-
tween air and lesions in the maxillary sinus on CBCT. In an-
other study, Choi et al'* developed a U-Net algorithm to

MaxPooling (2x2 )
256
UpSampling (2x2 ) + Conv (3x3) + BN + ReLU

automatically segment the maxillary sinus at varying levels of
clarity and haze on CBCT. Morgan et al'® also created a novel
automatic U-Net method for maxillary sinus segmentation
on CBCT.

One of the CNNs is nnU-Net v2, a deep learning-based
segmentation method that is open source and automatically
configures itself, including preprocessing, network architec-
ture, training and postprocessing, to achieve competitive
results without the need for expert knowledge.'® To our
knowledge, no previous study has evaluated automatic MS
segmentation using nnU-Net v2. The objective of this study is
to develop a CNN algorithm using nnU-Net v2 architecture
and to evaluate its performance in automatically segmenting
the MS on axial CBCT images.

Methods

Study design

In this retrospective study, a nnU-Net v2 based algorithm was
developed using the Pytorch library at Python for the automatic
segmentation of the MS in CBCT volumes. In this study,
Checklist for Artificial Intelligence in Medical Imaging
(CLAIM) and Standards for the Reporting of Diagnostic
Accuracy Studies (STARD) Checklist were followed for prepar-
ing the manuscript. The noninterventional Clinical Research
Ethical Committee of Eskisehir Osmangazi University approved
the study protocol (decision no. 04.10.2022/22). The study was
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Table 1. Metrics used to evaluate the performance of the nnU-Net v2 model, and the results obtained.

Metrics Definition Mathematic formula Results
True positive (TP) At least 50% of the voxels intersect between the 11377647
automatic segmentation algorithm and the
ground truth.
False positive (FP) At least 50% of the voxels of the automatic 338009
segmentation algorithm do not intersect with the
ground truth.
False negative (FN) At least 50% of the voxels of the ground truth 432827

do not intersect with the results of the automatic

segmentation algorithm.
Accuracy

Measures the overall correctness of predictions

TP/(TP4-FP+FN) 0.9993357789286772

made by a model. It is the ratio of correctly
predicted instances to the total number of
instances in the dataset. A higher accuracy value
signifies that the model has made a greater
proportion of correct predictions among all

instances in the dataset.
Sensitivity (Recall)

Measures the algorithm's capacity to capture

TP/(TP + FN) 0.9631128066389163

and correctly classify actual positive instances.
Higher sensitivity values indicate a heightened
ability of the algorithm to successfully detect

positive instances within the dataset.
Precision

It measures the proportion of instances predicted

TP/(TP + FP) 0.9664285426968607

as positive that are truly positive. A higher
precision value indicates that the model is

making fewer false positive predictions.
This provides a balance between precision and

F1-score

2TP/(2TP + FP + FN) 0.9619632388942536

recall. The F1 score is a measure of this balance,
with a higher score indicating better overall

performance of the model.
Dice coefficient (DC)

Set A typically represents the pixels marked as
part of the predicted segmentation by an

2|ANB|/(|A|+|B|) 0.9643270665242655

algorithm, and Set B represents the pixels
marked as the ground truth. The intersection is
the number of overlapping pixels between the
predicted and true segmentations. 0 indicates

complete dissimilarity and 1 indicates

complete similarity.
95% Hausdorff distance
(95% HD) (mm)

Measures the distance between the furthest point
in 1 set and the nearest point in the other set,

dros(A, B)=max(dys(A, B),
dos(A, B))

1.1903930636472058

and conversely. A lower value indicates a better
spatial correspondence between the prediction

segmentation and the ground truth.
Intersection over Union (IoU)

Measures the degree of overlap between the

(|JANB|)/(JAUB|) 0.9318588092908401

predicted and ground truth regions. 0 indicates
no overlap between the predicted and ground
truth regions, and 1 indicates perfect overlap.

conducted in accordance with the principles of the Declaration
of Helsinki.

Sample size calculation

Based on the power analysis conducted to determine the sam-
ple size, it was concluded that reliable results could be
obtained with 101 cases using a paired 2-sample #-test, with
95% power and a 5% margin of error, and an effect size of
dz=0.31 (Figure 1).'%*°

Patient selection

In the study, CBCT volumes obtained from individuals hav-
ing healthy MS with no inflammatory findings were included
from the radiology archive of the Department of Oral and
Maxillofacial Radiology of Eskisehir Osmangazi University.
The study excluded radiographic images that contained

motion artefacts, metal artefacts, or those in which the af-
fected area could not be accurately selected for MS segmenta-
tion. No differences were observed in age, gender, or
ethnicity, and the data was anonymized before uploading
into the labelling system.

Radiographic dataset

The scans were acquired using a Planmeca Promax 3D Mid
CBCT device (Helsinki, Finland) with a field of view (FOV)
of 23x17.3cm and 0.400mm voxel size. The acquisition
parameters were 94 kVp, 14 mA, 360° rotation and 27's ex-
posure time. The patient data was converted to volumetric
data and exported in DICOM file format, and can be viewed
in sagittal, coronal, and axial slices. Although the spacing be-
tween the slices in the CBCT volumes was 0.2 mm, the vol-
umes were exported at 1 mm intervals to avoid affecting the
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Prediction

Figure 5. The automatic segmentation of the maxillary sinus utilizing the artificial intelligence model in axial CBCT slices.

model’s performance, as neighbouring slices would be simi-
lar. The DICOM files were converted to the Neuroimaging
Informatics Technology Initiative (NIfTT) format using a spe-
cial code developed by the CranioCatch Software Team in
Python programming language, with Pydicom, Nibabel, and
Opency libraries.

Ground truth

The CranioCatch Annotation Tool (CranioCatch, Eskisehir,
Turkey) was used to label the MS on the axial CBCT volumes
using a polygonal box segmentation technique. The ground
truth was determined by the consensus of 2 experts in oral
and maxillofacial radiology (N.S.E. and R.A.H.), both with
at least 5 years of experience on CBCT. After the completion
of all annotation process, labels were checked by seniors (at
least 10 years’ experience) oral and maxillofacial radiologist
(L.S.B. and K.O.) with the exact agreement on all labels.

Data split

A total of 101 anonymized CBCT volumes with DICOM files
were converted to NIfTT file format. The dataset was sepa-
rated into the training (80%), validation (10%), and testing
(10%) groups randomly.

1) Training group: 80 CBCT volumes
2) Validation group: 11 CBCT volumes
3) Test group: 10 CBCT volumes

Development of the nnU-Net v2 based CNN model

The automated MS segmentation algorithm, based on nnU-Net
v2, was developed in the Python environment (v3.6.1; Python
Software Foundation, Wilmington, DE, USA) using the
PyTorch library. The model underwent training for 1000
epochs with learning rate of 0.00001 (Figure 2) Mathematical
processing in the model’s training was performed with a Dell
PowerEdge 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 Dentistry Faculty Dental-Al
Laboratory, (Appendix).

The nnU-Net v2 workflow

The nnU-Net pipeline utilizes the heuristic rule to determine
data-dependent hyperparameters, known as “data finger-
prints,” to retrieve training data. The pipeline fingerprints are
formed by combining the plan parameters (loss function, opti-
mizer, architecture) and inference parameters (image resam-
pling, normalization, batch, and patch size) with the data
fingerprint. These pipeline fingerprints generate network train-
ing for 2D, 3D, and 3D Cascaded U-Net using the hyperpara-
meters determined thus far. The combination of various
network configurations, along with postprocessing techniques,
determines the optimal average “Dice coefficient” for the
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Figure 6. The nnU-Net v2 model was used to automatically segment the
maxillary sinus, followed by a reconstruction process.
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training data. The most effective configuration will then be uti-
lized to produce predictions for the test data'® (Figure 3).

The advantages of the nnU-Net v2 compared to
older models

nnU-Net (Neural Networks U-Net) is an image segmentation
model widely used in medical imaging applications. It is an en-
hanced version of the U-Net architecture that includes several
important innovations, such as multiimage scaling, different
data augmentation methods, and various loss functions. A key
feature of nnU-Net is its configurability for a wide range of
medical image segmentation problems. This allows for the
creation of custom models tailored to specific data types, dimen-
sions, and segmentation objectives. nnU-Net is a deep learning
model that builds on the original U-Net architecture and
incorporates several important innovations, including:

1) Curly Paths: nnU-Net introduces curly paths to the U-Net
architecture, which are new connections that shorten the
path between the output and input. This results in im-
proved gradient flow during training and better outcomes.

2) Dense Curly Paths: nnU-Net densifies curly paths,
allowing for deeper models and more feature maps,
resulting in higher performance.

3) Adaptive Skip Connections for Larger Scales: nnU-Net
introduces adaptive skip connections for larger scale
images. This mechanism generates feature maps that
cover a larger area for higher resolution images, result-
ing in improved outcomes.

4) Loss Functions at Image and Voxel Level: nnU-Net aims
to achieve better results by using loss functions at both the
image and voxel levels. This approach provides accurate
results not only at the image level but also at the pixel or
voxel level. nnU-Net achieves higher performance than the
original U-Net due to these innovations.'® This study
evaluates the effectiveness of nnU-Net v2 in automatically
segmenting MS (Figure 4).

Metrics for the model’s performance

The model’s performance in the automated segmentation of the
MS on the axial CBCT scans was evaluated with Fl-score,
accuracy, sensitivity, precision, and area under curve (AUC)
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values. In addition, Dice coefficient (DC), 95% Hausdorff
distance (95% HD), Intersection over Union (IoU) were mea-
sured (Table 1). The model’s result was considered successful if
the prediction and the ground truth intersected by more than
50% in each individual image slice. The true positive (TP), false
positive (FP), and false negative (FP) results were determined for
calculating the performance metrics. The definitions and the
formulas for calculating the model’s performance are described
in Table 1.

Results

The algorithm based on nnU-Net v2 successfully predicted vox-
els belonging to the maxillary sinus with more than 50% inter-
section in almost all samples (Figures 5 and 6). The F1-score,
accuracy, sensitivity, and precision values were found to be
0.96, 0.99, 0.96, and 0.96, respectively, indicating successful
segmentation of the maxillary sinus in CBCT scans. DC, 95%
HD, IoU values were 0.96, 1.19, 0.93, respectively. Table 1
presents the study results along with metric descriptions.
The AUC value was found to be 0.97 (Figures 7-9).

Discussion

The use of Al in various fields, including medicine, is increasing
due to innovations in deep learning technology. Deep learning
algorithms have successfully addressed clinical problems in
medicine, opening opportunities for their application in
dentistry.”" Al is employed across various dentistry domains to
predict specific treatment outcomes and assist in diagnosis and
treatment planning, particularly in dentomaxillofacial radiol-
ogy. Its effectiveness in saving time and its ability to provide a
valuable diagnostic assist to both experienced and less
experienced dentists make it an important tool.*

CBCT is extensively utilized in dentistry for diagnosis,
treatment planning, and surgery due to its capacity to offer

comprehensive volumetric information about teeth and the
surrounding alveolar bone, making it a valuable imaging mo-
dality compared to others.”> CBCT has significantly im-
proved the efficiency and accuracy of dental radiological
diagnosis by producing higher quality images in less time and
with lower radiation doses than CT. This has led to improved
outcomes when treated appropriately.”* However, despite
these advantages, less experienced physicians have reported
low inter-observer/intra-observer reliability when interpret-
ing CBCT scans.” For this reason, automation is considered
necessary for the segmentation of anatomical structures in
CBCT images, which are frequently used in routine dentistry.
The integration of Al into CBCT can facilitate and accelerate
dental patient examinations, resulting in reduced physician
workload and more reproducible and objective evaluations in
a shorter time.**

Al is used in CBCT to detect various conditions such as peri-
apical lesions,”® second mesiobuccal canal,?” and vertical root
fractures in endodontics.”® It is also used for implant planning
based on the amount of alveolar bone*” and inferior alveolar
nerve canal detection®® in implant surgery. In addition, it is used
for the detection of intraosseous lesions,”" temporomandibular
disorders,®* and automatic segmentation of the mandible*® in
oral and maxillofacial surgery. Furthermore, it assists cephalo-
metric analysis in orthodontics.>* Artificial intelligence is used
for automatic tooth segmentation®® and detection of mesio-
dens®® in CBCT images.

The published literature on artificial intelligence studies of
MS in CBCT images is limited, and information on these studies
is summarized in Table 2. Jung et al'” devised a 3-dimensional
nnU-Net based algorithm aimed at segmenting the MS into le-
sion and air segments within CBCT images. The algorithm’s de-
velopment involved the implementation of an active learning
model encompassing 3 iterative steps. Each successive model it-
eration not only refined its predecessor but also expanded the
dataset, thereby augmenting performance in the face of

9202 ABIN 90 UO JosN ISa)ISIaAIUN JeqnyiAey Uippeely eAuely Aq 8602€9./9GZ/F/ES /P10 jWp/Woo dno-olwapede//:sdny Wwolj papeojumoq



263

Dentomaxillofacial Radiology, 2024, Volume 53, Issue 4

Downloaded from https://academic.oup.com/dmfr/article/53/4/256/7632098 by Alanya Alaaddin Keykubat Universitesi user on 06 May 2026

(penunuoo)

“sofewl 104D
Im SUDIOM UIYM SISBD SNOLIBA

ur sasnurs Are[[ixew ay3 Sunuaw3as
A[oreandoe ul sysnuap 11oddns 03 sastword
[opow aduagif[aul [eynIe padopasp
9], "310JJ3 pue dwn [ewIuiw saimbax
pue sanjiqedes Suistwoad s1qiyxa [opowr
padoraasp ay, ‘sanbruyssy Surssacoadisod
sajerodioout 1eyl wyiiod[e urured]

doop e Suisn sasnurs Lre[jixew Azey pue
1832 Y30q 3unuaw3as A[JUSIdYJS Ul SIS
9AI303JJ3 PIILIISUOUAP SBY [OIBISAIT SIY T,
‘19se38p 10D

parwi] e 3uisn £q s1500 pue s110JJ2
UOTIBIOUUE 2ONPAI A[IUSIDYJO UBD JoU-(UU
uo paseq wiyptrod[e Surures] desp

© JBY} SAIBNSUOWAP APNIs SIY3 ‘UOISN[OUOD
uJ "uoneIUdWSIS UOISI| Ul SIZUI[[BYD

asod ued yorym ‘uosiad 03 uoszad

WOJIJ SALTBA SNUTS ATB[IXEW 2} punoie
SSIUDIY3 [[BM INSSII 3OS 3Y3 ‘A[[euonIppy
*SuoIs3[ snuis L1e[[ixeuwr jo sanedoipes
Sur1ea oy 01 anp uoneIUIWIaS

are 03 paredwod uoneIuawW3as

UOISI[ U $I[NSIT JOLIAJUI PIAIIYIE

[opou Ty 2y 1eyd pariodar Apnis oy ],
‘spoyzou 19430 03 paredwod

suo13a1-qns SAeMITE [[B UI SI[NSAI

19339 9AI3 03 PUNOJ SEM POYIRIA PIALI
as1edg a3 pue suordai-qns Aemire [[e

10§ 9,08 UBY3 193813 SEM J100S-] [[BI9A0
oy 1. "Awrojop Aemire pue £31uiiojop
[e3a[ays yam syuanzed jo sdnois yioq

ul suoI3a1qns Aemire Jo UonBIUIWIAS

10J POy o1 9siedg pue inD

MOID) 39§ [9A9T ddueIsI( eAIeydeneyg
€196 [9A9T 3SIA-UBYD) PIZI[BIO]

€39G [9A9T 989 -UBYD) A[oweu ‘sanbruydsy
UOnEBIUAWIaS ¢ parsal Apnis siyJ,

135 [9A9]

JoueIsIp eAL1EYdRIIBYY PUE 19S5 [9A9]
ISIA-UBYD) PIZI[BIO[ ‘39S [9AI] 3SIA-UBYD)
S (ons ‘spoylow uoneuawdas 1 HgD
Bunsixa jo 1ey3 uey 1ySIy s1 syuaned jo
afew 1HgD ay3 wodj sasnuis [eseueied
pue £11aLD [BSEU 9 JO UONBIUWSIS
snewoIne 10§ padojaaap [apout Y3 jo
£5eIndoE 9y 1By SAIBIISUOWAP APNIS SIY T,

sSupuyy wre

§00T°0*T8C6°0 1182y
0981°0F 6668°0 *UOISIDI]
06T T*F0Ly1C:AH
¥161°076606°0 :0d
Su1ssas04disod 121)y
§€00T°0*T8C6°0 *11829Y
YL81'0F LL68( *UOISIDI]
PS1I9v*€10L7C *AH

PN-N 1261°0F0606°0 20

(uo1s27) 8T°0F09L°0 DA

BPN-NUU (V) 9T°070£6°0 0

Yy EF LY 96

XPUI—G G F (09798 UL 9T00S-T ]
L8TLFE6'V]

XPU—6(0"T F T6°€ MM HOA
YL OFSLL6

XPUI—/ /"9 F Hi" €8 UL ([[ROY
YL OF ¥y 66 XU

AVILVIN — 1§76 F 99798 ulti *UOISIII]

%L’ S6 9109s-T4
% €L'L6 H[BY
%6976 ‘UOISIRI]
%€L '8 *HOA

++D pue gVILVIN %TCL’S6:0d

popowr uonejmowsag SOLIOW HONeN[eAy

*A5eanooe uoneuawsas aaoxdwr 01 [9powr
ay1 01 pappe 3q [[im dais Surssasordisod

e ‘A[[euonippy ‘ssauizey pue £3L1epd

JO S[9A9] Sutdrea Yam saSewtt 1HGD

ur snuis ATe[[IXeW 94 JO UonIeIuaw s
parewoine £[[nj 10§ [9pow Jurutes] dosp

syuoned ¢y e dojaasp 03 st £pmnis siy3 jo ssodand ay g,

*s119dx9 4q pawaograd

uonEIUAWSIS Y} YIIM [9pow Y3

J0 s3ynsax oy aredwod 01 pue ‘suoIsa| pue
‘11e Ojul SnUIs AIe[[IXeW 9y} Sunuaw3as
£q [opowt Ty 2y Jo £oeIndoe oy}

a1en[eAd 03 sem Apnis siy3 jo asodind oy,

(Teuroixa-syuanied

0c pue
[euraiur-syuanied ¢ 1)
syuoned €71

‘uonejuowidas pjoysaiys aandepe

pue swyiLiog[e paseq-agpapmouy Suisn
s1aserep Suidewn 1HgD (€ ul suoidaiqns
Aemare [eseu-outs pue [eagudreyd 10y
wyILIo3[e uonEIUIWSdS JIBWOINE MIU

syuoned ¢ e dojaaap 01 st Apnas siya Jo asodand ay .

‘[opow 10u0d
9A1IOB JUY-01-25180D © uIsn safew [ HGD
woJj sasnuis [eseuelied pue £11Aed [eSeU
971 JO UOTIONIISUOIAT PUE UOTIBIUIW TS
S1EWOINE 10§ dwayds dasnnuw

sjuoned (1 B 918210 03 s1 Apn3s s1y3 Jo asodind ay 1,

sjdureg wry

4lE12 104D

e 30 3un[

gclB 30 ndepaN

JRLERRLE

Apmig

'snuis AlejjIXew 8y} o uolleluswBas d11ewoINe 0} Pale|al 81nielall| 8yl Ul S8IpNIs 8y} Jo Alelwng "z ajqe



Dentomaxillofacial Radiology, 2024, Volume 53, Issue 4

264

Downloaded from https://academic.oup.com/dmfr/article/53/4/256/7632098 by Alanya Alaaddin Keykubat Universitesi user on 06 May 2026

10119 de1940 d1IOWN]OA = JOA 0ULISIP aTENDS UBIW 1001 = SIARY ‘UOTU[) 19A0 UOTIDISIANU] = (O] $9IULISIP JJIOpsne = H SIUAIYFI02 21 = D (J ‘2AIND IIPUN BITE = D[y SUONBIAIIqQY

‘uo13az Iy}

01 paje[aI saydUeIq [ed13INS 110

Se [[om se s3snuap 103 Juelrodwr £[esturd
st ‘1981ns [e1dRJO[[IXBWOIUIP UI duelIod
-WI [BO1LID B SBY YOIym ‘snuls A1e[Ixew
33 JO uonEIUAWISIS dIEWOINY ‘saew!
1DgD Ul snuis ATe[[IXEW JY1 JO UOTIBIUIW
-39s d11BWOINE JO SULId) UI $$300nS Y31y
PaATYDE Sy 7A IN[-UU ‘Apnis STyl Jo
3|NS3I B SB PauleIqO BIEP I3 03 SUIPIODY

*9Z18 309§
-9p [[BWS pue AJLIB[IWIS punoIdyoeq se
yons swa[qoid uo1919p 199Jap Ul S3NSAT
PO0S paAdIydL Sey JON[)-UIMG-s3Y pasod
-01d 93 4|nsa1 B Sy "SAIPNIS 1UIIAIT ISOW
a3 swrojradino Apnis siy3 ul [ppowt 1N
-UIMG-S9Y] Y3 PUE ‘WOIIDIIIP SNUIS UT
SI[NSIT 153q Y SIAIS YI0MIAU [T IINSNY

786L6°0 0NV
§81€6°0 *NOI
6€061°1 *dH %S6
e€y96°0 :0Ad
€96196°0 2103s-14
T¥996°( ‘UOISII]
11€96°0 *[[eY
€€666°0 :4oBIN2DY
%81°86 :0NV
%866 £oeInd0Yy
%L8°16 1[BY
%LS 16 *UOISIAI]
% CL 16 910381
%TL¥8 O]

%7C6°86 DNV
%./8°66 AoeInd0Yy
%8516 [
%0T 16 *UOISAI]
Y6716 21095-14
%¥1¥8 N0l

%9¢°66 0NV
9%,98°66 Aoy
%80°T6 1182
%9L°68 *UOISIAI]
%06°06 21095-T
%€€€8 01
%6L°86 0NV
9%,68°66 AoBINDDY
%8998 *[BY
%90°¢6 UOISIA]
%9L'68 9103514

7A PN-NUU

LOTSOY-1INN-UIMG

0SSY-ION()-UIMS

PESTY-PNN-UIMS

'sofewt 140
uo snuis A1e[[IxXew oY1 Sunuaw3as

A[eonzeWwoIn® uI ‘JoON-() JO UOISIAA paroid
-wl Uk ‘91n30931ydIe 7A JN-(uu 9y3 Sul
-sn padojaaap [apowr a1 Jo dduewIojrad

syuaned 101 a3 ssasse 03 ST Apnis siy3 jo asodind ay .

*01B3SaI YI[BIY Ul PaIed1Isoa

-u1 uo13a1 AyI[eay 10 PaseasIp Y3 JO SaLIe
-punoq ay3 SururuiIdlop Aq JusWieds] pue
sisougerp ur juelrodwi a1e SPoOYIdW pIseq
-[ox1d 95UTS SIOPIOSIP SNUTS ATB[[TXEW

Jo sisougelp ay3 10§ [opout paseq-[axid

Apnig 3u9asaig

31 JBY) UMOYS dABY] SIAIPMIS [eIudWILIddXY STSY-ION)-UIMG %7y 18 :NOI syuoned GT¢ & do[aasp 03 st Apn3s siy3 jo ssodand ay 8 LEERCEICH)
ECL0F¥IT0 *SINY
SI1'0¥601°0 *AH %S6
£L00°0*C66°0 :N°I
¥00°0%966°0 :0d
Suissasroidisod 1a1)y
“fouaroyga pue “Aiqer|ar ‘uorspaid ysiy CL00F60T°0 *SINY "sadewt 1 DGO uo
yum saewt [ HgD) ul sasnuis A1e[jixewt 6S0°'0FCET0 AH S6% uoneIuAW3as snuls AI[[IXBW 10} POYIAW
a3 pa3uawi3as A[nyssadons [apow NND 800°0F896°0 :NOI Paseq-NND Pa3ewoIne [9A0U € 3833 pue
paseq 3ou-() dY3 3Byl punoj Apnis ay . PN-N +00°0F#86°0 :DA syuoned 7¢1 9318310 03 sem Apnis siy3 jo asodand oy, ¢ [B 30 uesIoN
sSurpury urepy poyow uoneIuIWSog SOLIIOW UoneNn[eAy ojdureg wry Apmig

(PenUNUO) "Z BjqeL



Dentomaxillofacial Radiology, 2024, Volume 53, Issue 4

constrained data availability. The reported DCs for the air and
lesion segmentation stages were documented as 0.920x0.17,
0.925+0.16, and 0.930+0.16, as well as 0.770+0.18, 0.750 =
0.19, and 0.7600.18, respectively. In their study, Celebi
et al'® developed 4 deep learning algorithms, Swin-UNet-
Res18, Swin-UNet-Res34, Swin-UNet-Res50, and Swin-UNet-
Res101. The aim of the study was to identify pathological
conditions related to MS in CBCT images using a new UNet
structure based on ResNet and Swin Transformer. The study
found that both Swin-UNetRes50 and Swin-UNet-Res101 mod-
els outperformed the other models with 99.87% accuracy.
Swin-UNet-Res34 and Swin-UNet-Res18 followed with
99.86% and 99.85% accuracy, respectively. The most success-
ful model, Swin-UNet-Res101, achieved an IoU of 84.71, F1-
score of 91.72, precision of 91.57, recall accuracy of 91.87, and
an AUC value of 99.18. In their study aimed at automatically
segmenting the paranasal sinuses and nasal cavity on CBCT
images, Bui et al®” reported DC, precision, recall, and F1-score
values of 95.72%, 94.69%, 97.73%, and 95.72%, respectively.
Neelapu et al*® proposed an algorithm for the fully automatic
segmentation of pharyngeal and sino-nasal airway subregions in
CBCT images. They compared 5 segmentation techniques and
reported Dice Similarity Coefficient (DSC) and Fl-score values
ranging from 80 to 90% for all segmentation methods. Choi et
al'?> developed a deep learning model using U-Net to segment
90 MS in CBCT images, including 34 clear and 56 hazy MS.
The average DC and HD prediction results of U-Net were
0.9090+0.1921 and  2.7013+4.6154, respectively.
Postprocessing was applied to eliminate prediction errors,
resulting in improved DC and HD values of 0.9099 +0.1914
and 2.1470 = 2.2790, respectively. Morgan et al'® developed an
automatic 3-dimensional U-Net algorithm for MS segmentation
in CBCT images. The model accurately identified the segmented
region with a DC of 98.4%.

When compared to similar studies in the literature, it was
observed that 2 studies developed a U-Net based model and
obtained high performance results similar to those obtained
in this study.'>'S Additionally, a study using nnU-Net found
that the model developed by Jung et al'” had difficulty detect-
ing sinus lesions but was able to detect air in the sinus at a
high rate. Gelebi et al'® developed 4 different models using
ResNet and Swin Transformer-based U-Net algorithms. The
most successful model achieved automatic MS segmentation
with high accuracy, similar to other studies in the literature
and our own study. Our study is the first to perform auto-
matic segmentation of the MS in CBCT volumes using nnU-
Net v2, an upgraded version of U-Net, and it has achieved
high accuracy values of 0.99. The results demonstrate that
nnU-Net v2 is a dependable tool for automatic segmentation
of the MS in CBCT images. However, the study is limited us-
ing images from a single tomography device and the focus on
MS segmentation only. Future research should aim to de-
velop deep learning algorithms that incorporate MS patholo-
gies into the segmentation process. Additionally, these
evaluations should be conducted using CBCT images ac-
quired from a range of tomography devices with vary-
ing parameters.

In conclusion, the nnU-Net v2 based CNN developed in
this study achieved high performance in automatically seg-
menting the maxillary sinus in CBCT images. Our results sug-
gest that automatic segmentation of the maxillary sinus in
CBCT images has the potential to significantly contribute to
clinical decision-making, increase dentists’ attention during
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examinations, and facilitate diagnosis and treatment pro-
cesses while optimizing time efficiency.
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Appendix

The Eskisehir Osmangazi University Faculty of Dentistry’s
Dental Artificial Intelligence (AI) Laboratory has advanced
technology computer equipment including a Dell PowerEdge
T640 Calculation Server (Intel Xeon Gold 5218 2.3G, 16C/
32T, 10.4GT/s, 22M Cache, Turbo, HT [125W] DDR4-
2666, 32GB RDIMM, 3200MT/s, Dual Rank, PERC
H330+ RAID Controller, 480 GB SSD SATA Read Intensive
6 Gbps 512 2.5in Hot-plug AG Drive); PowerEdge T640
GPU Calculation Server (Intel Xeon Gold 5218 2.3G, 16C/
32T, 10.4GT/s, 22M Cache, Turbo, HT [125 W] DDR4-
2666 2, 32GB RDIMM, 3200 MT/s, Dual Rank, PERC
H330+ RAID Controller, 480 GB SSD SATA Read Intensive
6 Gbps 512 2.5in Hot-plug AG Drive, NVIDIA Tesla V100
16G Passive GPU); PowerEdge R540 Storage Server (Intel
Xeon Silver 4208 2.1G, 8C/16T, 9.6 GT/s, 11M Cache,
Turbo, HT [85 W] DDR4-2400, 16 GB RDIMM, 3200 MT/s,
Dual Rank, PERC H730P+ RAID Controller, 2Gb NV
Cache, Adapter, Low Profile, 8 TB 7.2K RPM SATA 6Gbps
512e 3.5in Hot-plug Hard Drive, 240 GB SSD SATA Mixed
Use 6 Gbps 512e 2.5in Hot plug, 3.5in HYB CARR 54610
Drive); Precision 3640 Tower CTO BASE Workstation (Intel
(R) Xeon(R) W-1250P [6 Core, 12M cache, base 4.1 GHz,
up to 4.8 GHz] DDR4-2666, 64GB DDR4 [4 X16GB]
2666 MHz UDIMM ECC Memory, 256 GB SSD SATA,
Nvidia Quadro P620, 2 GB); Dell EMC Network Switch
(N1148T-ON, L2, 48 ports RJ45 1GbE, 4 ports SEP+
10GDbE, Stacking).
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