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Summary

Background > The automated segmentation of maxillary and mandibular bones in cone-beam
computed tomography (CBCT) using artificial intelligence (AI) is redefining the standards of digital
dentistry and orthodontics, with applications in mini-implant placement, dental implantology,
orthognathic surgery, and bone graft planning.
Objective > To systematically assess the performance of AI models – particularly U-Net-based
convolutional neural networks (CNNs) – for automated segmentation of maxillary bone structures
in CBCT, following the PICOS model (Population – CBCT scans of human maxillae; Intervention – AI-
based segmentation; Comparator – manual segmentation; Outcome – accuracy; Study design –

diagnostic accuracy studies).
Material and methods > This systematic review adhered to PRISMA 2020 guidelines and was
registered in PROSPERO (CRD42024592182). Eligibility criteria included studies applying AI to
maxillary bone segmentation in CBCT and reporting quantitative accuracy metrics. Risk of bias was
evaluated using the QUADAS-2 tool. The GRADE tool for formulating and grading recommendations
in clinical practice was also employed. Data collected comprised number of CBCT scans, AI model
architecture, evaluation metrics, and reported clinical applications.
Results > Thirty-one studies, analysing 11,432 CBCT scans, met the inclusion criteria. AI models
consistently achieved high segmentation accuracy, with Dice similarity coefficients frequently

ially reducing processing time compared to manual segmentation.
exceeding 0.98, while substant
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Applications ranged from implant planning and orthognathic surgery to digital orthodontics.
Persistent challenges included anatomical variability, imaging artifacts, and the limited availability
of high-quality annotated datasets.
Conclusions > AI-based segmentation of maxillary and mandibular bones in CBCT demonstrates
promising accuracy and efficiency compared with manual techniques. Nevertheless, the certainty
of evidence is limited by retrospective designs and small, heterogeneous samples. Large-scale,
prospective multicentre studies with standardized evaluation are needed before these methods
can be reliably adopted in routine clinical practice.
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Background
In orthodontics, precision is not optional – it is essential. Achiev-
ing optimal treatment outcomes requires an in-depth assess-
ment of the dentoskeletal structures that define each patient's
anatomy. The clinical value of segmentation lies in the reliability
of the 3D models it generates. For implant planning, precise
measurements of bone height, width, and angulation deter-
mine the choice of implant diameter and length, as well as
insertion trajectory, directly influencing long-term survival [1]. In
orthognathic surgery, accurate 3D reconstructions allow objec-
tive quantification of mandibular asymmetries, enabling indi-
vidualized osteotomy planning and more predictable
postoperative stability [2]. In orthodontics, segmentation com-
bined with grey-value analysis provides information on cortical
bone thickness and density, which are decisive for the primary
stability of temporary anchorage devices [3]. Similarly, assess-
ment of alveolar bone levels supports safe tooth movement and
reduces the risk of iatrogenic bone dehiscence or fenestrations.
Thus, robust segmentation is not merely a technical step but a
prerequisite for safe interventions and improved treatment
outcomes.
Cone-beam computed tomography (CBCT) has revolutionized
orthodontic diagnostics by providing high-resolution, three-
dimensional (3D) reconstructions of the jaws and surrounding
anatomical regions. Compared with conventional two-dimen-
sional imaging, CBCT delivers a richer and more accurate depic-
tion of dental and skeletal relationships, enabling more informed
clinical decisions and personalized treatment planning [4–6].
However, fully harnessing this potential still relies on manual
segmentation of the jaw bones in CBCT images – a process that is
time-consuming, demands substantial technical expertise, and
remains prone to human error [7]. In response, there is a
growing interest in the development of automated segmenta-
tion techniques driven by artificial intelligence (AI) to enhance
the efficiency and accuracy of this process [4–6].
To address these limitations, growing interest has focused on AI-
driven automated segmentation, with deep learning – particu-
larly convolutional neural networks (CNNs) – showing high
precision in medical image segmentation [4,5]. The application
2

of these techniques in orthodontics has the potential to signi-
ficantly optimize clinical workflows by reducing image analysis
time and increasing the reliability of results [4,5,8].
The effectiveness of these automated methods is evaluated
using quantitative metrics such as the Dice-Sørensen coefficient
(DSC), which is widely used to quantify the overlap between
automated segmentation and a manual reference [9,10]. High
DSC values indicate strong agreement, which is essential to
ensure the clinical applicability of these AI-based methods
[10,11].
In orthodontics, achieving high precision in jawbones segmen-
tation is critical for accurate treatment planning, as it directly
influences the outcomes of key procedures such as the place-
ment of temporary anchorage devices (TADs) like miniscrews,
dental implants, and orthognathic surgery [12–14].
Despite advances in automated segmentation techniques, sev-
eral challenges remain. A major obstacle is the inherent vari-
ability of CBCT images due to differences in patient anatomy,
imaging protocols, and the presence of artifacts that can obscure
bony structures [6,15].
In addition, the segmentation of trabecular bone – crucial for
understanding the mechanical properties of the jaws – poses a
unique challenge owing to its complex internal architecture [6].
To overcome these limitations, researchers are exploring
approaches such as the use of multimodal data, hybrid models
that combine traditional methods with deep learning, and more
robust datasets encompassing greater anatomical variability [4–
6,8]. Emerging technologies, including generative adversarial
networks (GANs) and transfer learning, are also being incorpo-
rated to enhance the accuracy and adaptability of algorithms
[4,5,8]. Ultimately, the successful implementation of automated
segmentation tools in orthodontics could lead to improved
patient outcomes, more efficient treatment planning, and a
reduction in the overall cost of care.
Therefore, the aim of this systematic review is to comprehen-
sively synthesize and analyse the existing evidence on auto-
mated segmentation techniques for jawbones in CBCT images
using AI, with a focus on their effectiveness, accuracy, and
clinical applications in dentistry.
tome 24 > n81 > March 2026
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Material and methods
This systematic review was conducted in accordance with the
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines proposed by Page et al. [16] in
2020 and was registered in PROSPERO (International Prospective
Register of Systematic Reviews) under the registration number
CRD42024592182.
Search strategy
The database search was conducted on September 19th, 2024,
and updated on March 10th, 2025. The search was limited to
studies involving humans, with no language restrictions. The
literature search encompassed all studies published up to March
2025, with no restrictions on the lower bound of publication
date. Keywords were used in all possible combinations through
the Boolean operators "or'' and "and'' along with the wildcard
"*'' for truncation, in the databases PubMed, Elsevier Scopus®,
Web of Science, Embase, and Cochrane (table I). OpenGrey was
also searched to identify grey literature.
TABLE I
Search strategy

Databases 

PubMed (Artificial intelligence [MeSH] or AI or "machine learn
computed tomography'' or CT OR "computed tomogra

processing'') and (alveolar OR al

Web of Science TS = ("artificial intelligence'' or "AI'' or "machine learning
computed tomography'' or "computed tomography'' or "CT

processing'') and TS = ("alveolar'' or "alveol

Elsevier Scopus TITLE-ABS-KEY ("artificial intelligence'' or "AI'' or "machin
CT'' or "cone-beam computed tomography'' or "computed
or "image analysis'' or "image processing'') and TITLE-AB

TITL

Embase ("Artificial intelligence''/exp or "artificial intelligence'' or "
CT'' or "cone-beam computed tomography'' or "CT'' or "

analysis'' or "image processing'') and ("alveolar'

Cochrane ("Artificial intelligence'' or "AI'' or "machine learning'' or "
tomography'' or "CT'' or "computed tomography'') and ("

and ("alveolar'' or "alveol*'' or 

Opengrey "Artificial intelligence'' or "machine learning'' or "dee
tomography'' or "computed tomography'') and (segmen

dental o
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Research question
Given the growing use of AI in jawbone segmentation in CBCT,
this review focuses on answering the following question: "What
is the accuracy of jawbone segmentation in CBCT using artificial
intelligence compared with manual segmentation?''.
To structure the search and selection of the studies included in
this review, the following PICOS criteria were defined:
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population (P): cone-beam computed tomography (CBCT)
images of the dental and maxillofacial region in human
subjects;
�
 intervention (I): AI-based jawbone segmentation model;

�
 comparison (C): expert manual segmentation performed by
clinicians (dentists, radiologists, or maxillofacial surgeons) or
validated algorithms used as the reference standard;
�
 outcomes (O): segmentation performance of the AI model,
evaluated through metrics such as DSC, accuracy, sensitivity,
specificity, processing time, among others;
�
 study design (S): evidence studying the effectiveness of deep
learning methods for segmenting maxillary and mandibular
bones in CBCT images; non-experimental cross-sectional
studies.
earch strategy

g'' or "deep learning'') and (CBCT or "cone-beam CT'' or "cone-beam
y'') and (segmentation OR segment* or "image analysis'' or "image
ol* or jaw or dental or maxillofacial) and bone

or "deep learning'') and TS = ("CBCT'' or "cone-beam CT'' or "cone-beam
 and TS = ("segmentation'' or "segment*'' or "image analysis'' or "image

 or "jaw'' or "dental'' or "maxillofacial'') and TS = ("bone'')

learning'' or "deep learning'') and TITLE-ABS-KEY ("CBCT'' or "cone-beam
omography'' or "CT'') and TITLE-ABS-KEY ("segmentation'' or "segment*''
KEY ("alveolar'' or "alveol*'' or "jaw'' or "dental'' or "maxillofacial'') and
ABS-KEY ("bone'')

I'' or "machine learning'' or "deep learning'') and ("CBCT'' or "cone-beam
mputed tomography'') and ("segmentation'' or "segment*'' or "image
r "alveol*'' or "jaw'' or "dental'' or "maxillofacial'') and "bone''

ep learning'') and ("CBCT'' or "cone-beam CT'' or "cone-beam computed
gmentation'' or "segment*'' or "image analysis'' or "image processing'')
w'' or "dental'' or "maxillofacial'') and "bone''

learning'' and ("CBCT'' or "cone-beam CT'' or "cone-beam computed
ion or "image analysis'' or "image processing'') and (alveolar or jaw or
axillofacial) and bone
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Inclusion criteria
Studies published from 2018 onwards, with no language restric-
tions, using CBCT of the maxillofacial region in human subjects.
Studies applied AI-based jawbone segmentation models – pref-
erably deep learning – and compared them with a reference
standard (expert manual segmentation or validated algo-
rithms). Performance had to be reported through quantitative
metrics (e.g., DSC, accuracy, sensitivity, specificity, processing
time).

Exclusion criteria
Studies not using CBCT as the primary imaging modality, not
involving oral or maxillofacial structures, or lacking sufficient
methodological details (dataset, imaging modality, model
description) were excluded. Also excluded were review articles,
conference abstracts without full text, non-human studies,
works without quantitative performance metrics, or those using
synthetic data without validation on real clinical datasets.

Study selection and data extraction
The electronic search was independently performed by two
reviewers (blinded for review), who screened the titles and
abstracts of the studies identified through the various database
search strategies in parallel. Duplicates were removed before-
hand using the Zotero reference manager. Potentially relevant
studies were selected for full-text review, applying the same
predefined inclusion and exclusion criteria at this stage.
Excluded articles and exclusion reason were recorded in an table
S1, online resource. Discrepancies between the two reviewers
were resolved by a third author (blinded for review). In all cases,
the reasons for exclusion were documented.
Data extraction was performed by (blinded for review) using a
standardized table. The extracted variables included: author and
year of publication, study design, type of CNN used, number of
scans and their distribution into training, validation, and test
sets, voxel size, DSC score with standard deviation (SD), and the
reference method (ground truth) used for comparison.

Risk of bias assessment
Based on the JBI recommendations [17] and the review by Ma
et al. [18], the Quality Assessment of Diagnostic Accuracy Stud-
ies-2 (QUADAS-2) tool was applied to evaluate the methodolog-
ical quality of the included studies and identify potential sources
of bias. This tool examines four domains: patient selection,
index test (AI technique or diagnostic method), reference
4

standard, and study flow/timing. It also assesses applicability
in terms of patient selection and reference standard.
Before evaluation, reviewers agreed on specific criteria for study
inclusion/exclusion and applied them consistently. In this
review, studies were classified into two categories: "low risk'',
"high risk'' and "unclear'', the latter grouping studies with
potential bias and those lacking sufficient information for a
clear judgment.
Two reviewers independently conducted the assessment,
resolving disagreements by consensus. Inter-rater reliability
was calculated using Cohen's kappa (k) for each QUADAS-2
domain, with interpretation according to Landis and Koch,
where k values range from slight agreement (< 0.20) to almost
perfect agreement (> 0.80).
The GRADE tool was applied following established methodolog-
ical guidance to assess the certainty of evidence [19,20].
Results
The search strategy yielded a total of 529 results, the filtering
and selection process of which is depicted in the flow diagram
shown in figure 1. All included articles were published between
2019 and 2025, in English and Hungarian. The 31 eligible studies
were diagnostic accuracy studies [4,5,7,21–48].
Of these references, 131 were retrieved from PubMed, 55 from
Elsevier SCOPUS, 209 from Web of Science, 130 from Embase,
and 4 from Cochrane. No grey literature was identified. After
manual filtering by title and author, 157 duplicate articles were
removed.
Screening of titles and abstracts led to the exclusion of
278 articles that were outside the scope of this systematic
review, leaving 94 potentially eligible articles for full-text
assessment.
Subsequently, 63 articles were excluded based on one or more
predefined criteria. The most frequent reasons were the
absence of maxillary bone segmentation (n = 32), insufficient
description of the deep learning methodology employed
(n = 9), use of imaging modalities other than CBCT (n = 15),
and study objectives not aligned with the established inclusion/
exclusion criteria (n = 3). Additional reasons included the omis-
sion of key quantitative performance metrics such as DSC or
accuracy (n = 2), absence of artificial intelligence application
(n = 1), and studies limited to case series (n = 1). The results
of the included studies were compiled in a standardized table
(table II).
tome 24 > n81 > March 2026



Figure 1
PRISMA Flowchart of the study selection process
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Study characteristics
In this study, a total of 31 diagnostic accuracy studies (table II)
investigating the use of artificial intelligence for maxillary bone
segmentation in CBCT images were reviewed. Collectively, these
studies analysed 11,432 CBCT scans, with sample sizes ranging
from 13 [34] to 4.938 [7] cases. The study populations were
heterogeneous, comprising healthy individuals, orthodontic
patients, individuals with maxillofacial deformities, patients
undergoing orthognathic surgery, and edentulous patients
tome 24 > n81 > March 2026
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undergoing implant planning. While some investigations
focused on specific groups, others aimed to enhance the clinical
applicability of the evaluated models by including more diverse
populations. Regarding age distribution, there was substantial
variability, with studies including paediatric patients as young as
11 years and older adults over 90 years of age. Sex distribution,
reported in some studies, showed a relatively balanced propor-
tion of male and female participants [5,43].



TABLE II
Articles included in the qualitative synthesis

Author and year Type of study Anatomical structure
segmented

CNN used Total of scans; training/
validation scans; testing

scans

Voxel size DICE score (standard
deviation)

Comparison

Wu et al., 2025
[21]

Non-experimental
retrospective cross-
sectional study

Mandibular condyle Modified U-Net 3D Total of scans: 490
Training/Validation: not

specified
Testing: not specified

N/S Cortical: 0.9010 (0.0090)
[internal], 0.8870 (0.0110)

[external]
Trabecular: 0.9690

(0.0080) [internal], 0.9770
(0.0120) [external]

Complete condyle: 0.9820
(0.0080) [internal], 0.9840

(0.0100) [external]

Manual threshold
adjustment in 3D
Slicer by an expert,
reviewed by two

experienced
radiologists

Hegyi et al., 2024
[22]

Non-experimental
retrospective cross-
sectional study

Mandible Three pre-trained
CNN models

Total of scans: 70
Training/Validation: 5713

Testing: 15

Original: 0.15–
0.3 mm

After Resampling:
0.2 mm

0.95 (0.01) Manual or semi-
automatic

segmentation by a
maxillofacial radiology

expert

Chen et al., 2024
[23]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible, teeth SegResNet Total of scans: 1417
Training/Validation: not

specified
Testing: not specified

0.125–0.3 mm 0.9570 (0.0250) [internal],
0.9440 [external]

Manual segmentation
by a dentist

Chen et al., 2024
[24]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible, teeth,
periapical lesions

nnUNet, Dynamic
Graph CNN,

Minkowski CNN,
PointNet++

Total of scans: 138
Training/Validation: 103,

Testing: 35

0.125 mm 0.9178 (no SD) Manual segmentation
by a dentist

Liu et al., 2024
[25]

Non-experimental
retrospective cross-
sectional study

Teeth, maxillary and
mandibular alveolar bone

U-Net Architecture Total of scans: 506
Training/Validation: 451

Testing: 55

0.18–1.0 mm Mandible: 0.9830 (0.0180)
Maxilla: 0.9240 (0.0310)

Manual segmentation
by a dentist

Nogueira-Reis
et al., 2024 [26]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible,
mandibular canal,

maxillary sinus, teeth,
pharyngeal airway space

3D U-Net Total of scans: 30
Training/Validation: not

specified
Testing: not specified

0.2–0.3 mm 0.996 (0.057) Manual segmentation
by a dentist

van Nistelrooij
et al., 2024 [27]

Non-experimental
retrospective cross-
sectional study

Mandible segmentation Six integrated U-
Net 3D CNNs to

operate
simultaneously as

a single unit

Total of scans: 335
Training/Validation: not

specified
Testing: not specified

Unspecified 0.904 (no SD) Manual segmentation
by a clinician using

ITK-SNAP
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TABLE II (Continued).

Author and year Type of study Anatomical structure
segmented

CNN used Total of scans; training/
validation scans; testing

scans

Voxel size DICE score (standard
deviation)

Comparison

Dot et al., 2024
[28]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible, teeth,
mandibular canal

Full-resolution U-
Net 3D

Total of scans: 273
Training/Validation: not

specified
Testing: not specified

0.16 mm Internal test set: 0.9220
(0.0630)

External test set: 0.9420
(0.0740)

Manual segmentation
by a dentist

Tian et al., 2024
[29]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible Based on the 3D
UNesT network

Total of scans: 155
Training/Validation: 115

Testing: 40

0.16–0.45 mm Mandibular cortical:
0.9369 (0.0139)

Mandibular trabecular:
0.9683 (0.0069)

Maxillary cortical: 0.8614
(0.0402)

Maxillary trabecular:
0.9557 (0.0182)

Manual annotation
made by two dentists
and validated by a
dental expert using
ITK-SNAP software

Liu et al., 2023
[30]

Non-experimental
retrospective cross-
sectional study

Mandible (anterior
alveolar bone)

Tooth Swin
Transformer
Network

(TSTNet) – CBCT
segmentation

Total of scans: 503
Training/Validation: not

specified
Testing: not specified

0.125–0.5 mm 0.9399 (0.0120) Manual segmentation
by a dentist

Moufti et al.,
2023 [31]

Non-experimental
retrospective cross-
sectional study

Mandible (edentulous
mandibular bone)

IOSNet – IOS
segmentation

Total of scans: 43
Training/Validation: 33

Testing: 10

Unspecified Training: 0.89, test: 0.78
No SD

Manual segmentation
by researchers using

ITK-SNAP

Tao et al., 2023
[32]

Non-experimental
retrospective cross-
sectional study

Maxilla (palatal bone) U-Net Total of scans: 70
Training/Validation: not

specified
Testing: not specified

0.25 mm 0.958 (0.025) Manual segmentation
by a dentist

Vinayahalingam
et al., 2023 [33]

Non-experimental
retrospective cross-
sectional study

Mandiblular condyle,
glenois fossae

U-Net 3D Total of scans: 162
Training/Validation: not
specified, Testing: not

specified

0.4 mm Condyle: 0.976 (0.01) Manual segmentation
by dentists

Xu et al., 2023
[34]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible, teeth,
periodontal ligament

CNN mixed scale Total of scans: 13
Training/Validation: 5

Testing: 4

0.15 mm 0.9514 (0.0121) Manual segmentation
by a dentist

Nogueira-Reis
et al., 2023 [35]

Non-experimental
retrospective cross-
sectional study

Maxilla, maxillary teeth,
maxillary sinus

Modified
Multiplanar Net

Total of scans: 40
Training/Validation: not

specified
Testing: not specified

0.2–0.3 mm 0.998 (no OD) Manual segmentation
by a dentist
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TABLE II (Continued).

Author and year Type of study Anatomical structure
segmented

CNN used Total of scans; training/
validation scans; testing

scans

Voxel size DICE score (standard
deviation)

Comparison

Fontenele et al.,
2023 [4]

Non-experimental
retrospective cross-
sectional study

Maxilla (alveolar bone) 3D U-Net Total of scans: 141
Training/Validation: 99/12

Testing: 30

0.1–0.3 mm 0.970 (0.020) Manual segmentation
by clinical experts

Ilesan et al., 2023
[36]

Non-experimental
retrospective cross-
sectional study

Mandible, mandibular
canal, mandibular teeth

FCN1, FCN2 Total of scans: 180
Training/Validation: 160

Testing: 20

0.88–1.37 mm 0.916 (0.033) Manual segmentation
by a dentist

Cui et al., 2022
[7]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible, teeth V-Net Total of scans: 4938
Training/Validation: not

specified
Testing: not specified

0.4 mm
(normalized)

0.945 (internal data)
0.938 (external data)

Combining manual
segmentation and
other segmentation

methods

Fan et al., 2022
[37]

Non-experimental
retrospective cross-
sectional study

Mandible U-Net 3D
Architecture

Total of scans: 120
Training/Validation: not

specified
Testing: not specified

0.5 mm 0.9696 (0.005) Manual segmentation
by dentists using ITK-

SNAP

Gillot et al., 2022
[38]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible, cranial
base, cervical vertebrae,

skin

UNETR (U-Net
Transformers)

Total of scans: 578
Training/Validation: not

specified
Testing: not specified

0.4 mm
(normalized,
resampling)

Mandible: 0.962 (0.020)
Maxilla: 0.853 (0.064)

Manual segmentation
by 3 clinical experts

Jha et al., 2022
[39]

Non-experimental
retrospective cross-
sectional study

Mandibular condyle U-Net 3D, U-Net
3D Cascading

Total of scans: 234
Training/Validation: not

specified
Testing: not specified

0.3 mm 0.932W 0.023 Manual segmentation
by clinical experts

Preda et al., 2022
[40]

Non-experimental
retrospective cross-
sectional study

Maxillary bone, palatine
bone, zygomatic bone,

nasal bone, lacrimal bone

3D U-Net Total of scans: 144
Training/Validation: not

specified
Testing: not specified

Raw
segmentation:
1.5 mm/voxel,

refined
segmentation:
0.23 mm/voxel

0.926 (0.010) Manual segmentation
by clinical experts

Kim et al., 2021
[41]

Non-experimental
retrospective cross-
sectional study

Mandibular condyle U-Net Total of scans: 18
Training/Validation: 5

Testing: 2

0.3 mm Trabecular: 0.870 (0.023)
Cortical: 0.734 (0.032)

Manual segmentation
by a dentist

Le et al., 2021
[42]

Non-experimental
retrospective cross-
sectional study

Mandible (ramus and
condyle)

U-Net Total of scans: 109
Training/Validation: 90

Testing: 19

0.2–0.4 mm 0.91 (0.03) Manual segmentation
by dentists

Lo Giudice et al.,
2021 [43]

Non-experimental
retrospective cross-
sectional study

Mandible Tiramisu Model Total of scans: 40
Training/Validation: 20

Testing: 20

0.47 � 0.47 �
0.3 mm

0.972, no SD Manual segmentation
by dentists
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TABLE II (Continued).

Author and year Type of study Anatomical structure
segmented

CNN used Total of scans; training/
validation scans; testing

scans

Voxel size DICE score (standard
deviation)

Comparison

Verhelst et al.,
2021 [44]

Non-experimental
retrospective cross-
sectional study

Mandible Two CNNs using a
3D U-Net

architecture

Total of scans: 190
Training/Validation: 160

Testing: 30

0.3 mm 0.9722 (0.0062) Semi-automatic
segmentation or AI-
refined segmentation

of the user

Wang et al., 2021
[45]

Non-experimental
retrospective cross-
sectional study

Maxilla 3D U-Net Total of scans: 60
Training/Validation: 30
Testing: not specified

0.25 mm 0.92 (0.01) (maxilla) Manual segmentation
by dentists

Wang et al., 2021
[5]

Non-experimental
retrospective cross-
sectional study

Maxilla, mandible Three consecutive
3D U-Nets

Total of scans: 32
Training/Validation: 28/4

Testing: 2

Unspecified Jaw bones: 0.934 (0.019)
Teeth: 0.945 (0.021)

Manual segmentation
by a dentist

Chen et al., 2020
[46]

Non-experimental
retrospective cross-
sectional study

Maxilla Tiramisu, U-Net,
LSTM

Total of scans: 96
Training/Validation: 36

Testing: 60

0.3 mm 0.800 (0.029) Manual segmentation
by dentists using ITK-

SNAP software

Zhang et al., 2020
[47]

Non-experimental
retrospective cross-
sectional study

Maxilla (midface),
mandible

U-Net (Multiple),
Encoder, GAP, Fully
Connected Layers

Total of scans: 107
Training/Validation: not

specified
Testing: not specified

0.3–0.4 mm Midface: 0.9319 (0.0089)
Mandible: 0.9327 (0.0097)

Both manual
segmentation and
other automatic
segmentation

methods

Torosdagli et al.,
2019 [48]

Non-experimental
retrospective cross-
sectional study

Mandible Tiramisu, U-Net,
LSTM

Total of scans: 250
Training/Validation: not

specified
Testing: not specified

0.754 � 0.754 �
0.377 mm or

0.584 � 0.584 �
0.292 mm

0.9386 (no SD) Manual segmentation
by three expert
interpreters

CNN: convolutional neural network; N/S: not specified.
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AI architectures employed
All studies included in this review employed artificial intelli-
gence-based models for bone segmentation, with a clear pre-
dominance of convolutional neural networks (CNNs). The most
frequently used architecture was the 3D U-Net and its variants,
reported in at least 15 studies [4,5,21,25,26,28–35,39,40,44,48].
Other approaches included models such as V-Net [7], SegResNet
[22], and transformer-based architectures like Swin-UNETR [24].
Some studies explored hybrid strategies, integrating multiple
neural networks to segment different anatomical structures [35]
or combining CBCT data with intraoral scans to enhance seg-
mentation accuracy [23,30].

Voxel size
Voxel size, a critical parameter in automated segmentation, var-
ied considerably across studies, ranging from 0.10 to 1.5 mm.
Most employed sizes between 0.2 and 0.4 mm, balancing compu-
tational efficiency with segmentation accuracy [26,29,34,38,41,
42,44]. Some studies used finer resolutions (< 0.15 mm) when
segmenting small anatomical structures requiring greater detail,
such as teeth and the periodontal ligament [4,25,26]. In contrast,
studies using voxel sizes greater than 0.4 mm were scarce and
generally focused on evaluating overall bone morphology rather
than the detailed segmentation of specific structures [7,37,43,
48]. In some cases, variability in voxel resolution was observed
within the same study, with resampling techniques applied to
standardize input data and improve model robustness [25].

Performance metrics used
The variables used to assess model accuracy were diverse, with
the DSC being the most widely applied. Across the included
studies, DSC values ranged from 0.734 [41] to 0.996 [26] with
the highest scores generally associated with convolutional neu-
ral network models based on the 3D U-Net architecture
[5,21,25,29,30,38,40,43]. Another frequently reported metric
was the Hausdorff Distance (HD), examined in 20 studies, with
values ranging from 0.045 [35] to 8.538 mm [34]. In general,
lower HD values were observed for bone structure segmenta-
tion, whereas larger discrepancies occurred in the segmentation
of more complex structures such as the periodontal ligament.
Additional metrics, including the Intersection over Union (IoU)
coefficient and the Average Surface Distance (ASD), were also
investigated, supporting the reliability of segmentation in struc-
tures with well-defined boundaries [4,23,37].
TABLE III
Cohen's Kappa (k) Index of inter-rater agreement of the QUADAS-2 

Risk of bias 

QUADAS-2 domain Patient selection Calculated indices Refere

Cohen's Kappa (k) 0.6517 0.6517 0

1Landis J.R., Koch G.G. The measurement of observer agreement for categorical data. Bio

10
Importantly, segmentation performance was not uniform across
all jawbone structures. Several studies reported higher DSC
values for trabecular bone than for cortical bone, with Tian
et al. observing mandibular trabecular segmentation at 0.968
compared to 0.936 for cortical regions [25]. Similarly, Gillot et al.
found lower accuracy for maxillary cortical bone (0.853) com-
pared with mandibular bone (0.962) [34]. The segmentation of
thin cortical plates, alveolar crests, and regions affected by
metallic artifacts tended to yield lower scores than larger,
well-defined structures such as the mandibular body or condyle.

Reference standard
Manual segmentation performed by experienced clinical
experts served as the reference standard in most studies. In
those specifying the evaluators' profiles, segmentation was
primarily conducted by dentists, radiologists, or oral and maxil-
lofacial surgery specialists with extensive experience [21,29,33,
34,38,41,43,48]. Some studies employed semi-automatic meth-
ods or AI-refined segmentations as alternatives to purely man-
ual approaches [7,22,44]. Overall, a high level of agreement was
observed between automated and manual segmentation, with
intraclass correlation coefficients (ICC) reaching values as high as
0.98, indicating excellent reproducibility [24].

CBCT devices used
CBCT images were acquired using a wide range of scanners, with
the NewTom® VGi evo, Morita® Veraview, Alphard® 3030,
Accuitomo® 3D, and i-CAT® CBCT among the most common.
Some studies incorporated data from multiple devices across
different clinical centers, enabling more robust model validation
[7,25]. Despite promising results, several challenges were iden-
tified, including variability in image quality due to differences in
voxel resolution and acquisition protocols [31,37,49], as well as
the presence of metallic artifacts from dental restorations,
implants, and orthodontic appliances, which reduced model
accuracy in affected regions [4,35].

Risk of bias
The risk of bias for each study was independently assessed by
two reviewers (A.M.I. and A.V.) using the QUADAS-2 tool, with
results for each domain summarized in tables. The evaluated
domains included patient selection, index test accuracy, refe-
rence standard, and study flow and timing. Overall, the QUADAS-
2 assessment indicated a low global risk of bias, with some
methodological uncertainties related to index test calculation
tool, according Landis and Koch1

Applicability criteria

nce standard Time flow Patient selection Reference standard

.6517 0.6517 0.7832 1.0000

metrics. 1977;33(1):159–74. PMID: 843571.
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and study flow/timing. Inter-rater agreement (table III) showed
substantial concordance in "patient selection'' (k = 0.8864) and
"index test'' (k = 0.8276), and moderate agreement for "refer-
ence standard'' and "flow/timing'' (k = 0.7727). Regarding
applicability, moderate agreement was found for both "patient
selection'' (k = 0.7727) and "reference standard'' (k = 0.6429),
indicating reasonable consistency between reviewers.
The GRADE evaluation [19,20] showed that the overall certainty
of evidence ranged from low to moderate (table IV). The pri-
mary outcome, segmentation accuracy, was rated as moderate
certainty, supported by consistent reporting of high DSC values
across most studies but downgraded due to retrospective
designs, small and heterogeneous sample sizes, and lack of
external validation. Efficiency outcomes (processing time) were
judged to have low certainty, as only a limited number of studies
reported this metric and with heterogeneous methodologies.
The certainty of evidence for generalizability and clinical appli-
cability was considered low to moderate, mainly due to reliance
on single-centre datasets and inconsistent reporting of anatom-
ical subregions. No criteria for upgrading were met.

Discussion
The aim of this systematic review was to synthesize and analyse
the evidence on the effectiveness of automated segmentation
of maxillary and mandibular bones in CBCT images using AI, with
a focus on accuracy, efficiency, and clinical applications in den-
tistry. In particular, architectures based on CNNs were evaluated.
Deep learning, especially CNNs, remain the most common AI
approach for CBCT-based jawbone segmentation. U-Net archi-
tectures and their 2D/3D variants remain the most frequently
employed approach and consistently report favourable segmen-
tation outcomes [24,29,33,37,39,40].
However, the robustness of these findings is constrained by
methodological weaknesses: all included studies were retro-
spective, sample sizes were often small and heterogeneous,
and no study reported a priori power calculations. Moreover,
datasets were largely single-centre, with limited external vali-
dation, and performance varied according to anatomical region,
with cortical bone and alveolar crest segmentation proving more
challenging than trabecular bone. Taken together, these limi-
tations indicate that while AI-based segmentation demon-
strates technical promise and faster processing compared to
manual methods, the certainty of evidence is low to moderate,
and clinical generalizability remains unproven.

Accuracy and efficiency
Segmentation accuracy is typically assessed using metrics such
as the DSC, IoU, and HD [4,5,22,25,29,33,43,44]. Reported DSC
values for jawbone segmentation range between approxi-
mately 80 and 98% [4,5,25,28,29,40,43,44]. For example, Tian
et al. achieved mean DSCs of 93.69%, 96.83%, 86.14%, and
95.57% for different mandibular structures [29], whereas Preda
tome 24 > n81 > March 2026
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et al. reported 92.6% for maxillofacial bone segmentation [40].
Accuracy may vary according to bone type, CBCT image quality,
artifact presence, and dataset characteristics [7,28,29].
These variations have direct clinical implications. Underestima-
tion of cortical bone thickness may compromise assessments of
safe sites for TAD insertion or implant stability, while reduced
accuracy in the alveolar crest could affect orthodontic movement
planning and risk evaluation for dehiscence. Conversely, reliable
segmentation of trabecular bone and mandibular condyles sup-
ports accurate implant trajectory planning and orthognathic
simulations. Therefore, clinicians should be aware that although
AI achieves high average accuracy, performance is structure-
dependent, and errors in critical regions may translate into
clinically significant consequences.
In terms of efficiency, AI-based segmentation methods signifi-
cantly outperform manual and semi-automatic techniques.
Automated segmentation times are usually measured in sec-
onds or minutes per scan, compared to tens or hundreds of
minutes for manual segmentation [4,29,33,40,43]. One study
reported a mean automated segmentation time of 0.25 minutes
versus 12.9–17.7 minutes for manual refinement [29], while
another found a 204-fold time reduction, averaging 39.1 sec-
onds per scan [40].

Key elements and optimal performance
The U-Net algorithm is the most widely used and generally
accurate for maxillary segmentation [24,29,33,37,39,40]. Two-
stage deep learning systems enhance accuracy and manage
CBCT variability [29]. The MONAI framework also stands out as a
valuable tool for developing medical image segmentation mo-
dels [22,31,38].
The literature highlights the importance of large, multicentre
datasets to train robust and generalizable AI models [7,29].
Variability in image quality and acquisition parameters across
centres requires training on diverse CBCT scans [7,29].
The DSC remains the most consistently reported accuracy metric
[4,5,22,25,28,29,40,43,44], while efficiency is typically evalu-
ated through segmentation time [4,29,33,40,43].

Comparison with traditional methods
AI-based segmentation offers clear advantages over traditional
maxillary segmentation techniques [4,29], which include
thresholding [29], region growing [38], edge detection [29],
watershed algorithms [5], clustering, and classical machine
learning methods [29].
Cui et al. [7] and Tian et al. [29] report key improvements with
AI-based segmentation. Traditional methods often struggle with
CBCT limitations such as low contrast, artifacts, and image noise
[7,29], whereas AI methods achieve high performance, with
DSCs often � 90% [7,24,25,29,40]. In some cases, AI models
even slightly outperform expert radiologists; for example, Cui
et al. [7], obtained a mean DSC 0.5% higher for tooth and bone
segmentation.
12
A major advantage of AI-based segmentation is speed
[4,7,26,44]. Manual segmentation can take tens or hundreds
of minutes per scan [5,31,37,38], and semi-automatic methods
still require substantial operator input [36,44]. AI systems can
complete segmentation in seconds or minutes [4,7,26,29,44].
For instance, one study reported 0.25 minutes for AI segmenta-
tion compared with 12.9–17.7 minutes for manual refinement,
while another achieved complete segmentation in 17 seconds
compared to 147–160 minutes for radiologists [7].
Traditional non-fully-automated methods are operator-depen-
dent, introducing variability and potential errors [31,36,37,44].
In contrast, AI methods are automatic, consistent, and repro-
ducible [7,25], with studies showing better intra- and inter-
operator consistency compared to manual segmentation [44].

AI solutions to traditional challenges
Classical approaches such as thresholding and edge detection
struggle with low contrast, noise, and CBCT artifacts [29,38],
whereas deep learning models are less affected by these issues
[7,49].
Traditional methods often require manual initialization, land-
mark selection, or post-processing [7], while newer AI systems
aim for fully automated workflows [7,25,29].
AI-based methods have enabled segmentation of internal struc-
tures such as cortical and cancellous bone and the mandibular
canal, rather than only gross maxillary bone boundaries [26,44].
Xu et al. [34] even achieved segmentation of the periodontal
ligament, providing valuable anatomical detail for treatment
planning and simulation purposes with finite element analysis.
Although in some cases manual segmentation may achieve
slightly higher accuracy, this is generally at the cost of consider-
ably longer processing times [4]. The efficiency and improving
accuracy of AI-based methods make them increasingly valuable
for digital workflows [25,29].

Advantages of AI-based segmentation
Effective management of image imperfections
Traditional segmentation struggles with noisy CBCT data, low
contrast, and artifacts [4,29,38,41]. Threshold-based segmenta-
tion performs poorly in low signal-to-noise and low-contrast
images [4,38], while metallic restorations and implants produce
artifacts that hinder accurate segmentation [25,29,34,38].
Deep learning-based AI methods better manage noise, artifacts,
and intensity variations in CBCT images [24,25,29,49]. These
models learn complex features from large datasets, reducing
sensitivity to such issues [43,44,49]. AI segmentation has been
shown to be less affected by artifacts than thresholding [49],
and robust segmentation of teeth and bone has been reported
despite blurred boundaries [7].
Network architecture and training strategies further enhance
performance. For example, one study incorporated a filtering
module into the network to improve bone boundary contrast
[7], while Chen et al. embedded anatomical constraints into a U-
tome 24 > n81 > March 2026
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Net to increase accuracy [24]. Transformer-based models have
also shown promise in handling artifacts from restorative dental
materials in CBCT scans [24].

Generalization across populations and protocols
Generalization remains a debated topic [7,25]. Early AI methods
and traditional approaches often suffer from poor generalizabil-
ity due to reliance on small, single-center datasets with specific
imaging protocols and demographics [7,38,44]. Recent AI stud-
ies emphasize the need for large, multicenter datasets with
diverse populations and protocols to improve robustness [7,25].
Traditional methods frequently fail to generalize to data
acquired with different scanners or patient groups [29,38,48].
Limited diversity in CBCT devices and anatomies restricts model
applicability [31,35]. Studies evaluating AI systems on external
datasets report better generalization [7]. For instance, one
system maintained consistent performance on data from
15 centres despite image variations [7], and another improved
segmentation accuracy across different scanner manufacturers
using a smaller training set [25].
To enhance generalization, strategies include two-stage seg-
mentation to account for field-of-view differences and ROI resiz-
ing to standardize voxel sizes [29]. Pre-processing techniques
such as rotation, flipping, cropping, and intensity variation
further strengthen model robustness [7,29,44].

Limitations of AI-based segmentation
A major limitation is the need for large, high-quality annotated
datasets, which are often difficult and costly to obtain
[4,7,25,26,29,34,35]. Deep learning performance depends
heavily on training data, and small datasets can hinder gener-
alization to different imaging protocols and patient populations
[25]. Many existing methods have been tested on limited data-
sets [7,32], and exhaustive annotation for training imposes a
significant workload [29].
Another concern is potential bias from non-representative train-
ing data [24]. Lack of heterogeneity – such as training only on
one CBCT device type or narrow patient demographics – can
introduce bias and reduce generalization [24,35]. Inaccurate
manual annotations used as ground truth may also compromise
model evaluation [24].
Additional challenges include high-density artifacts from
implants, motion artifacts, complex anatomical variations such
as deformed mandibular condyles, and difficulty segmenting
fine cortical bone boundaries [29,41]. Poorly defined defect
margins and crowded dentition add further complexity [5,34],
potentially leading to under- or over-segmentation that requires
refinement [29].

Clinical implications
AI-based automated maxillary segmentation represents a dis-
ruptive advance in dental clinical practice. In surgical planning,
AI enables precise, patient-specific 3D models and surgical
guides for orthognathic surgery and implant placement,
tome 24 > n81 > March 2026
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improving accuracy and efficiency. AI can also assist in mandib-
ular asymmetry analysis relevant to surgical planning [37].
In surgery and implantology, AI supports assessment of alveolar
bone quality and quantity and identification of vital anatomical
structures such as the mandibular condyle [42], mandibular
canal, and maxillary sinus [36], enhancing surgical safety
[22,25,49], and potentially reducing planning time [4,25,26].
Automated segmentation is particularly valuable in edentulous
cases, aiding anatomical reconstruction and implant planning
[31].
In orthodontics, AI facilitates longitudinal assessment of bone
changes during treatment by comparing sequential 3D models,
improving therapeutic monitoring [24]. It also aids in identifying
anatomical variations such as mandibular asymmetry [37] and
planning precise placement of temporary anchorage devices
(TADs) by automatically measuring palatal bone thickness
[32]. Automated segmentation has proven useful in orthodontic
planning for patients with cleft alveolus and palate, where
anatomy is complex [5,38,45], and also for the generation of
finite element analysis models used for 3D simulations [34].
By enabling rapid generation of patient-specific 3D models from
CBCT data, AI fosters personalized, fully digital dentistry
[26,28,29,40], supporting individualized treatment planning,
detailed clinical simulations, and device fabrication tailored to
patient anatomy [29,40,44]. Integration with other data sour-
ces, such as intraoral scans, further enhances model accuracy
[23,28].
Future perspectives
Future research should focus on improving AI robustness and
accuracy [24,27,29,31,32,35,39], including training on larger,
more diverse datasets encompassing various anatomies,
pathologies, and CBCT devices [24,27,29,31,32,35,39]. Algo-
rithms should better handle challenging cases with artifacts
and anatomical variability [24,25,29,31,39], and explore
advanced architectures such as transformer-based models
[24,38,39]. Further development is needed for accurate sub-
structure segmentation, including cortical and cancellous bone
and the mandibular canal [22,27,39,40], as well as differentia-
tion of individual teeth and bony segments [25,27].
Integrating CBCT with other imaging modalities, such as intraoral
scans, can improve crown reconstruction accuracy and generate
more complete 3D models [7,25,26,35,47].
Demonstrating clinical utility requires rigorous validation studies
and clinical trials [25–29,33,35,40,43], including external vali-
dation on diverse datasets and CBCT scanners
[27,31,32,35,39,40], and comparison with expert manual seg-
mentation using standard metrics such as the DSC
[4,22,24,25,29,40,41,43,48]. Consistent reporting of time effi-
ciency versus manual methods is also needed [4,26,28–
30,32,33,35,36,38,40,41,43,47]. More clinical trials are required
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to assess the impact on treatment planning, surgical outcomes,
and overall patient care [25,27,28,35].

Limitations of the present work
Although reported accuracy values were generally high, the
evidence base is weakened by several methodological limita-
tions. All included studies were retrospective, most used small
and heterogeneous samples, and none reported power calcu-
lations. Furthermore, datasets were largely single-centre, limit-
ing external validity. These factors increase the risk of bias and
reduce the certainty of evidence. Therefore, the results should
be interpreted with caution, as the current evidence demon-
strates technical feasibility rather than established clinical
reliability.

Conclusions
This systematic review suggests that AI-based segmentation of
maxillary and mandibular bones in cone-beam computed
tomography (CBCT) shows promising performance, with high
accuracy metrics and reduced processing times compared with
manual techniques. These findings indicate a potential to facili-
tate the generation of anatomically precise 3D models for
diagnosis, surgical planning, and orthodontic treatment.
Supplementary data
Supplementary data associated with this article can be f
2025.101081.
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