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Abstract
Purpose: To evaluate the effects of exposure protocol, voxel sizes, and artifact removal
algorithms on the trueness of segmentation in various mandible regions using an
artificial intelligence (AI)-based system.
Materials and methods: Eleven dry human mandibles were scanned using a cone
beam computed tomography (CBCT) scanner under differing exposure protocols (stan-
dard and ultra-low), voxel sizes (0.15 mm, 0.3 mm, and 0.45 mm), and with or
without artifact removal algorithm. The resulting datasets were segmented using an
AI-based system, exported as 3D models, and compared to reference files derived
from a white-light laboratory scanner. Deviation measurement was performed using
a computer-aided design (CAD) program and recorded as root mean square (RMS).
The RMS values were used as a representation of the trueness of the AI-segmented
3D models. A 4-way ANOVA was used to assess the impact of voxel size, exposure
protocol, artifact removal algorithm, and location on RMS values (α = 0.05).
Results: Significant effects were found with voxel size (p < 0.001) and location (p <
0.001), but not with exposure protocol (p = 0.259) or artifact removal algorithm (p =
0.752). Standard exposure groups had significantly lower RMS values than the ultra-
low exposure groups in the mandible body with 0.3 mm (p = 0.014) or 0.45 mm (p <
0.001) voxel sizes, the symphysis with a 0.45 mm voxel size (p= 0.011), and the whole
mandible with a 0.45 mm voxel size (p= 0.001). Exposure protocol did not affect RMS
values at teeth and alveolar bone (p = 0.544), mandible angles (p = 0.380), condyles
(p = 0.114), and coronoids (p = 0.806) locations.
Conclusion: This study informs optimal exposure protocol and voxel size choices in
CBCT imaging for true AI-based automatic segmentation with minimal radiation. The
artifact removal algorithm did not influence the trueness of AI segmentation. When
using an ultra-low exposure protocol to minimize patient radiation exposure in AI seg-
mentations, a voxel size of 0.15 mm is recommended, while a voxel size of 0.45 mm
should be avoided.
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Cone beam computed tomography (CBCT) is a commonly
used diagnostic tool for dental surgeries. CBCT has several
advantages over conventional computed tomography (CT),
including the lower radiation dose, reduced cost, short scan
period, and wide availability.1,2 On the other hand, CBCT
images have less contrast resolution with more noise than
conventional CT. Thus, it is more challenging to perform
automatic segmentation using CBCT datasets.3,4 Accurate
segmentation is the key to achieving the desired diagnostic
and planning outcomes.5–8 Segmentation, along with the
resulting 3D model, opens up a range of possibilities for
various clinical applications. These include guided implant
surgery, guided endodontics procedures, apical surgeries,
the creation of donor teeth replicas and surgical templates
for tooth autotransplantation, digital orthodontic applica-
tions, and virtual orthognathic surgery planning.9 Traditional
segmentation processes for anatomical structures have
been manual, involving laborious slice-by-slice labeling,
or semi-automatic, where software delineates the region of
interest based on user-defined thresholds or inputs. However,
these common methods, including thresholding and semi-
automatic techniques, are fraught with limitations such as
missing intricate bony details, being time-consuming, having
a steep learning curve, observer variability, and necessitating
manual adjustments. These issues are exacerbated when
dealing with metal artifacts, as they require extensive manual
post-processing due to similar grey values between bone
and artifacts.10 Additionally, fully automated tooth and bone
segmentation that depends solely on the intensity variations
in CBCT imaging is challenging due to the absence of
Hounsfield units, minimal contrast differences among dental
structures, and artifacts in the jaw bone area.3,4,9

The artificial intelligence (AI)-based segmentation
showed promising performance in eliminating operator
dependency.11 A significant part of developing and inte-
grating these AI-based automatic segmentation systems is
ensuring their simplicity of use along with an accurate and
fast performance that surpasses the healthcare professionals’
skills and expectations.12–15 The most common techniques
used for automatic segmentation are Statistical Shape
Analysis and Convolutional neural networks (CNNs).16 In
particular, CNNs use supervised learning to generate a con-
necting pattern of neurons compared to the architecture of the
visual cortex.13,17 CNNs showed satisfactory discriminatory
intelligence in multiple clinical tasks, such as diagnosing
different types of odontogenic cystic lesions, peri-apical
pathosis, and alveolar bone loss.6,18–21 Given the shortcom-
ings of traditional segmentation methods, the recent use of
CNNs has shown superior performance in modeling the den-
tomaxillofacial region, surpassing previous algorithms. These
CNNs have demonstrated effective and promising outcomes
in CBCT-based automated segmentation tasks, including
the teeth, upper airway, inferior alveolar nerve canal, and
maxillary sinus.10 The U-Net architecture, renowned for
automatic segmentation, adapts the CNN framework into
an encoder-decoder network for efficient feature extraction

and pixel-level classification, similar to SegNet’s end-to-end
capabilities.22 Diagnocat (DGNCT LLC, Miami, FL) is an
online platform leveraging CNNs, specifically a modified
3D U-Net architecture for semantic segmentation. Users
can upload 2D or 3D digital imaging datasets for analysis,
where the system generates segmentation masks for teeth,
caries lesions, and anatomical structures. The architecture
has two main paths: an encoder, which compresses input into
abstract features, and a decoder, which expands these fea-
tures to localize regions of interest accurately. The encoder
reduces feature map resolution using 3D convolutions,
while the decoder uses a combination of convolutions to
refine and concatenate features across levels. Segmenta-
tion layers at various levels contribute to the final output
through element-wise summation, enhancing the localization
accuracy.18,19,23–25

When considering virtual planning that involves the devel-
opment of segmented 3D models, CBCT imaging quality is
critical.26 The CBCT imaging quality varies depending on
the scanner device, exposure parameters, and the presence
of artifacts.27,28 The resulting resolution is also influenced
by the voxel size in which the smaller the voxel size, the
higher the spatial resolution image. However, reducing the
voxel size requires a higher radiation dose and leads to
more image noise and longer scanning time.27,29–32 Differ-
ent artifacts might also appear in reconstructed 3D images.
CBCT artifacts can be classified as X-ray beam-related arti-
facts, patient-related artifacts, scanner-related artifacts, and
image noise.33,34 CBCT image quality is negatively affected
by artifacts, which then impairs the diagnosis and planning
process.35,36 Therefore, the artifact removal algorithm was
developed by several CBCT manufacturers to reduce image
noise, metal, and motion-related artifacts.1,37,38 Radiation
dose varies significantly among different CBCT scanners and
it is highly dependent on the exposure parameters selected.
The ALARA principle (as low as reasonably achievable)
aims to reduce radiation dose while maintaining the neces-
sary image quality for a specific diagnostic task. Recently an
ultra-low dose algorithm was introduced, reducing the radia-
tion dose while maintaining diagnostically acceptable image
quality. The algorithm reduces the radiation dose significantly
of the standard protocol.39,40

These CBCT-related exposure parameters and artifact
removal algorithms might influence the AI-based automatic
segmentation accuracy, and studies related to the accu-
racy of newly developed AI-based automatic segmentation
platforms are scarce. Therefore, this study aimed to evalu-
ate the effects of exposure protocol (normal and ultra-low
exposure protocols), voxel sizes (0.15 mm, 0.3 mm, and
0.45 mm), and artifact removal algorithm, on the trueness of
segmentation at different regions of the mandible using an
established AI-based automatic segmentation system (Diag-
nocat AI; DGNCT LLC). The null hypotheses of this study
were that the voxel sizes, artifact removal algorithm, loca-
tions in the mandible, and exposure protocol would not affect
the trueness of AI segmented 3D models.
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576 ALRASHED ET AL

F I G U R E 1 Flowchart of the study design.

MATERIAL AND METHODS

Eleven deidentified dry human mandibles were obtained from
the Department of Anatomy, Cell Biology, and Physiology
of Indiana University School of Medicine. The inclusion cri-
teria for the present study were partially edentulous human
mandibular jaws with at least one remaining tooth. This is
due to the limitation of the AI-based automatic segmentation
system (Diagnocat AI; DGNCT LLC) requiring at least one
remaining tooth to process the CBCT dataset. On the other
hand, mandibular jaws with any type of defect (such as frac-
tures or tumors) were excluded. The study design and flow
diagram are depicted in Figure 1.

The 11 human mandibles were scanned using a CBCT
scanner (Planmeca Viso G7; Planmeca USA Inc, Hoff-
man Estates, IL) in a field of view (FOV) measuring 100
× 140 mm with standard exposure protocols and various
voxel sizes. The first exposure protocol was set as follows:
0.15 mm voxel size, anode voltage of 100 kV, and anode
current per second of 63 mAs. The second exposure protocol
was set at 0.3 mm voxel size, anode voltage of 100 kV, and
anode current per second of 40 mAs. The third exposure
protocol was set at 0.45 mm voxel size, anode voltage of
100 kV, and anode current per second of 32 mAs. A total of
33 CBCT scans resulted and were saved as digital imaging
and communications in medicine (DICOM) files (Group 1,
Group 2, and Group 3, n = 11). Table 1 depicts the conditions
of each study group. Another 33 CBCT scans were taken in
the same previously mentioned exposure protocols with the
application of an artifact removal algorithm. This created an
additional 33 DICOM datasets (Group 4, Group 5, and Group
6, n = 11). All 66 DICOM datasets were segmented with
an AI-based automatic segmentation system (Diagnocat AI).
The resulting 3D models were saved as standard tessellation
language (STL) files. In this study, patient-related artifacts
were not expected to occur since the scans were performed
on dry mandibles. However, the X-ray beam, scanner-
related artifacts, and image noise were inspected in the
scans.

The 11 human mandibles were scanned again using the
same CBCT scanner (Planmeca Viso G7) with ultra-low
exposure protocol in an FOV measuring 100 × 140 mm and
with different voxel sizes. The first exposure protocol was set
as follows: 0.15 mm voxel size, anode voltage of 100 kV,
and anode current per second of 16 mAs. The second expo-
sure protocol was set at 0.3 mm voxel size, anode voltage of
100 kV, and anode current per second of 10 mAs. The third
exposure protocol was set at 0.45 mm voxel size, anode volt-
age of 100 kV, and anode current per second of 8 mAs. A
total of 33 CBCT scans were saved as 33 DICOM datasets
(Group 7, Group 8, and Group 9, n = 11). Similarly, another
33 CBCT scans were taken in the same ultra-low exposure
protocols by applying an artifact removal algorithm. The
resulting 33 DICOM datasets represent Group 10, Group 11,
and Group 12 (n = 11). These 66 DICOM datasets were seg-
mented by the same AI-based automatic segmentation system
(Diagnocat AI; DGNCT LLC), and the resulting 3D models
were saved as STL files.

Surface scans for the 11 mandibles were obtained by a
white-light laboratory scanner (GoScan Spark; Creaform 3D,
Canada).41 As per the manufacturer’s specifications, the scan-
ner is capable of measuring with precision up to 0.05 mm and
achieving a volumetric accuracy of 0.050 mm+ 0.150 mm/m.
The resulting STL files from the surface scans were used
as the gold standard (reference scan) during the registration
process to compare the trueness of the experiential 3D mod-
els. Each mandible’s surface scan STL file was imported into
CAD-CAM software (Autodesk Meshmixer; Autodesk Inc,
San Francisco, CA). Anatomical areas of the mandible were
selected and separated as follows: right and left condyles,
right and left coronoids, right and left ramus, right and left
angle of the mandible, the body of the mandible, teeth and
alveolar bone, and symphysis (Figure 2). Then, each anatom-
ical area was saved as an STL file and used as the reference
for subsequent study group comparisons.

A CAD software program (Geomagic Design X; 3D Sys-
tems Inc, Rock Hill, SC) was used for 3D model alignment
and deviation measurement. For each comparison, the STL
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SEGMENTATION TRUENESS OF AN AI-BASED SYSTEM 577

TA B L E 1 Study group allocations.

Group Exposure protocol Artifact removal algorithm Voxel sizes

Standard Ultra-Low No Yes 0.15 0.3 0.45

1 √ √ √

2 √ √ √

3 √ √ √

4 √ √ √

5 √ √ √

6 √ √ √

7 √ √ √

8 √ √ √

9 √ √ √

10 √ √ √

11 √ √ √

12 √ √ √

F I G U R E 2 The anatomical areas, including
right and left condyles, right and left coronoids, right
and left ramus, right and left angle of the mandible, the
body of the mandible, teeth and alveolar bone, and
symphysis, were saved as individual STL files and
used as the references for subsequent study group
comparisons.

F I G U R E 3 (a) STL file of the surface scan was
used as a reference, and the AI-segmented 3D model
was used as testing data in a CAD software program
(Geomagic Design X; 3D Systems Inc, Rock Hill, SC);
(b) Four anatomical points (right and left mental
foramen, and right and left antegonial notch) were used
for the initial alignment; (c) Initial alignment; (d) Global
and fine alignment was applied to complete alignment
process.

file of the surface scan was used as a reference, and the AI-
segmented 3D model was used as testing data (Figure 3a).
The data alignment was done using picked points, global,
and fine alignments. Four anatomical points (right and left
mental foramen, and right and left antegonial notch) were
used for the first step in the alignment process (Figure 3b,c).
Then, global and fine alignment was applied (Figure 3d). The
deviation between reference surface scans and AI-segmented
3D models was evaluated by root-mean-square (RMS) val-

ues. The RMS value was recorded for each anatomical area
of each mandible and the whole mandible. The RMS val-
ues were used as a representation of the trueness of the
AI-segmented 3D models. Beyond the RMS values, color
maps were employed to depict the differences between the
AI-segmented 3D models and the matching reference sur-
face scans. Areas where AI-segmented 3D models exceeded
the size of the corresponding reference files were classi-
fied as positive deviations, represented by shades ranging
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578 ALRASHED ET AL

from yellow to red. Conversely, blue areas indicated nega-
tive deviations, signifying instances where the AI-segmented
3D models were smaller than the associated reference files.

With a sample size of 11 mandibles, the study had 80%
power to detect an effect size of 1.0 (a 1 standard deviation
difference) for differences between groups and for signifi-
cance from zero deviation within groups, based on paired
t-test/one sample t-test calculations and a two-sided 5% sig-
nificance level. Eleven mandibles met the inclusion criteria
and were included in this study. The effects of voxel size,
exposure protocol, artifact removal algorithm, and location
on RMS values were evaluated using a 4-way analysis of
variance (ANOVA). The ANOVA model incorporated fixed
effects for 4 factors, encompassing all possible interactions
up to the 4-way level. It allowed for heteroscedasticity
by permitting different variances for each location. The
ANOVA also included random effects to address the within-
mandible correlation of measurements. This model handled
the repeated measures on each mandible, the correlation
within each group defined by the combination of expo-
sure protocol, artifact removal algorithm, voxel size, and the
correlation among measurements at each location within a
mandible. A two-sided 5% significance level was used for all
tests in a software program (SAS version 9.4; SAS Institute
Inc, Cary, NC).

RESULTS

The descriptive statistics are presented in Table 2. A 4-way
ANOVA revealed that there was not a statistically significant
4-way interaction among the effects of voxel size, exposure
protocol, artifact removal algorithm, and location (p= 0.980).
The 3-way interaction among the effects of voxel size, expo-
sure protocol, and location was significant (p = 0.016). The
2-way interactions between the effects of exposure protocol
and location (p < 0.001), and voxel size and location (p <

0.001) were also significant. The effects of voxel size (p <

0.001) and location (p < 0.001) were significant, however,
those of exposure protocol (p = 0.259) and artifact removal
algorithm (p = 0.752) were not.

Standard exposure groups had significantly lower RMS
values than those of the ultra-low exposure groups for the
body of the mandible with 0.3 mm (p = 0.014) or 0.45 mm
(p < 0.001) voxel sizes, for symphysis with a 0.45 mm voxel
size (p = 0.011), and whole mandible with a 0.45 mm voxel
size (p = 0.001). Standard exposure had significantly higher
RMS values than those from the ultra-low exposure groups
for ramus with a 0.45 mm voxel size (p = 0.042). Exposure
protocol did not affect RMS values at the locations of teeth
and alveolar bone (p = 0.544), right and left angle of the
mandible (p = 0.380), right and left condyles (p = 0.114),
and right and left coronoids (p = 0.806).

Voxel size had a significant effect for all locations, but the
effect varied across locations. For right and left condyles,
right and left coronoids, right and left ramus, teeth and
alveolar bone, symphysis, and whole mandible, 0.45 mm

voxel size groups had significantly higher RMS values than
the 0.15 mm and 0.3 mm voxel sizes groups (p < 0.001). At
the body of the mandible with standard exposure protocol,
the RMS value was significantly higher in the 0.15 mm
voxel size groups when compared to 0.3 mm (p = 0.039)
and 0.45 mm (p < 0.001) voxel size groups. At the right and
left coronoids, the RMS value was significantly higher in
the 0.30 mm voxel size groups when compared to 0.15 mm
voxel size groups (p = 0.022). For the right and left angles of
the mandible and whole mandible regardless of the exposure
protocol, the RMS value was significantly higher in the
0.15 mm voxel size groups when compared to 0.3 mm voxel
size groups (p = 0.017 and p = 0.046, respectively).

Color maps of the surface matching differences for each
group are shown in Figure 4. The green-colored area rep-
resents surface matching within a range of ±0.1 mm. The
AI-based automatic segmentation exhibits positive deviation
when compared to the gold standard surface scan, depicted
by the colors yellow and red. Conversely, the negative devia-
tion is represented by the color blue. In the case of a voxel
size of 0.15 mm, the mandible displays green and yellow
regions (positive deviation), except for the ramus and condyle
regions that appear blue (negative deviation) (Figure 4a,d,g,j).
For a voxel size of 0.3 mm, positive deviation is observed at
the anterior of the mandible, excluding the symphysis. Con-
versely, a negative deviation is present in the posterior regions
(Figure 4b,e,h,k). For the 0.45 mm voxel size group, the body
and symphysis areas are depicted in blue (negative deviation)
(Figure 4c,f,i,l).

DISCUSSION

The null hypotheses of this study were partially rejected.
Although exposure protocol and artifact removal algorithm
did not affect the trueness of AI-segmented 3D models, voxel
sizes and locations in the mandible demonstrated significant
effects. CBCT scanners most often have a variety of scanning
protocols that allow the selection of desired exposure proto-
cols. The quality of CBCT images acquired from ultra-low
exposure protocol was assessed in previous studies for dif-
ferent diagnostic tasks and contradicting results were found.
Yeung et al. aimed to determine whether or not observers
gave significantly different ratings to the CBCT image qual-
ity acquired pre- and post-root canal treatment with different
exposure protocols; ultra-low dose (ULD), standard (SM),
and high-resolution mode (HR). The ULD does not appear to
have a negative impact on the diagnostic quality of the CBCT
images based on the observers’ ratings. On the other hand,
observer specialty, treatment phase, type of post, and tooth
number, showed significant effects.42 Another study investi-
gated the influence of 3 different ultra-low exposure protocols
(UL-Low dose, UL-Mid Dose, and UL-High dose) on the
quality of CBCT images for implant treatment planning
radiographic evaluations.39 The tube current-exposure time
and the voxel size were as follows; UL-LD of 7.5mAs/400
μm, UL-MD of 22.4mAs/200 μm, and UL-HD of 28mAs/150
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SEGMENTATION TRUENESS OF AN AI-BASED SYSTEM 579

TA B L E 2 The descriptive statistics of the root mean square (RMS, mm) of each group, mean (standard deviation).

Voxel size

Location Exposure protocol
Artifact removal
algorithm 0.15 0.3 0.45

Right and left angle of the mandible Standard No 1.127 (0.271) 1.020 (0.239) 1.116 (0.204)

Standard Yes 1.124 (0.276) 1.082 (0.227) 1.059 (0.282)

Ultra-Low No 1.111 (0.247) 0.997 (0.226) 1.104 (0.219)

Ultra-Low Yes 1.067 (0.229) 1.015 (0.199) 1.075 (0.241)

Teeth and alveolar bone Standard No 1.338 (0.057) 1.357 (0.075) 1.455 (0.137)

Standard Yes 1.335 (0.078) 1.379 (0.115) 1.423 (0.100)

Ultra-Low No 1.369 (0.065) 1.367 (0.055) 1.428 (0.077)

Ultra-Low Yes 1.343 (0.064) 1.360 (0.050) 1.460 (0.120)

Body of the mandible Standard No 1.393 (0.230) 1.336 (0.172) 1.299 (0.234)

Standard Yes 1.390 (0.229) 1.345 (0.199) 1.290 (0.233)

Ultra-Low No 1.432 (0.258) 1.408 (0.186) 1.400 (0.264)

Ultra-Low Yes 1.445 (0.229) 1.395 (0.198) 1.436 (0.270)

Right and left condyles Standard No 0.738 (0.464) 0.843 (0.519) 1.424 (0.723)

Standard Yes 0.787 (0.500) 0.784 (0.501) 1.270 (0.546)

Ultra-Low No 0.782 (0.492) 0.723 (0.368) 1.179 (0.366)

Ultra-Low Yes 0.766 (0.468) 0.706 (0.387) 1.328 (0.472)

Right and left coronoids Standard No 0.611 (0.189) 0.691 (0.182) 0.956 (0.233)

Standard Yes 0.590 (0.223) 0.649 (0.207) 0.976 (0.324)

Ultra-Low No 0.575 (0.214) 0.642 (0.188) 0.948 (0.414)

Ultra-Low Yes 0.569 (0.221) 0.666 (0.199) 1.039 (0.410)

Right and left ramus Standard No 0.732 (0.131) 0.737 (0.128) 0.843 (0.151)

Standard Yes 0.729 (0.131) 0.722 (0.142) 0.827 (0.163)

Ultra-Low No 0.750 (0.131) 0.727 (0.143) 0.771 (0.152)

Ultra-Low Yes 0.704 (0.159) 0.732 (0.135) 0.802 (0.159)

Symphysis Standard No 0.500 (0.490) 0.442 (0.523) 1.387 (0.908)

Standard Yes 0.496 (0.533) 0.354 (0.282) 1.527 (1.043)

Ultra-Low No 0.395 (0.411) 0.465 (0.492) 1.770 (0.983)

Ultra-Low Yes 0.494 (0.548) 0.478 (0.460) 1.938 (1.090)

Whole mandible Standard No 1.139 (0.120) 1.124 (0.089) 1.244 (0.151)

Standard Yes 1.160 (0.131) 1.141 (0.134) 1.218 (0.118)

Ultra-Low No 1.198 (0.137) 1.150 (0.091) 1.272 (0.154)

Ultra-Low Yes 1.185 (0.140) 1.149 (0.106) 1.317 (0.162)

F I G U R E 4 Color map alignment deviation between gold standard surface scan and AI-based automatic segmentation STL files for each group. Red
color depicts as positive deviation of +1.00 mm, green color depicts the deviation between +0.10 mm to −0.10 mm, and blue color depicts negative deviation
of −1.00 mm. (a) Group 1; (b) Group 2; (c) Group 3; (d) Group 4; (e) Group 5; (f) Group 6; (g) Group 7; (h) Group 8; (i) Group 9; (j) Group 10; (k) Group 11;
(l) Group 12.
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580 ALRASHED ET AL

μm. The UL-Low dose exposure protocol produced CBCT
images that were not of acceptable diagnostic quality for
implant site evaluation. However, UL-Mid Dose and UL-
High dose exposure protocols produced CBCT images that
were of acceptable diagnostic quality in terms of image
quality, visualization of anatomical structures, and bone qual-
ity evaluation. In some circumstances, a standard exposure
protocol may be required to distinguish the borders of the
maxillary sinus and mandibular canal.39

Based on the present study results and the previous study
findings,39 due to the limitation of AI-based automatic seg-
mentation at the body of mandible, symphysis, and overall
whole mandible, it is not recommended to use AI-based
automatic segmentation for implant planning or orthog-
nathic surgery with ultra-low exposure protocol along with
0.45 mm voxel size.43 Implant planning or orthognathic
surgery requires accurate segmentation from CBCT scans
to ensure the proper fit of surgical templates. In contrast,
ultra-low exposure protocol was recommended to evaluate
maxillary impacted canines.44 In the medical field, physi-
cians explored the use of ultra-low-dose CBCT scans as a
means of reducing radiation exposure in patients undergoing
ear surgery. The study concluded that the use of ultra-low-
dose CBCT scans provided clinically sufficient image quality
of the ear, making it a viable option.45 According to the find-
ings of a medical retrospective cohort study, the diagnosis
accuracy of ultra-low-dose CBCT scans for radiographically
occult extremities fractures (82.8%) is somewhat lower than
the diagnostic accuracy of standard CBCT. The amount of
radiation exposure, on the other hand, was lowered by a factor
of seven, from 10.7 Sv to 1.5 Sv.40

Another key finding in the present study was that exposure
protocol did not affect the AI-based automatic segmenta-
tion trueness of all anatomical areas when the scans were
taken with a 0.15 mm voxel size. This might be because the
small voxel size produced high-resolution scans that were
not affected by the noise from the ultra-low exposure proto-
col. Considering these findings, the utilization of an ultra-low
exposure protocol is proposed when the chosen voxel size is
0.15 mm. This recommendation stems from the professional
obligation of dental practitioners to mitigate radiation dose
exposure to patients as much as practicable. With a voxel size
of 0.3 mm using the ultra-low exposure protocol, the segmen-
tation trueness was compromised at the body of the mandible,
although trueness was maintained in all other anatomical
locations. When increasing the voxel size to 0.45 mm, the
symphysis, body, and the entirety of the mandible showed
decreased segmentation trueness under ultra-low exposure
protocol compared to a standard exposure. Conversely, the
ramus demonstrated superior segmentation trueness under
ultra-low exposure protocol compared to a standard expo-
sure. This phenomenon suggested a promising outlook for
AI-based automatic segmentation utilizing ultra-low expo-
sure protocol. Even with the reduced radiation dose, AI is
capable of producing true segmentation for these scans.

The second objective of the present study was to assess
the influence of CBCT voxel size on AI-based automatic

segmentation trueness. The CBCT scanner (Planmeca Viso
G7) used in this study offers 5 voxel size options: 0.075,
0.15, 0.3, 0.45, and 0.6 mm. Of these, the 0.15, 0.3, and
0.45 mm voxel sizes are within the range found in most com-
mercially available CBCT scanners. Studies utilizing these
voxel sizes have been conducted to detect root fractures,
root resorption, caries lesions, and TMJ erosions, measure
3D segmentations, evaluate bone volume, and assess soft
tissue thickness.31 This study aimed to use parameters that
cover a wide array of clinical applications; therefore, voxel
sizes of 0.15, 0.3, and 0.45 mm were selected. One study
observed no significant difference in the linear measurement
of bone height and thickness across CBCT images recon-
structed using voxel sizes of 0.1, 0.2, 0.3, and 0.4 mm.46

Furthermore, there appeared to be no difference in the accu-
racy of linear measurements on 3D reconstructed models
between 0.2 and 0.4 mm voxel sizes,47,48 as well as between
0.15 and 0.3 mm voxel sizes.30 Similar findings were reported
for the accuracy of 3D reconstructed models and the reference
optical scan model at voxel sizes of 0.1, 0.2, and 0.3 mm.49

The volumetric accuracy of 3D tooth reconstruction remained
unaffected across different voxel sizes; specifically, 0.15 and
0.3 mm.50 In contrast, a study found that the accuracy of vol-
umetric measurements in CBCT scanning was affected by
voxel sizes and Hounsfield unit thresholds.51 For the detec-
tion of fine details, a smaller voxel size is recommended.52

The visual analysis of bone structure is also affected by voxel
size.53 Another study reported that the influence of voxel
size on accuracy may depend on the specific CBCT machine
used.54 The present study reveals that a voxel size of 0.45 mm
has an adverse effect on the trueness of AI-based automatic
segmentation at various anatomical regions, such as condyle,
coronoids, ramus, alveolar bone, teeth, symphysis, and the
entire mandible. To ensure true segmentation for implant
surgical guide fabrication, it is recommended to use either
0.15 mm or 0.3 mm voxel size with the AI-based automatic
segmentation technique. In addition to these findings, it is
important to note that the optimal voxel size, considering the
trade-off with radiation dose, is 0.3 mm.

The results of this study indicated that the artifact removal
algorithm has no impact on segmentation trueness. Given the
absence of metal structures in the mandible, Patient-related
artifacts were not anticipated in this study because the scans
were done on dry mandibles. However, the artifact removal
algorithm was used to reduce the X-ray beam, scanner-related
artifacts, and image noise. In line with a prior study, the use of
a metal artifact reduction option led to less variation in grey
values and a higher contrast-to-noise ratio. Optimal results
were obtained when the algorithm was activated, and the
phantom was positioned centrally within the volume. Image
quality also improved with an increase in peak kilovoltage.38

The lower RMS value observed at the condyles and symph-
ysis area can be attributed to the object’s location within the
FOV. Previous research has demonstrated that objects posi-
tioned near the FOV margin tend to exhibit more noticeable
halation artifacts, providing an additional explanation for the
observed results.55 However, a contention existed concerning
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the effect of artifact removal algorithms on the accuracy of
CBCT images in diagnosing vertical root fractures. One study
reported improved visibility,56 while another indicated the
opposite effect.57 These contrasting results could stem from
variations in the CBCT machines employed in the different
studies.

The AI-based automatic segmentation system (Diagnocat
AI) used in this study is an established start-up platform. It
offers fully automated segmentation for CBCT images and
pre-diagnoses for 2D dental radiographs. This is achieved
through a pipeline of multiple pre-trained CNNs and an
algorithmic slice extraction process.18,19,23–25 Several other
established companies, including leading players and known
start-ups, offer similar services. These include Relu (Relu BV,
Leuven, Belgium), Materialise Mimics Viewer (Materialise,
Leuven, Belgium), and Brainlab Elements (Brainlab AG;
Munich, Germany).16 Relu (Relu BV), an established start-
up, specializes in fully automated, cloud-based segmentation
for CBCT and CT images used in the cranio-maxillofacial
field. It is ISO 13485 compliant, and a CE mark is pend-
ing. Materialise Mimics Viewer (Materialise) features a
cloud-based viewer that facilitates online visualization and
segmentation of DICOM files, with fully automatic segmen-
tation available for a range of CBCT and CT scans. The
Mimics Automatic Algorithms are FDA 510(k) approved and
standalone CE-marked medical devices. Brainlab Elements
(Brainlab AG) offers a comprehensive suite of applica-
tions for medical image processing, including data transfer,
co-registration, segmentation, and planning. While it can
automatically segment cranial and facial bones, as well as
differentiate between cortical and cancellous bone, it does
not provide segmentation for teeth.16 A recent study indi-
cated that while manual segmentation yielded the highest
accuracy, automated AI-based methods from Relu, Diag-
nocat, Materialise, and Brainlab demonstrated very similar
performance to one another. It also assessed the average seg-
mentation times for CT and CBCT with and without artifacts.
The results showed that the self-developed AI model was
the fastest, averaging 2:03 (2 min and 3 s), outperforming
Brainlab at 3:54 and Diagnocat at 4:52. Manual segmenta-
tion durations for experts and novices were comparable, at
26:09 and 22:54 respectively, while Materialize averaged the
longest at 85:54.16 The authors selected Diagnocat AI for
this present study due to its ability to produce AI-based radi-
ological reports and segmentations from 2D or 3D images,
its comparable segmentation accuracy to other established AI
platforms, and its rapid turnaround for radiological reports.

The study’s primary limitation is its reliance on a solitary
AI-based automatic segmentation system and the use of dry
human mandibles exclusively. The chosen mandibles were
meant to match surface scans that function as standard ref-
erence models; however, this method does not account for
the potential impact of surrounding soft tissues or patient
movement on the AI’s segmentation accuracy. With only
11 dry human mandibles available, the study had a limited
capacity to rigorously assess artifact influences. The lim-
ited number of metallic objects and the absence of patient

motion during imaging restricted the thorough evaluation
of the artifact removal algorithm’s effectiveness. This lim-
itation highlights a direction for future research to assess
artifact removal in scenarios including metal restorations,
implants, and live patient imaging conditions. Moreover, the
study did not address the complexities of the maxilla, which
could limit the applicability of the findings. Beyond the root
mean square (RMS) metric, which measures surface over-
lap discrepancies, other metrics cited in the literature for
AI segmentation accuracy, such as the dice similarity coef-
ficient (DSC), the 95% Hausdorff distance (HD), and the
intersection over union (IoU), offer additional dimensions
for future evaluations of AI-based segmentation’s nuance.10

The employment of a singular CBCT machine poses another
concern due to the potential for variability across different
devices. Although the sample size was statistically valid, the
modest number of 11 mandibles suggests the necessity for
broader research to validate segmentation accuracy across
diverse AI systems comprehensively. Future studies should
also consider the effects of artifact removal on mandibles with
metal constructs and the clinical significance of geometric
accuracy in AI-segmented 3D models. While the AI-based
automatic segmentation systems in commercial availability
show promise, their generalizability and reliability await con-
firmation against an extensive external dataset. Ideally, this
data would be collected from a broad patient base or compiled
from multiple dental institutions.16

CONCLUSION

The findings in this study carry implications for the choice
of exposure and voxel size in CBCT imaging, aiming to
balance true AI-based automatic segmentation with mini-
mal radiation exposure. The ultra-low exposure protocol does
not impact the trueness of AI-based automatic segmentation
unless scans are taken with 0.3 or 0.45 mm voxel sizes specif-
ically at the body of the mandible and with a 0.45 mm voxel
size at the symphysis area and across the entire mandible.
When performing AI segmentations, the utilization of ultra-
low exposure protocol is proposed when the chosen voxel size
is 0.15 mm, and the voxel size of 0.45 mm should be avoided.
The artifact removal algorithm was found not to influence the
trueness of AI segmentation.
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