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Abstract
Background  Accurate assessment of basal bone width is essential for distinguishing individuals with normal 
occlusion from patients with maxillary transverse deficiency who may require maxillary expansion. Herein, we 
evaluated the effectiveness of a deep learning (DL) model in measuring landmarks of basal bone width and assessed 
the consistency of automated measurements compared to manual measurements.

Methods  Based on the U-Net algorithm, a coarse-to-fine DL model was developed and trained using 80 cone-beam 
computed tomography (CBCT) images. The model’s prediction capabilities were validated on 10 CBCT scans and 
tested on an additional 34. To evaluate the performance of the DL model, its measurements were compared with 
those taken manually by one junior orthodontist using the concordance correlation coefficient (CCC).

Results  It took approximately 1.5 s for the DL model to perform the measurement task in only CBCT images. This 
framework showed a mean radial error of 1.22 ± 1.93 mm and achieved successful detection rates of 71.34%, 81.37%, 
86.77%, and 91.18% in the 2.0-, 2.5-, 3.0-, and 4.0-mm ranges, respectively. The CCCs (95% confidence interval) of 
the maxillary basal bone width and mandibular basal bone width distance between the DL model and manual 
measurement for the 34 cases were 0.96 (0.94–0.97) and 0.98 (0.97–0.99), respectively.

Conclusion  The novel DL framework developed in this study improved the diagnostic accuracy of the individual 
assessment of maxillary width. These results emphasize the potential applicability of this framework as a computer-
aided diagnostic tool in orthodontic practice.
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Background
Maxillary transverse deficiency (MTD) manifests as 
insufficient width in the maxilla, leading to disharmony 
between maxillary and mandibular widths [1, 2]. This 
dentofacial deformity is notably prevalent among adult 
orthodontic patients, with an approximate incidence rate 
of 30% among individuals seeking orthodontic treatment, 
impacting craniofacial development, function, aesthetics, 
and stability [2, 3]. Early assessment of the craniofacial 
skeleton in the transverse dimension is crucial to accu-
rately determine the necessity for transverse maxillary 
expansion, thereby enhancing the efficiency and effec-
tiveness of treatment. Consequently, there has been an 
ongoing evolution and development of diagnostic tools 
for evaluating the maxillary transverse dimension. Evalu-
ation of maxillary width entails three primary measure-
ments: maxillary dental arch width, alveolar arch width, 
and basal bone width [4]. Among these, basal bone width 
assessment is critical for distinguishing between Class I 
individuals with normal occlusion and Class III patients 
requiring surgical intervention [5, 6]. Thus, precise mea-
surement of basal bone width is essential for delineat-
ing various malocclusions and formulating personalized 
treatment plans [5, 7].

Cone-beam computed tomography (CBCT) stands as 
the primary imaging modality in dental disease diagno-
sis and orthodontic treatment planning, enjoying wide-
spread utilization in clinical settings [8, 9]. In accordance 
with the Yonsei analysis method [6], the tooth’s center 
of resistance (CR) serves as a dependable indicator of its 
position. Hence, we chose the center point of the root 
bifurcation as the reference for measuring the width of 
the maxillary and mandibular basal bones (Fig.  1). This 
point also serves as the resistance center of the first 
molar, providing a critical reference for our analysis. 
However, precise localization of the center point of root 
bifurcation on upper and lower first permanent molars 
using CBCT images, which is crucial for accurate basal 
bone width measurement, poses a formidable challenge, 
even for experienced oral surgeons [10, 11]. This task 

involves meticulously identifying the position of the first 
molar, followed by accurately determining the center 
point at the root bifurcation. Such a process is time-con-
suming and demands a high level of radiographic inter-
pretation proficiency and expertise.

In our study, we selected CBCT over MRI, traditional 
CT, and 2D digital radiography because of its particular 
advantages for orthodontic applications. CBCT provides 
high-resolution three-dimensional images that are essen-
tial for the precise identification of orthodontic land-
marks, which is crucial for accurately measuring basal 
bone width. Unlike MRI, which although offers excellent 
soft tissue contrast, lacks detailed imaging of bone struc-
tures, CBCT excels in providing detailed visualizations 
of bone tissues. Additionally, compared to conventional 
CT scans, which subject patients to higher radiation lev-
els, CBCT is favored because of its significantly lower 
radiation dose and shorter scanning times. These char-
acteristics are particularly valuable in fields like dental 
implantology, orthodontics, and endodontics, where 
exact measurements of bone and tooth structures are 
imperative [12, 13]. The ability of CBCT to deliver high-
quality images with minimal radiation exposure makes it 
ideal for complex dental and maxillofacial surgical plan-
ning. Furthermore, it is more cost-effective and accessible 
than both MRI and CT—advantages that render it highly 
suitable for frequent dental evaluations. Consequently, 
CBCT stands out as the most practical and appropriate 
choice for conducting detailed, efficient, and safe cranio-
facial assessments in our research.

DL has been extensively utilized to analyze oral images 
[14], representing one of the most advanced machine 
learning techniques that enables precise localization of 
various anatomical landmarks [15–18]. However, pre-
vious studies have primarily focused on detecting orth-
odontic landmarks in radiographic images [15, 18] rather 
than specifically targeting precise basal bone width mea-
surement. To the best of our knowledge, no study has 
reported on the utilization of DL specifically for this 
purpose.

Fig. 1  An example of landmarks and the widths of the maxilla and mandible
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This study aimed to develop a DL model for detect-
ing landmarks on CBCT images to facilitate basal bone 
width measurement. We hypothesized that there would 
be no difference between the automated measurements 
of the DL model and those conducted by a professional 
dental surgeon.

Materials and methods
Dataset description
In accordance with the Declaration of Helsinki [19], this 
retrospective study obtained approval from the Medical 
Ethics Committee of Shenzhen General Hospital (KYLL-
20221219 A). A cohort of 124 patients (77 females and 47 
males) with a mean age of 19.7 years (age range: 10–45 
years) was included in the study, contributing to the 
comprehensive collection of 124 cone-beam computed 
tomography (CBCT) images. It is also noticeable that the 
involved patients underwent CBCT scans for oral health 
assessment and diagnosis of oral diseases between 2018 
and 2023. No specific inclusion criteria were applied to 
force the established DL model to adapt as much as pos-
sible, as is needed in real-life scenarios. However, the 
following exclusion criteria were applied: (a) cases lack-
ing first molars; (b) CBCT images with extensive metal 
artefacts due to the presence of orthodontic brackets 
or radioactive material restorations adjacent to dental 
implants which may make landmarks difficult to detect; 
and (c) motion artefacts causing blurred CBCT image 
quality. The patients underwent scanning using the 
Kavo 3D eXami CBCT unit (Imaging Sciences Interna-
tional, LLC, USA). The scanning protocol comprised 
a voxel size of 0.2 mm, a duration of 23 s, and a field of 
view (14 × 8  cm) with settings at 120  kV and 5  mA. All 
scans adhered to the manufacturer’s recommended pro-
cedures, and all image data sets were acquired and stored 
in the Digital Imaging and Communications in Medicine 
(DICOM) format for subsequent analysis. The CBCT 
average image size was specified as ‘710 × 710 × 565’, 
where ‘710 × 710’ represents the dimensions of the trans-
verse plane and ‘565’ represents the corresponding depth 
size. Each voxel corresponded to a volume of 0.2 mm × 
0.2 mm × 0.2 mm, and the image resolution within each 
slice had pixels of 0.1 mm in width and height.

Model preparation
To ensure robust evaluation, the dataset was divided into 
three distinct subsets using random partition. The train-
ing set (n = 80) was utilized to train the DL model, while 
the validation set (n = 10) served for internal validation 
through hyperparameter optimization. Finally, the test-
ing set (n = 34) was employed to assess the performance 
of the DL model in comparison to manual annotation. 
These three datasets were mutually exclusive, with no 
data leakage.

Landmark annotation
Manual landmark annotations were conducted using 
3D Slicer software (version 5.0.2; 3D Slicer community 
and coordinated by Kitware, Inc., USA, and the Surgical 
Planning Laboratory at Harvard Medical School, USA; 
https://www.slicer.org/), which provides tools and fea-
tures that facilitate precise landmark localization and 
measurement [20]. Two experienced doctors, each with 
> 5 years of experience, performed the annotations. Both 
doctors underwent training on the specific techniques 
and guidelines for landmark identification and annota-
tion using 3D Slicer software. This training aimed to 
standardize their approach and minimize interobserver 
variability. Moreover, a double-check approach was 
implemented. After the initial annotations were made by 
one doctor, the second doctor independently reviewed 
and verified the landmarks. Any discrepancies or dis-
agreements were resolved through discussion and con-
sensus between the two doctors. This iterative process 
helped to ensure the accuracy and consistency of the 
annotations. Final annotations were saved as location 
data in the JSON file format. Figure 2 shows an example 
of CBCT slices from different angles (axial, coronal, and 
sagittal) with the identified landmarks highlighted.

Overall algorithm of the landmark detection framework
The landmark detection framework in this study com-
prised two stages, which involved the regression of 
4-channel heatmaps for landmarks in a coarse-to-fine 
manner, as illustrated in Fig.  3. Both stages utilized the 
same U-Net structure (Fig. 3c) but were assigned differ-
ent learning scopes. Notably, our approach exclusively 
relied on 3D views for capturing landmarks. This method 
allowed for accurate spatial relationship capture, essen-
tial for developing a deep learning model that predicts 
landmark positions from all angles. Unlike standardized 
slices, the 3D perspective utilizes the full spatial context, 
reducing the risk of missing or inaccurately locating land-
marks [21]. This enhances the model’s robustness and 
reliability, providing a detailed and holistic representa-
tion of anatomical structures, crucial for precise land-
mark detection in orthodontic applications.

In Stage 1, referred to as the “global stage,” the U-Net 
was trained to focus on the entire image, resulting in the 
generation of a coarse segmentation mask for the teeth 
in CBCT images. This mask defined the initial region of 
interest (ROI), crucial for ensuring that landmark detec-
tion was centered on the relevant dental structures. The 
segmentation did not rely on greyscale thresholding; 
instead, it was based on the model’s learned features, 
ensuring consistent processing across all cases.

Stage 2, known as the “local stage,” employed a patch-
based U-Net model. Building upon the initial dental 
region mask, the ROI was precisely excised and dilated 

https://www.slicer.org/
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by 10 pixels to ensure comprehensive coverage of the 
dental area. This segmentation is fundamental to our 
method as it allows for focused and detailed analysis 
within the specifically relevant dental area. Subsequently, 
the region containing the dental structures was excised 
from the CBCT image. This extracted segment was 
resized to a volumetric resolution of 128 × 128 × 128 pix-
els before being introduced into a U-Net architecture for 
further processing. The model was tasked with the pre-
diction of four pivotal landmarks within the dental area. 
Postprediction, the coordinates of these landmarks were 
recalculated to align with the co-ordinate system of the 
original CBCT image. A heatmap was then constructed 
to visually represent the location of these critical points, 
ensuring precise and patient-specific landmark detection.

Implementation details and training setup
All experiments were based on the Python API imple-
mentation of PyTorch (version 2.0.1; Facebook AI 
Research lab (FAIR), USA; https://pytorch.org/), which 
provides developers with a flexible and powerful envi-
ronment to create and train their models effectively [22]. 
The optimizer used in the experiments was Adam [23], 
which employed an initial learning rate of 0.001. A learn-
ing decay rate of 0.95 per epoch was applied to adjust 
the learning rate throughout the training process. In 
addition, the input image size was set to 128 × 128 × 128 
voxels. We utilized an early stopping mechanism on the 
validation loss with a patience of 10 epochs to avoid over-
fitting. For data augmentation, we adopted random mir-
roring, rotation and contrast adjustment strategies for all 
training data. All experiments were run on a single A100 

Fig. 3  Overall framework of the attention-guided deep regression model. (a) The global stage is shown at the top left. (b) The local stage, embedded 
with the teeth-region guide, is shown at the bottom. For clarity, only one landmark is displayed here, though the model was trained with four landmarks. 
(c) U-Net is illustrated as an encoder-decoder for global U-Net and patch-based local U-Net

 

Fig. 2  Example of CBCT slices from different angles (axial, coronal, and sagittal) showing the identified landmarks. Each landmark’s location is visualized in 
the 3D Slicer software, using a JSON file containing the physical coordinates. Only one landmark from the maxilla and one from the mandible are shown 
across three slices to illustrate the method of landmark assessment and visualization
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GPU (Nvidia Corp., Santa Clara, CA, USA) and Xeon(R) 
Gold 6326 CPU (Intel Corp., Santa Clara, CA, USA) run-
ning at 2.90 GHz with 16 cores.

Model evaluation metrics
To assess the effectiveness of our developed DL model, 
we considered two aspects: (i) the precision of landmark 
detection and (ii) the measurement error of widths of 
maxillary and mandibular basal bone.

To gauge the precision of our model, we employed two 
metrics, namely the mean radial error (MRE) and suc-
cessful detection rate (SDR), to examine the effective-
ness of the four landmarks that were measured [15]. MRE 
quantifies the discrepancy between the actual landmarks 
and the detected landmarks obtained from our DL algo-
rithm. This offers a reliable assessment of the discrepancy 
between the actual data and the outcomes produced by 
the DL model. SDR, on the other hand, measures the 
proportion of accurately identified landmarks within var-
ious error thresholds, including 2.0, 2.5, 3.0, and 4.0 mm. 
SDR measures the accuracy between the ground truth 
and the automatic results. This metric has demonstrated 
its efficacy in assessing the quality of localization and is 
extensively employed in applications involving landmark 
detection [15, 18, 24].

To evaluate the measurement error of maxillary and 
mandibular basal bone widths, we computed the mean 
square error (MSE) between the measurements derived 
from manually marked landmarks and the measurements 
predicted by our DL model [25]. The MSE serves as the 
evaluation criterion for examining the model’s predic-
tions in quantifying the basal bone width of the maxilla 
and mandible.

Statistical analysis
In this study, all statistical analyses were conducted 
using MedCalc statistical software (version 20.0.9.0; 
MedCalc Software Ltd., Ostend, Belgium; https://www.
medcalc.org/) and Python (version 3.10.9; Python Soft-
ware Foundation, Wilmington, Delaware, USA; https://
www.python.org/). All tests conducted were two-sided, 

and a p value of less than 0.05 was deemed statistically 
significant.

1)	 Sample size: According to a previous report [26], 
the sample size was estimated using a power 
analysis tailored for a one-sample T-test [27]. The 
purpose of this t-test was to verify that there is no 
statistically significant difference between the length 
measurements predicted by the deep learning model 
and those calculated by dentists based on ground 
truth landmarks. In specific, we compared the error 
values between the AI-generated measurements 
and those provided by the dentists against zero 
using a t-test. Based on the following inputs and 
assumptions: 80% power, a two-sided significance 
level of 0.05, and an effect size (Cohen’s d) of 0.5, a 
minimum of 27 CBCT scans was required for both 
the training and testing cohorts. Therefore, the 
sample sizes of 80 scans in the training cohort and 
34 scans in the test cohort were deemed sufficient to 
detect a difference in length measurements.

2)	 Location performance: We used the concordance 
correlation coefficient (CCC) [28] to assess the 
consistency or agreement of landmark locations and 
reported the corresponding 95% confidence interval. 
The one-sample T test was used to compare basal 
bone width measurement error.

Results
Landmark detection success rate
Table  1 displays the overall landmark detection per-
formance. The SDR within the 2.0-, 2.5-, 3.0-, and 4.0-
mm error ranged across different landmarks, with L1 
achieving high SDR values of 70.59%, 82.35%, 85.29%, 
and 88.24%, respectively. L1 and L2, which are located 
on the maxillary basal bone, denoting the left and right 
points respectively, are crucial for measuring the maxil-
lary width which is essential for assessing the transverse 
dimension of the upper jaw. Similarly, L3 and L4 exhib-
ited varying SDR values within these range criteria. L3 
and L4, which are set on the mandibular basal bone, rep-
resenting the left and right points respectively, are used 
for mandibular width measurement which is critical for 
evaluating the lower jaw’s transverse dimension. The 
average SDR across all landmarks was 71.34%, 81.37%, 
86.77%, and 91.18% for the 2-, 2.5-, 3-, and 4-mm range 
criteria, respectively. Measuring the distances between 
L1 and L2, as well as between L3 and L4, provides key 
diagnostic information for identifying maxillary trans-
verse deficiency and planning appropriate treatments. 
Furthermore, MRE was measured for each landmark; it 
ranged from 1.60 to 0.30  mm. The average MRE across 
all landmarks was 2.00 mm. All four landmarks exhibited 

Table 1  Quantitative evaluation results of landmark detection. 
The MRE of each landmark and SDR within the 2.0-, 2.5-, 3.0-, 4.0-
mm range criteria are listed
Landmarks SDR2-

mm(%)
SDR2.5-
mm(%)

SDR3-
mm(%)

SDR4-
mm(%)

MRE(mm)

L1 70.59 82.35 85.29 88.24 2.09 ± 2.68
L2 76.47 82.35 88.24 88.24 2.30 ± 3.17
L3 67.65 85.29 91.18 97.06 1.60 ± 0.89
L4 70.59 75.47 82.35 91.18 2.02 ± 2.43
Average 71.34 81.37 86.77 91.18 2.00 ± 2.46
MRE: mean radial error; SDR: successful detection rate

https://www.medcalc.org/
https://www.medcalc.org/
https://www.python.org/
https://www.python.org/
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CCC values greater than 0.9 on the x-, y-, and z-axes 
(Table 2). Figure 4 provides a visual representation of the 
outcome.

Basal bone width measurement
Table  3 reveals the analogy between the consequence 
of manual measurements and the suggested method. 
The maxillary basal bone width demonstrated a CCC of 
0.96 (95% confidence interval [CI]: 0.94–0.97) and MSE 
of 1.22 mm. Similarly, the mandibular basal bone width 
exhibited a CCC of 0.98 (95% CI: 0.97–0.99), with an 
MSE error of 0.68 mm. Notably, the p values of the T test 
for these comparisons were 0.37 and 0.67, respectively.

Discussion
In this study, a DL model for measuring basal bone width 
was developed and validated, and its performance was 

Table 2  Quantitative evaluation results of CCC for each 
landmark on the x-, y-, and z-axes

L1’s CCC
[95% CI]

L2’s CCC
[95% CI]

L3’s CCC
[95% CI]

L4’s CCC
[95% CI]

x-axis 0.72
[0.51–0.85]

0.95
[0.91–0.98]

0.97
[0.93–0.98]

0.62
[0.40–0.78]

y-axis 0.97
[0.94–0.98]

0.90
[0.81–0.95]

0.99
[0.98–1.00]

0.91
[0.83–0.96]

z-axis 0.99
[0.97–0.99]

0.98
[0.96–0.99]

0.95
[0.91–0.98]

0.99
[0.99–1.00]

CCC: concordance correlation coefficient; CI: confidence interval

Fig. 4  Qualitative evaluation results of landmark detection. The red dot represents the ground truth, the yellow dot represents the prediction result, and 
the red line segment represents the error distance. (a) Example of landmark detection on the maxillary left first molar. (b) Example of landmark detec-
tion on the maxillary right first molar. (c) Example of landmark detection on the mandibular left first molar. (d) Example of landmark detection on the 
mandibular right first molar.
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compared with that of trained doctors. The average SDR 
of the DL model for landmarks within a 2-mm range 
was 71.34%. The error in measuring the maxillary basal 
bone width between the DL model and the doctor mea-
surements was 1.22  mm (p = 0.37). CCC between the 
two measurements was 0.96 (95% CI: 0.94–0.97). For the 
mandibular basal bone width, the error between the DL 
model and doctor measurements was 0.68 mm, which is 
equivalent to the level of error observed in doctors (CCC: 
0.98, 95% CI: 0.97–0.99; p = 0.67).

Manual measurement of dental parameters from 
CBCT images is a time-consuming and intricate process, 
highlighting the necessity for a precise and efficient tech-
nique to evaluate basal bone width. Our investigation 
demonstrated that our DL model obtained an excellent 
average inference speed of 1  s per CBCT image, which 
represents a substantial enhancement compared to the 
conventional 2-minute manual measurements. This DL-
based technology has the capacity to increase the speed 
of the measuring process by 120 times, making it easier 
to perform manual measurements, enhancing the effi-
ciency of doctors’ work, and accelerating the early clini-
cal evaluation of occlusal connections.

In the last ten years, DL approaches have been 
exploited to build automatic measurement methods [15, 
29], significantly enhancing the precision and efficiency 

of orthodontic diagnoses. Our study extends these 
advancements by applying machine learning techniques 
specifically to maxillary transverse deficiency (MTD), 
developing a reliable model for measuring basal bone 
widths. This model not only minimizes the variability 
between different operators but also reduces the over-
all workload for doctors, facilitating the development of 
more intelligent medical systems.

Furthermore, the integration of DL in dental practices 
goes beyond mere measurement. For example, a system-
atic review on the prevalence of bruxism among alcohol 
abusers illustrates the potential of DL to unravel the com-
plex interdependencies of dental conditions and systemic 
health factors [30]. By leveraging such technologies, cli-
nicians are equipped to make more informed decisions 
regarding occlusion and treatment planning, which in 
turn minimizes the inefficient use of social resources. 
This comprehensive approach promises to revolutionize 
dental diagnostics, making it possible to not just acceler-
ate but also enhance the accuracy of clinical evaluations, 
thereby significantly improving patient outcomes.

This study had some limitations that should be men-
tioned. First, this study only focused on basal bone 
width measurement using Yonsei transverse analysis. 
Among the CBCT-based diagnostic methods, three 
main approaches were identified: (1) the Yonsei trans-
verse analysis method, which utilizes the CR of teeth as 
a reliable indicator of their position, measured by assess-
ing the distances between the bilateral centers of root 
furcation points of the first permanent molars as basal 
bone widths. (2) The University of Pennsylvania (Penn) 
CBCT analysis method [31], which selects the bilateral 
jugal points as maxillary measuring points and the buc-
cal cortex at the level of the CR of the mandibular first 
molars as mandibular measuring points. (3) Miner et al. 
at the Boston University (BU) Goldman School of Den-
tal Medicine introduced a transverse analysis method 
[32], measuring the transverse distance between bilateral 
maxillary palatal and mandibular lingual cortex. Zhang et 

Table 3  Results of the comparative analysis of maxillary and 
mandibular basal bone width measurements between the DL 
model and doctor manual assessments. Figure 5 provides a visual 
representation of the outcome

CCC
[95% CI]

MSE (mm) T test 
p value 
(< 0.05)

L1-L2(maxillary basal bone width) 0.96
[0.94–0.97]

1.22 ± 1.93 0.37

L3-L4(mandibular basal bone 
width)

0.98
[0.97–0.99]

0.68 ± 0.82 0.67

DL: deep learning; CCC: concordance correlation co-efficient; CI: confidence 
interval

Fig. 5  Qualitative evaluation results of measurement. The red line represents the ground truth, and the yellow line represents the prediction result

 



Page 8 of 9Dai et al. BMC Oral Health         (2024) 24:1091 

al. found that among the three diagnostic methods [33], 
the Yonsei analysis method demonstrated the highest 
interexaminer reliability, followed by those of Penn and 
BU [6, 34]. In the future, we intend to incorporate other 
transverse width measures to expand the applicability of 
our model to real-life clinical scenarios, and thus, pro-
vide a reference for the variety of diagnostic methods 
for MTD patients. Second, the study occurred at a spe-
cific research institution, limiting our study’s focus to a 
single center, and future research will involve data col-
lection from additional hospitals or institutions to fur-
ther validate the generalizability of this developed model. 
Third, the study’s retrospective approach introduces con-
straints, necessitating additional prospective investiga-
tions to authenticate the precision and efficacy of the DL 
model. Despite the inherent limitations of this study, the 
obtained results remained unaffected and demonstrated 
positive outcomes.

In summary, this study introduces a DL model for basal 
bone measurement based on landmark detection. This 
model achieved an impressive accuracy rate of 71.34% 
in detecting landmarks with a precision of 2 mm, meet-
ing the clinical requirements. Additionally, the DL model 
achieved a measurement error of < 1.22 mm in basal bone 
width, suggesting promising results in its application.

Conclusion
In this study, we successfully developed and validated a 
DL measurement model for detecting orthodontic tar-
get landmarks, demonstrating its remarkable consistency 
with manual measurements and affirming its reliability. 
The innovative method not only holds substantial prom-
ise for extensive utilization in the realm of medical tech-
nology and diagnosis but also opens avenues for future 
research on its application in more complex diagnostic 
tasks and its integration into clinical workflows.
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