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ABSTRACT 

Precise registration of sequential 3D datasets is crucial for accurate dimensional analysis. Utilizing the 
Local Best-Fit (LBF) algorithm and stable Registration Reference Areas (RRAs) facilitates the accurate 
alignment of 3D surface models. Currently, Cone-beam Computed Tomography (CBCT) and Deep Learn-
ing (DL) algorithms are at the forefront for segmenting CBCT scans to monitor morphological changes in 
the residual alveolar ridge. This study compares the effectiveness of different RRAs in registration sequen-
tial 3D surface models of partially edentulous mandibles. DL-assisted software segmented two sequential 
CBCTs (T0 and T1) from 10 patients, producing sequential 3D mandibular models. These models were 
aligned using three distinct RRAs: (i) WHOLE, encompassing the entire surface model; (ii) MND_BODY, 
covering the mandibular body while excluding the unstable alveolar ridge; and (iii) SPIN_FOR, incorpo-
rating stable RRAs (mental foramina and mental spine). An innovative method assessed registration accu-
racy by generating centroids from cross-sectional outlines of the mandibular nerve canals at the anterior 
third (A), medial third (B), and posterior third (C) of the posterior edentulous areas. The distance between 
centroids at T0 and T1 quantified registration accuracy. The MND_BODY group exhibited superior accu-
racy, whereas the SPIN_FOR group showed the least, with accuracy decreasing from A to C, suggesting 
rotational misalignments. When selecting RRAs, both stability and spatial distribution must be taken into 
account. For optimal alignment, sequential 3D surface models should use RRAs that are both stable and 
widely distributed. 

Keywords: Computer assisted image processing, Cone-beam Computed Tomography, Deep learning, 
Dental models, Partial Denture, Three-dimensional imaging. 

INTRODUCTION  

Precise registration of medical images is an increas-
ingly important topic as it is a prerequisite for accurate 
detection of small differences between 3D structures. 
Numerous methods for the registration of 3D surface 
models of the jaw have been described in the recent lit-
erature, including landmark-based, surface-based 
(Stucki and Gkantidis 2020a), voxel-based approaches 
(Häner et al. 2020) and enhanced versions of these meth-
ods (Song 2015). Previous studies have provided evi-
dence that the registration of surface models requires se-
lection of Registration Reference Areas (RRAs) to 
achieve accurate Local Best-fit (LBF) alignment 
(O’Toole et al. 2019; Kuralt and Fidler 2021; Revilla-
León et al. 2022). Kuralt et al. proposed a surface-based 

method that employed stable RRAs of the mandible for 
registration of sequential partially edentulous CBCT 
models (Kuralt et al. 2019; Kuralt et al. 2022). Recently, 
artificial intelligence (AI)-supported software, specifi-
cally DL, has shown promising results and is becoming 
state-of-the-art for segmentation of the mandible, in-
cluding the mandibular nerve canal (Verhelst et al. 
2021; Cui et al. 2022; Lahoud et al. 2022; Oliveira-San-
tos et al. 2023; Tan et al. 2024). 

Residual ridge resorption occurring after tooth loss, 
a progressive lifelong process influenced by multiple 
factors throughout a person's life, (Tallgren 1972) has 
become increasingly important as it affects the future 
treatment planning with implants and prosthodontic ap-
pliances (Spencer 2018). In the past, studies have inves-
tigated the evaluation of residual ridge resorption using 
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various techniques such as sequential cast models or 
standardized radiographic methods like lateral ceph-
alography or panoramic radiography (Kondo et al. 
2023). More recently, CBCT has been frequently uti-
lized for assessing morphological changes in the jaws 
(Ahmad et al. 2013). However, we still lack quality clin-
ical studies of the field, and such data can be obtained 
by precise 3D evaluation.  

This study aimed to compare registration accuracy 
with different RRAs for models, acquired with AI-seg-
mentation of CBCT images. The null hypothesis was 
that there would be no significant difference in the data 
distribution among three registration methods across all 
cross-section positions. 

MATERIALS AND METHODS 

Study design and data acquisition 

The present research paper represents a registration 
optimization for analysis of partially edentulous mandi-
bles. Since registration step is crucial in the process of 
sequential 3D models evaluation, there was a need to 
evaluate registration methods and its accuracy. Ethical 
approval was obtained from the Ethics Committee of the 
Hospital and University Clinical Service of Kosovo and 
the University Clinical Centre of Kosovo 
(555/18.05.2017). All patients were informed of the 
study protocol and gave their written consent to partici-
pate. All patients were non-growing adults, both males 
and females aged between 45 and 65 years. They were 
classified as partially edentulous with bilaterally short-
ened dental arch (class I of the Kennedy classification 
system) and were provided with removable partial den-
tures. The inclusion criteria stated that patients had no 
previous prosthodontic treatment and were without ac-
tive caries lesions or periodontal disease. 

This study of two sequential CBCT scans taken 
from patients (n=10) who underwent clinical and radio-
logical examination at the beginning of the study (T0) 
and at the follow-up, after one year (T1). All CBCT 
scans were performed using the same device (ORTHO-
PHOS XG 3D – Dentsply Sirona) with the following set-
tings: field of view (FOV) of 8 x 8 cm, voxel size of 0.16 
mm³, 85 kV, and 7 mA for female patients and 10 mA 
for male patients. The data were exported in DICOM 
format. 

Segmentation 

The DICOM files were uploaded to a cloud-based 
platform (Virtual Patient Creator, RELU BV, Leuven, 
Belgium) for AI-assisted segmentation. This platform 
offers automated segmentation of the entire maxillofa-
cial complex, including teeth (Shaheen et al. 2021), jaws 
(Verhelst et al. 2021; Preda et al. 2022a), and the man-
dibular nerve canal with the mental foramen (Lahoud et 
al. 2022). The segmented mandibular models were ex-
ported as surface meshes in STL format for further anal-
ysis. Based on the time of capture, the models were la-
belled as T0 or T1. 

Registration 

The STL data of the surface models were imported 
into GOM Inspect software (version 2018, GOM 
GmbH). Initially, the T0 models were registered by set-
ting the matrix to align the body of the mandible with 
the z-axis of the global coordinate system. That orienta-
tion of the mandible facilitated further analysis. Separate 
registrations were performed for the left and right sides 
of the mandible. 

Next, RRAs, like those described in the study by 
Kuralt et al. were created (Kuralt et al. 2019). Mental 
spines, which were clearly visible on the segmented sur-
face models, were marked using surface curves. Mental 
foramina boundaries were defined using “To max. cur-
vature” setting, which created spherical outlines. An off-
set curve around this sphere was constructed, which then 
served as a consistently selected RRA. 

For the T1 models, a rough registration was per-
formed with the T0 models using the "Prealignment" 
function. For final alignment, the LBF, which functions 
similarly to the Iterative Closest Point (ICP) algorithm 
(Besl and McKay 1992), was utilized using three differ-
ent RRAs as presented on Fig. 1. (i) WHOLE, the entire 
surface model, excluding teeth; (ii) MND BODY, where 
mandibular body only (excluding unstable alveolar 
bone); (iii) SPINFOR method was carried out, using 
mental foramina and mental spine. 

For each registration method, the T0 model was des-
ignated as the target element, and the T1 model was 
moved based on the transformation matrix generated by 
the software. Each registration outcome was labelled 
and saved for further analysis. 
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Fig. 1. Registration reference areas - RRAs (marked with red), used for local best fit registration, represented on the 
same mandibular 3D model in the lateral (upper) and occlusal (lower) view. WHOLE - entire mandible without teeth; 
MND_BODY - including mandibular body, and SPIN_FOR - mental foramina and mental spine. 

 

Evaluation 

Before the registration, three cross-sections were 
constructed on both sides of the posterior edentulous 
ridge: A (anterior third), B (middle third), and C (poste-
rior third). The cross-sections were generated in the 
bucco-lingual direction of the edentulous alveolar ridge, 
specifically the x-y plane of the global coordinate sys-

tem. This resulted in 2-dimensional outlines of the man-
dible and the mandibular nerve canal. A centroid (geo-
metric centres) corresponding to each outline of the 
mandibular nerve canal was created by the software as 
shown on Fig. 2. For each surface model (T0 and T1), 
three different centroids were obtained from each side of 
the mandible (A, B, and C test site for the left and right 
sides). 

Fig. 2: Evaluation of superimposition accuracy. I – mandible model, showing position of cross-sections A, B and C 
in posterior edentulous part. II – cross-sections of model T0 (black outline) and model T1 (red outline), III – outline 
of T0 (black outline) and T1 (red outline) in mandibular canal cross-sections along with their corresponding cen-
troids (dots). The green point represents the average (AVG) centroid position of T0 and T1. 
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Since the centroids obtained from the outlines of the 
mandibular canals were incorporated as reference 
points, mitigation of the potential impact of segmenta-
tion inaccuracies of the mandibular canals on the subse-
quent evaluation was needed. An additional registration 
of all the models (T1 to T0) was performed. The selected 
RRAs consisted exclusively of the left and right man-
dibular nerve canals for LBF alignment, referred to as 
MND.  

The geometric data of centroids were imported into 
Microsoft Excel (Microsoft Corporation, 2018, Mi-
crosoft Excel). From previously exported MND align-
ment data, midpoints (AVG) between the centroids were 
calculated to minimize potential mandibular nerve canal 
segmentation errors. Then, Euclidean distances between 
Cartesian coordinates of AVG and centroid positions 
generated by other three registration methods being 
evaluated (SPIN_FOR, MND_BODY and WHOLE) 
were calculated. A greater distance between the cen-
troids of a particular alignment method and the AVG 
centroids indicates a greater misalignment with respect 
to that method and the specific location of the cross sec-
tion in question. Calculated distances were grouped ac-
cording to the cross-section locations (A, B, and C) and 
registration methods (SPIN_FOR, MND_BODY and 
WHOLE). 

Statistical analysis 

The statistical analysis was performed using SPSS 
software (IBM Corp., released 2020, IBM SPSS Statis-
tics for Windows, Version 27.0, Armonk, NY: IBM 
Corp). The normality of the data distribution was as-
sessed using the Kolmogorov-Smirnov and Shapiro-
Wilk tests. 

To compare the deviations from the reference cen-
troids (AVG) between registrations with different RRAs 
at the same section locations (A, B, C), the Kruskal-Wal-
lis test was utilized. Subsequently, post-hoc pairwise 
comparisons were performed using the Bonferroni cor-
rection method to account for multiple comparisons with 
a p-value of less than 0.05.  

RESULTS  

The results of the Kolmogorov-Smirnov and 
Shapiro-Wilk tests indicated that the data distribution 
was non-normal. Consequently, non-parametric statisti-
cal tests were used for the analysis.  

The Kruskal Wallis tests revealed that there was a 
significant difference between the data distribution of 
three superimposition methods for all cross-section lo-
cations (p<0.002; p<0.000; p<0.000; for section A, B 
and C, respectively). Post-hoc test revealed that 
SPIN_FOR group differed significantly from groups 
WHOLE and MND_BODY. Groups MND_BODY and 
WHOLE did not differ significantly.  

The descriptive statistics showed a higher data dis-
persion in the SPIN_FOR group, with dispersion in-
creasing from cross-section A to C. In the SPIN_FOR 
group, median deviation was 0.38 mm (IQR=0.24 mm, 
0.54 mm), 0.40 mm (IQR=0.21 mm, 0.74 mm) and 0.53 
mm (IQR=0.28 mm, 0.97 mm), for the cross-section A, 
B and C, respectively. As represented in the Fig. 3, the 
median deviation of the WHOLE and MND_BODY 
groups, were smaller and did not increase from cross-
section A to C.

Fig. 3: Deviations of three alignment groups (WHOLE, MND_BODY and SPIN_FOR) at three sites (A, B and C). 
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The analysis of the raw data of the Cartesian coor-
dinates of the centroids reveals that most of the devia-
tions occur either in the coronal (maximum deviation = 
1.61 mm) or in the apical direction (maximum deviation 
= 3.11 mm). The deviations in the buccal and lingual di-
rections are significantly smaller (maximum deviation = 
0.28 mm and 0.68 mm respectively). The average devi-
ation in the apico-coronal direction was 0.34 mm at the 
site A cross-section, 0.53 mm at site B and 0.82 mm at 
site C. The average deviations in the bucco-lingual di-
rection were 0.18 mm, 0.18 mm and 0.17 mm at sites A, 
B and C, respectively. 

DISCUSSION 

Results of our study indicate that selection of RRA 
affects registration accuracy for state-of-the-art AI-seg-
mented mandibles, with MND BODY being most accu-
rate. Selection of RRA should consider not only stability 
but also spatial distribution. 

Among three RRAs evaluated in our study, the high-
est accuracy was achieved by MND_BODY, closely fol-
lowed by WHOLE, while SPIN_FOR exhibited signifi-
cantly higher inaccuracy. The deviation of SPIN_FOR 
was found to be increasing from mesial to distal direction 
(from cross-section A to C), while for WHOLE and 
MND BODY the discrepancy was smaller and similar for 
all three test sites. This can be explained by spatial distri-
bution of the RRAs. In SPIN_FOR, the RRAs were po-
sitioned near each other in the anterior part of the mandi-
ble. An imaginary axis, passing in the left-right direction 
allowed a rotation misalignment, which was increasing 
with distance from the axis, i.e., from mesial to distal di-
rection. In contrast, MND_BODY and WHOLE, the 
RRAs covered a wider area, facilitating more precise reg-
istration in all regions. Similar results can be observed by 
some previous studies (Stucki and Gkantidis 2020b; Ku-
ralt and Fidler 2021). It is worth noting that the boxplots 
depicted in Fig. 3 are derived from the Euclidean dis-
tances between centroids, which do not provide infor-
mation about the translation direction of the mandibular 
3D model. Raw data examination, considering the mis-
match direction, revealed that the rotation misalignment 
in the apico-coronal was several-fold higher than the 
bucco-lingual direction, which further confirms the im-
aginary axis theory. 

A best-fit alignment method, employing ICP algo-
rithm, represents a robust method for precise registration 
of 3D surface models (Li et al. 2020). Previous studies 
from various fields of dentistry have shown that employ-
ing an LBF alignment method, where selected RRAs ex-
clude  dimensionally  unstable parts, leads to  increased  

Fig. 4. An imaginary axis around which the mandible 3D 
model is rotated when using SPIN_FOR RRA. 

registration accuracy. In contrary, whole-model best-fitt 
ing, including unstable areas in the RRA, resulted in less 
accurate registration (O’Toole et al. 2019; Kuralt and 
Fidler 2021; Revilla-León et al. 2022). One would ex-
pect similar findings when registering volumetrically 
unstable sequential 3D jaw models with changes from 
alveolar bone resorption. In this regard, study of Kuralt 
et al., used only stable RRAs for LBF alignment, namely 
spinae mentalis and mental foramens, recognizing the 
potential pitfalls of including areas prone to volumetric 
instability due to bone resorption (Kuralt et al. 2019). 
However, above-stated approach didn't fully account for 
the importance of the spatial distribution of the RRAs. 
Results of the present study indicate that spatial distri-
bution of the RRAs could play a crucial role in registra-
tion accuracy. The performance of the WHOLE group is 
somewhat counterintuitive, as it performed similarly 
well to the MND_BODY group, although it includes the 
alveolar ridge, which is prone to resorption. This can be 
attributed to the relatively short follow-up period and the 
resulting low resorption rates, which limits the scope of 
the present study. Working with more resorbed T1 man-
dibular models may have led to greater inaccuracies in 
registration when WHOLE RRA was employed. In the 
rapidly evolving field of digital dentistry, it's imperative 
to constantly reassess past research and maintain a criti-
cal perspective on our own methodologies. This under-
scores the necessity for ongoing critical evaluation and 
refinement of methodologies in the dynamic landscape 
of digital dentistry. Within the literature, various RRAs 
have been proposed for 3D jaw models registration, 
most commonly for orthodontic patients where jaw 
growth is still present (De Oliveira Ruellas et al. 2016; 
Nguyen et al. 2018; Stucki and Gkantidis 2020b). While 
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it is widely accepted that RRAs should represent stable 
anatomical landmarks, an optimal spatial distribution of 
these landmarks, particularly for the mandible, has not 
been determined. 

Digital technologies such as AI, are widespread in 
dental image analysis (Schneider et al. 2022). Its high 
effectiveness and efficiency show great promise in den-
tistry (Rischke et al. 2022). Current state-of-the-art seg-
mentation process for CBCT data therefore heavily re-
lies on AI-assisted software (Wang et al. 2021). In addi-
tion to time efficiency, AI-assisted segmentation soft-
ware represents improvement in limiting confirmation 
bias of the research papers, which can be present in man-
ual segmentation and reduce operator variability 
(Schwendicke and Krois 2022). Nevertheless, it is im-
portant to note that AI models are constantly improving 
and therefore should be subjected to thorough evaluation 
and scrutiny (Schwendicke et al. 2020; Ma et al. 2022). 
The segmentation software utilized in our study has un-
dergone extensive validation and has demonstrated 
promising results (Shaheen et al. 2021; Verhelst et al. 
2021; Lahoud et al. 2022), with high standard research 
reports (Schwendicke et al. 2021). It uses the CNN ap-
proach, which is the most commonly used DL algorithm 
in image analysis. Specifically, a two-layer 3D U-net-
work architecture was developed, which consists of two 
training steps. It was trained on 80 high-resolution 
CBCT datasets in DICOM format. They reported excel-
lent accuracy and consistency of the metric parameters 
in comparison with standard semi-automatic segmenta-
tion. The reported mean Intersection over unit (IoU) pa-
rameter was above 94% and the mean Dice coefficient 
score (DSC) value was above 97% (Verhelst et al. 
2021). Despite the beforementioned promising out-
comes, the limited availability of the training data for AI 
models emphasizes the necessity for expert supervision 
- intelligent analysis (IA) of the AI (Liu et al. 2019; Mo-
hammad-Rahimi et al. 2023). In conjunction with visual 
inspection conducted by an experienced researcher in 
the field of medical image analysis, we briefly evaluated 
the segmentation software by uploading the same CBCT 
DICOM files. Repeated segmentation of the same 
CBCT DICOM dataset from our study resulted in negli-
gibly small deviation (GOM Inspect calculation of aver-
age mesh-to-mesh deviation was 0.08). We concluded 
that a consistency measurement was not necessary as the 
software we used had been extensively validated previ-
ously (Preda et al. 2022b).  Based on the findings of our 
study, it can be concluded that utilizing AI-based seg-
mentation, followed by LBF alignment with selection of 
the stable and adequately distributed RRAs, results in 
the most accurate registration of the sequential mandib-
ular surface models. 

Various methods and descriptors can be used to 
evaluate and visualise the registration accuracy. Color-
coded deviation maps are widely used in digital dentis-
try as they provide a comprehensive representation of 
the extent and location of deviations (Nguyen et al. 
2018; Ponce-Garcia et al. 2020; Revilla-León et al. 
2021). In the present study, a discrete rather than a con-
tinuous scale was proposed to show the regions with de-
viations within a certain range of values for better un-
derstanding (Kuralt et al. 2020). 

Fig. 5. Visualization of the deviation between 3D man-
dibular model T0 and the model T1 when using different 
RRAs. The deviations are visualized with colour-coded 
deviation maps. The colour ranges are shown in a dis-
crete scale for easier interpretation. Areas coloured red 
or dark blue (black arrowheads) represent the greatest 
deviation between the T0 and T1 models and indicate 
registration errors. The models are halved for better vis-
ualization. 

For quantitative measurements and statistical anal-
yses, however, it is essential to supplement them with 
numerical descriptors. A commonly used measure is the 
root-mean-square error (RMSE) estimator (Koerich et 
al. 2016), which was originally intended as a metric to 
evaluate the performance of statistical models (Hodson 
2022). Its suitability strongly depends on the distribution 
structure of the data (Hodson 2022). However, the cal-
culation of the RMSE of the overall model does not in-
clude data on its distribution and does not quantify the 
rotational and translational shift of the models. To over-
come this limitation, the distance between the T0 and T1 
centroids of the mandibular canal outlines at each of the 
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three test sites (A, B and C) on the mandible was calcu-
lated. This approach assumes that the position of the 
mandibular canal in the adult mandible remains constant 
over time and that the segmentation of the canal is per-
formed accurately. Using MND registration, the perfect 
overlap of the mandibular canal would indicate that the 
segmentation of the mandibular canal is reproducible. In 
this case, the median distance between the centroids of 
the mandibular canal would ideally be close to zero. In 
our study, it was measured at 0.09 mm. The midpoint of 
this distance served as the reference point at which the 
deviation of the other alignment methods was measured. 

Based on the findings of the current study and rele-
vant prior research, it is possible to offer general recom-
mendations regarding the selection of the RRAs for sur-
face-based registration. More important than the stabil-
ity of the RRAs is its spatial distribution. It should be 
evenly distributed on 3D model (CBCT surface model, 
intraoral scan, facial scan) and should not form an imag-
inary axis. When the chosen RRA is small and posi-
tioned in the anterior region of the 3D model, minor in-
accuracies in registration can have a magnified impact 
on the posterior portion (Stucki and Gkantidis 2020b; 
Kuralt and Fidler 2021).  

The findings of the present study underscore the sig-
nificance of bridging the knowledge gap between under-
standing the mathematic principles of best-fit algorithms 
and its clinical implications. Future study designs should 
aim to connect and integrate both these domains, allow-
ing for a more comprehensive and impactful analysis. 
Our findings can drive future software developments or 
at least encourage a critical evaluation of the algorithms 
behind widely used, user-friendly applications. While 
many commercial software protocols are robust and 
easy to use, there is still room for improvement, as Gari-
kano et al emphasise (Garikano et al. 2022). By priori-
tising accurate registration and rigorous selection of 
RRA, our approach has the potential to improve the ac-
curacy of sequential evaluations over time and enable 
more reliable studies of bone resorption rates. In the 
field of oral and maxillofacial surgery, these results 
could be of great importance as precise registration 
methods allow for a thorough assessment of immediate 
surgical outcomes and support long-term evaluations of 
osteotomies, grafts and trauma reconstructions. Further-
more, these identical registration principles ought to be 
employed in 4D virtual patient applications, where the 
fusion of 3D entities from diverse data formats is re-
quired (Mangano et al. 2018; Joda et al. 2019). 

Our study has some limitations. Firstly, a single 
CBCT device was used, possibly limiting the generali-

zability of the findings. Additionally, a single AI-as-
sisted software was used for segmentation, introducing 
the potential for bias or variations specific to that soft-
ware. Future studies should compare multiple CBCT de-
vices and different automatic segmentation software. At 
present, exposure to radiation is prevalent with CBCT, 
and its use should be limited. Future development of 
post processing algorithms will enable imaging with 
substantially lower radiation doses (Friot-Giroux et al. 
2022). Moreover, the use of non-invasive intraoral ultra-
sound with improved machine learning protocols for al-
veolar bone imaging is receiving great attention (Ngu-
yen et al. 2020). 

CONCLUSION 

The choice and spatial arrangement of RRAs criti-
cally affect the precision of aligning 3D models based 
on their surfaces. To enhance alignment accuracy, it's 
advisable to select RRAs on anatomically consistent ar-
eas that are widely spaced. 
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