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Abstract 

Digital manufacturing workflows in dentistry require accurate and anatomically consistent tooth models derived from 

heterogeneous acquisition modalities. However, preliminary tooth segmentations obtained from CBCT or intraoral scanning 

often exhibit incomplete or ambiguous regions, particularly at interdental contacts, which can compromise downstream 

design and manufacturing processes. This work presents a fully automated, anatomy-aware refinement pipeline based on an 

enhanced Statistical Shape Model, designed as a post-processing stage for preliminary tooth reconstructions. The method 

integrates target geometries with population-based anatomical priors, explicitly preserving reliable surface regions while 

reconstructing uncertain or missing areas through a globally constrained statistical deformation. Semantic anatomical 

information embedded in the eSSM enables contact-aware refinement relevant to design-oriented applications. The pipeline 

was evaluated on adult maxillary first molars using target models derived from both CBCT-based segmentations and 

intraoral scans. The results demonstrate that the proposed approach produces complete, smooth, and anatomically plausible 

tooth models while maintaining fidelity to the observed geometry. The refined reconstructions are directly suitable for 

downstream manufacturing-related applications, reducing manual intervention and improving robustness within digital 

dental workflows. 
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1 Introduction 
The progressive adoption of fully digital workflows in 

contemporary dentistry has profoundly transformed 

planning, design, and manufacturing stages, increasing the 

demand for accurate and reliable three-dimensional 

models of individual teeth [1, 2]. In digital manufacturing 

pipelines, the digital tooth model serves as a geometric 

reference for a broad range of downstream operations, 

from treatment planning to the design and fabrication of 

patient‑specific devices such as surgical guides [3]. 
Consequently, the geometric quality and anatomical 

plausibility of this model directly affect design robustness, 

manufacturing tolerances, and the reliability of the final 

clinical outcome [4, 5]. Current acquisition technologies 

enable the digitization of dental anatomy either as 

volumetric data or surface representations, depending on 

clinical and manufacturing requirements [6, 7]. Cone-

beam computed tomography (CBCT) is widely used to 

capture the complete tooth anatomy, providing high-

resolution volumetric datasets at relatively low radiation 

doses [8, 9]. In contrast, intraoral scanners provide a 

reliable tool for digitizing external morphology, enabling 

fast, non-invasive surface acquisition [10, 11]. Regardless 

of the modality, the acquired data are ultimately converted 

into digital geometric models, typically surface meshes in 

STL format, which constitute the starting point for 

subsequent planning, design, and manufacturing processes 

[12]. Despite continuous technological advances, 

generating accurate and complete digital tooth models 

remains challenging, particularly for posterior teeth such 

as molars [13]. Complex crown morphology, tight 

interproximal contacts, occlusal superposition, and 

proximity to adjacent teeth often limit the quality of both 

acquisition and segmentation processes [14]. 

These issues are exacerbated by other critical aspects 

related to the acquisition technology, such as imaging 

artefacts, partial-volume effects, beam hardening in 

CBCT, occlusions, and stitching errors in surface  

scanning. As a result, preliminary digital models often 

contain incomplete, ambiguous, or geometrically 

inconsistent regions, especially in critical areas affecting 

functional and manufacturing accuracy. When such 

defects are propagated through digital workflows, they can 



 
 

 

compromise the geometric accuracy of surgical devices 

(especially surgical guides that rely directly on existing 

teeth for positioning), affect occlusal relationships, and 

ultimately reduce the reliability and reproducibility of 

manufacturing outcomes. In this context, refining digital 

tooth geometries is a critical step not only for anatomical 

reconstruction but also for ensuring geometric consistency 

and manufacturability in downstream CAD/CAM 

workflows. In recent years, automatic tooth segmentation 

has increasingly relied on data-driven approaches, 

especially deep learning (DL)–based methods [15]. 

Convolutional neural networks, and U-Net–derived 

architectures in particular, have demonstrated high 

accuracy and computational efficiency in dental structure 

labeling and segmentation, often outperforming classical 

image-processing techniques such as thresholding, region 

growing, deformable models, and morphological 

operations [16, 17]. Reported Dice similarity coefficients 

approaching 0.93 confirm the effectiveness of these 

approaches under favorable imaging conditions [18, 19]. 

However, DL-based methods implicitly encode anatomical 

plausibility through the training data, making their 

performance highly dependent on the availability of large 

datasets of complete, anatomically correct teeth [20]. Such 

datasets remain limited, especially for posterior regions 

affected by interproximal contacts [21]. Consequently, 

even advanced segmentation strategies often yield 

preliminary models that are unsuitable as reliable 

geometric references for manufacturing-oriented 

workflows. From an advanced manufacturing perspective, 

this limitation highlights the need for a dedicated 

refinement step able to transform a coarse or imperfect 

digital tooth model into a geometrically consistent and 

anatomically plausible representation. Such a refinement 

must be capable of mitigating the effects of acquisition 

artefacts, segmentation inaccuracies, and missing or 

ambiguous surface information, without compromising the 

geometric fidelity of the portions that are reliably captured 

by the imaging or scanning process. 

This objective cannot be achieved by enforcing point-

These wise corrections or purely local adjustments, as 

these approaches tend to propagate noise and 

inconsistencies present in the input data. Instead, the 

reconstruction must be formulated as a global shape 

estimation problem, in which the final 

geometry is inferred as a coherent deformation of a 

complete anatomical template. Within this framework, the 

available geometric information helps constrain the 

solution, while the overall shape evolution is governed by 

anatomical consistency across the entire tooth. 

Existing tooth reconstruction and shape completion 

methods can be broadly classified into three main 

categories: computer-aided design (CAD)–based 

reconstruction approaches relying on local geometric 

interpolation, multimodal fusion strategies that combine 

volumetric imaging with high-resolution surface 

acquisitions to reconstruct complete tooth models, and 

population-based techniques that leverage statistical 

anatomical priors to infer globally consistent shapes from 

incomplete observations [22]. 

CAD-based methods typically rely on local geometric 

continuity, curvature constraints, or manually defined 

control points to interpolate missing regions. While 

parametric representations such as B-splines and Non-

Uniform Rational B-Splines (NURBS) are mathematically 

robust and compatible with industrial design environments 

[23-26], they often struggle to reproduce fine anatomical 

details such as cusps, fissures, and ridges without extensive 

manual intervention. This frequently leads to over-

smoothing, unstable fittings, or operator-dependent results 

that are incompatible with automated manufacturing 

pipelines [27, 16].  

Multimodal fusion strategies attempt to overcome the 

limitations of single-modality reconstructions by 

combining complementary information from volumetric 

imaging and high-resolution surface acquisitions. 

Typically, CBCT data provide complete tooth–bone 

structures, including roots, while intraoral or laser scans 

offer highly accurate crown morphology and occlusal 

information. The fusion process generally involves 

segmentation of CBCT volumes, registration between 

modalities, and replacement of the crown region 

reconstructed from CBCT with the high-resolution surface 

mesh, followed by stitching and smoothing to obtain a 

complete tooth model [28, 29]. These approaches aim to 

mitigate well-known CBCT limitations, such as low 

resolution, tooth crowding, and occlusal contact artefacts, 

which often lead to inaccurate crown reconstruction. By 

integrating intraoral scans, multimodal pipelines improve 

crown accuracy while preserving root information derived 

from CBCT data [28, 29]. However, multimodal fusion 

methods typically rely on accurate segmentation and 

registration between modalities, which remain challenging 

due to differences in bite position, connected boundaries 

between adjacent teeth, and discrepancies in shape between 

CBCT reconstructions and intraoral meshes. Moreover, 

several approaches rely on fiducial-based or surface-based 

alignment procedures and may still require manual 

interaction or heuristic stitching steps, limiting full 

automation and anatomical consistency [29, 30].  

Population-based approaches address these limitations 

by explicitly leveraging prior anatomical knowledge 

learned from a cohort of shapes. Within this category, both 

artificial intelligence (AI)–based generative models and 

Statistical Shape Models (SSMs) have been proposed. 

While generative AI approaches typically require large 

training datasets, SSMs offer a compact, interpretable, and 

mathematically grounded representation of anatomical 



 

 

variability, enabling robust inference even with limited 

training data [31]. SSMs have been successfully applied to 

anatomical modelling tasks such as segmentation, 

reconstruction, and morphometric analysis, including 

several applications in dental modelling under incomplete 

or occluded data conditions [32-38]. Enhanced Statistical 

Shape Models (eSSMs) further extend the SSM framework 

by incorporating additional information beyond pure 

geometry while maintaining robustness and generalisation 

[39]. 

Building on these considerations, the present work 

proposes an enhanced Statistical Shape Model (eSSM)–

based framework for refining and completing single-tooth 

digital models, specifically targeting the generation of 

anatomically coherent geometries suitable for downstream 

CAD/CAM and advanced manufacturing workflows. The 

proposed eSSM is trained on complete segmentations of a 

specific tooth class and encodes anatomically plausible 

shape variability as an explicit morphological prior. Rather 

than acting as a standalone segmentation method, the 

proposed framework is designed as a population-based 

refinement strategy that complements existing acquisition 

and segmentation pipelines. Specifically, it addresses the 

limitations of CAD-based interpolation and purely data-

driven approaches in handling incomplete or anatomically 

ambiguous regions by operating on a preliminary digital 

model represented as either a surface mesh or a point cloud, 

independently of its origin. The framework distinguishes 

between morphologically reliable and ambiguous regions 

within the initial model by evaluating geometric 

consistency with the statistical prior, including surface 

orientation and local shape coherence. Reliable regions are 

preserved to maintain fidelity to the acquired data, while 

ambiguous areas are refined through a global, statistically 

guided estimation that enforces anatomical consistency. In 

addition, the eSSM is constructed tooth-class-specifically 

and embeds semantic anatomical information at the vertex 

level, enabling automatic partitioning of the reconstructed 

model into meaningful anatomical regions relevant for 

downstream design and manufacturing tasks. The 

feasibility of the proposed approach is demonstrated on a 

test set comprising both CBCT- and intraoral-scan–derived 

molars. This choice represents a challenging, clinically 

relevant scenario. It does not limit the applicability of the 

framework to other tooth types or, more generally, to 

digital reconstruction problems in advanced manufacturing 

workflows that require anatomically coherent geometric 

models. 

 

2 Methods 

2.1 Overview of the complete pipeline 

In this work, the reconstruction of individual teeth is 

performed through an anatomy-aware refinement pipeline 

based on an eSSM, which integrates preliminary 

segmentation data with population-based anatomical 

priors. An overview of the workflow is reported in Figure 

1. The pipeline takes as input a preliminary reconstruction 

of the target tooth, represented as either a point cloud or a 

triangulated surface mesh. This initial geometry may come 

from various acquisition methods and segmentation 

strategies and is not limited by the specific techniques used 

in the earlier stages. A key aspect of the proposed 

framework is the identification of surface regions that are 

weakly constrained by the acquired data and therefore 

prone to geometric ambiguity. Such regions typically arise 

in areas affected by partial-volume effects, beam-

hardening artefacts, limited image contrast, scanning 

occlusions, or at interdental contact areas, where the 

superposition of adjacent teeth prevents a reliable 

delineation of anatomical boundaries [40]. Inaccurate 

reconstruction of these regions may propagate through 

downstream workflows, leading to clinically and 

manufacturing-relevant issues, such as improper fit of 

tooth-supported devices. To account for these limitations, 

each surface point of the preliminary reconstruction is 

associated with a binary confidence indicator reflecting the 

degree of reliability of the underlying geometric 

information; this classification is derived from (i) the 

spatial relationship with neighboring teeth, identifying 

regions likely affected by contact ambiguity, and (ii) local 

geometric consistency with the anatomical variability 

encoded by the eSSM. Points exhibiting ambiguous 

boundary information or implausible surface orientation 

are treated as weakly constrained, while well-defined 

regions are preserved. Shape completion is then achieved 

by fitting the eSSM to the subset of points associated with 

reliable geometric information. The fitting is formulated as 

an iterative Maximum A Posteriori (MAP) estimation 

problem, which enforces consistency with the observed 

data while regularizing the solution through a global 

anatomical prior. At each iteration, a complete tooth 

geometry is inferred, including regions not directly 

supported by the data, enabling progressive refinement of 

the reconstruction until convergence. The resulting model 

preserves the fidelity of well-segmented areas while 

completing ambiguous regions in a smooth, anatomically 

plausible, and statistically consistent manner. In addition 

to geometric information, the eSSM encodes semantic 

anatomical labels at the vertex level, allowing the 

automatic partitioning of the reconstructed tooth into 

meaningful regions for quantitative analysis, simulation, 

and design-oriented applications. The individual 

components of the proposed pipeline are described in 

detail in the following sections. 



 
 

 

 
Fig. 1 The proposed pipeline 

2.2 The enhanced Statistical Shape Model 

The proposed eSSM builds upon the classical SSM, a well-

established framework that models anatomical variability 

by representing each shape as a deformation of a mean 

shape along principal modes learned from a training 

population. In this study, the eSSM is trained on an 

anatomically consistent dataset consisting of complete 

tooth segmentations derived from CBCT volumes, 

restricted to a specific tooth class. CBCT data were 

selected because they provide volumetric information of 

the entire tooth anatomy with sufficient spatial resolution, 

including regions that are typically inaccessible to surface-

based acquisition techniques. Following a standard PCA-

based formulation, all 𝑀 training samples are first brought 

into dense point-wise correspondence, such that each 

shape is represented by the same number of vertices and 

homologous anatomical locations are consistently aligned 

across the population [41]. The resulting statistical model 

captures population-level variability of tooth morphology 

while preserving anatomical plausibility across the full 

three-dimensional structure. Each shape is stored as an ܰ × 3 matrix of Cartesian coordinates ܠ = ,ݔ) ,ݕ  and (ݖ

vectorized by stacking the coordinate components into a 

single shape vector: ܛ௞ = ,1ݔ] … , ,ேݔ ,1ݕ … , ேݕ , ,1ݖ … , ,்[ேݖ ௞ܛ  ∈ ℝ3ே 

The mean shape of the training population is computed as: 

ܛ̄ =
1𝑀 ∑ ௞ெܛ

௞=1 , 

The covariance matrix is defined as: 

۱ = 1𝑀 − 1 ∑(ெ
௞=1 ௞ܛ − ௞ܛ)(ܛ̄ − ்(ܛ̄ . 

 
Eigen-decomposition of ۱ yields: ۱ =  ,்܃઩܃

where ܃ contains the eigenvectors (i.e., the principal 

modes of variation) and ઩ is the diagonal matrix of 

corresponding eigenvalues. Retaining the first ݉ modes of 

variation defines a low-dimensional generative 

modeܛ(હ) = ܛ̄ + ઩૚܃ ૛⁄ ࢻ = ܛ̄ + ,ࢻ۲ ۲ ∈ ℝ3ே×௠, αϵℝ௠ (1)  

Each shape parameter ߙ௞ is constrained to the interval 

[−3, 3], capturing approximately 99.7% of the population 

variability under the Gaussian assumption and ensuring 

anatomically plausible shapes. The number of retained 

modes satisfies: ݉ ≤ rank(۱) ≤ min (3ܰ, 𝑀 − 1) 

 
2.3 Semantic enrichment of the eSSM 

The eSSM extends the classical SSM by encoding 

additional anatomical and functional information beyond 

sole geometry. In this work, the enhanced model serves 

two main purposes: (i) the identification of tooth regions 

potentially unreliable due to contact with adjacent teeth; 

and (ii) the automatic semantic segmentation of distinct 

anatomical regions. To enable anatomy-aware processing, 

the lateral faces of the tooth (adjacent to neighboring teeth) 

are identified through a binary vertex labeling of the mean 

shape: 0 for lateral-face points and 1 otherwise (Figure 2). 

This information is stored as an additional column 

appended to the mean shape representation ݁̅ܛ. For 

semantic anatomical segmentation, three major regions are 

identified and encoded: the occlusal region, mesial region, 

and roots, assigned labels 1, 2, and 3, respectively (Figure 

3). As for the contact-related labels, this information is 

stored in an additional column of the enhanced mean shape ݁̅ܛ. Finally, a sixth column is used to encode the tooth 

class. Since a dedicated eSSM must be constructed for 

each tooth type, this encoding enables the automatic 

selection of the appropriate eSSM based on the target tooth 

class. As a result, ݁̅ܛ contains six columns: the original 3D 

coordinates and three additional label fields. Importantly, 

the manual annotation required to define these labels is 

performed only once during model construction. During 

fitting and target reconstruction, only the geometric 

coordinates are updated, while semantic labels remain 

fixed and are automatically transferred to the reconstructed 

models. 



 

 

  

a)                                     b) 
 
Fig. 2 Views of lateral faces adjacent to neighboring teeth (red), 

encoded in the fourth column of the eSSM 

 
Fig. 3 The semantic regions of the first molar encoded in the fifth 

column of the eSSM: roots (yellow), mesial region (light blue), 

occlusal region (dark blue) 

 

2.4 Identification of unreliable regions on 
the target model 

The identification of morphologically reliable and 

unreliable regions is a critical step of the proposed 

framework and is performed using an anatomy-aware and 

geometry-driven strategy. Let 0ܛ denote the preliminary 

tooth reconstruction, represented as a Point Distribution 

Model (PDM). The framework is independent of the 

acquisition technology or the segmentation method used to 

generate 0ܛ, provided that a discrete representation is 

available. As a preprocessing step, 0ܛ is brought into dense 

correspondence with the enhanced mean shape ݁̅ܛ, 

ensuring a direct row-wise correspondence between the 

two matrices. An initial classification of unreliable regions 

is obtained by transferring the semantic labels stored in the 

fourth column of ݁̅ܛ to the target shape. Points 

corresponding to lateral faces (label 0) are marked as 

unreliable, while all remaining points are considered 

reliable. To further assess geometric consistency, local 

surface orientation is evaluated by comparing the surface 

normals of the preliminary reconstruction with those 

predicted by the statistical model. Let 0ܛ܄ ∈ ℝே×3denote 

the vertices of the preliminary reconstruction and ܄௘̄ܛ ∈ℝே×3 those of the shape reconstructed from the eSSM. For 

each vertex ݅, the corresponding unit normals 0ܛܖ(௜)
 and ܖ௘̄ܛ(௜)

 

are computed following the method in [42]. The angular 

deviation between the two normals is quantified as: ߠ௜ = arccos(0ܛܖ(௜) ⋅    ((௜)ܛ௘̄ܖ

A vertex is classified as reliable if: ߠ௜ <  thߠ

where ߠth is a predefined angular threshold. Based on 

preliminary tuning experiments, ߠth = 20° was selected 

and used consistently across all experiments. The resulting 

reliability set is defined as ℛ = {݅ ∈ {1, . . . , ,࢏)ܛ̅݁ | {ܰ ૝) = ૚ ⋀ ߠi <  th} (2)ߠ

where ݁̅࢏)ܛ, ૝) is the value in the i row and 4th column of ݁̅ܛ.  

 

2.5 Iterative eSSM Fitting and Convergence 

The completion of unreliable regions is performed through 

an iterative eSSM fitting procedure formulated on a 

reduced target representation, as summarized in 

pseudocode reported in Algorithm 1. At each iteration, 

only the subset of reliable points ℛ is used to constrain the 

fitting, while the remaining regions are inferred through 

statistical shape completion. Given the vectorized 

preliminary reconstruction 0ܛ ∈ ℝ3ே, a reduced 

observation vector 0ܛℛ ∈ ℝ3∣ℛ∣ is constructed by retaining 

only the coordinates of reliable points. Consistently, 

reduced versions of the mean shape and deformation 

matrix, ̄ܛℛ  and ۲ℛ, are obtained by selecting the 

corresponding rows. During the fitting process, only the 

first three columns of ݁̄ܛ (the spatial coordinates) are 

involved. Since these coincide with ̄ܛ, the mean shape is 

denoted simply as ̄ܛ. At each iteration ݐ, the shape 

parameters ࢻ(௧)are estimated by solving the following:  ࢻ(௧) = argmin ࢻ ∥ 0ℛܛ − (ࢻℛ+۲ℛܛ̄) ∥22+ ߛ ∥ ࢻ ∥22, 

where the regularization parameter ߛ enforces anatomical 

plausibility and numerical stability. Consistent with the 

MAP formulation, the regularization parameter ߛ was 

estimated from the training dataset as the variance of the 

residual geometric error between each training shape and 

its projection onto the statistical shape space. The solution 

is additionally constrained such that each coefficient 

satisfies ∣ ௞ߙ ∣≤ ߬, with ߬ = 3, enforcing anatomical 

plausibility under the Gaussian assumption of the model. 

Once the optimal parameters are estimated, the completed 

tooth morphology is reconstructed as: 



 
 

 

(௧)ܛ̂ = ܛ̄ +  .(௧)ࢻ۲

Point-wise deviations between ̂ܛ(௧) and 0ܛ are then 

evaluated in a statistically normalized space, and the 

reliability set ℛ is updated accordingly using Eq. (2). 

These deviations are explicitly used to reclassify each 

vertex as reliable or unreliable. The procedure is repeated 

until convergence, which is reached when the relative 

change in the shape parameters satisfies: ∥ (௧)ࢻ − (1−ݐ)ࢻ ∥2/(∥ (1−ݐ)ࢻ ∥2+ 10−8) <  ߝ

In this work, ߝ = 10−3. In practice, convergence is 

achieved in a small number of iterations, indicating stable 

identification of unreliable regions and consistent 

statistical completion. 

 

 

 

2.6 Target representation and partial-shape 
conditioning 

 
While the eSSM is trained on complete tooth anatomies 

derived from CBCT data, the target geometries provided 

to the reconstruction pipeline may be partial, depending on 

the acquisition modality. In particular, intraoral scanners 

capture only the portion of the tooth exposed above the 

gingival margin, leaving the subgingival anatomy 

unobserved [43]. To enable effective fitting of the eSSM 

on this limited yet fully observed portion of the target 

surface, a preliminary alignment and reduction step is 

performed. 

First, the acquired points are roughly aligned to the 

eSSM mean shape using a coarse manual registration. 

Then, a reduced target representation is generated by 

selecting the observed points and their local neighborhood 

using a k-nearest neighbors (k-NN) approach. This 

reduced model provides a limited but informative subset 

of the tooth geometry that can reliably constrain the initial 

fitting of the eSSM. Using these points, an initial full-

shape reconstruction is obtained via a MAP estimation in 

the statistical shape space, producing a preliminary 

complete model that respects the observed crown 

geometry and the anatomical prior encoded in the eSSM. 

The reliable subset of the extracted crown surface 

serves as conditioning data for the full iterative 

reconstruction pipeline. Consistent with the proposed 

approach, rather than performing local surface completion, 

the full tooth shape is inferred as a global deformation of 

the mean shape, constrained by the observed points. At 

each iteration, the eSSM fitting enforces strict agreement 

with the reliable crown points while simultaneously 

predicting the shape of unobserved regions according to 

the population-level variability encoded in the model. This 

ensures that reconstructed regions are consistent with both 

the acquired data and the anatomical prior, maintaining 

smoothness and structural plausibility across the entire 

tooth surface. Although the partial target provides fewer 

points than a complete geometry, the reconstruction 

remains well-posed due to the low-dimensional statistical 

shape space and the strong anatomical regularization 

provided by the eSSM. The principal modes of variation 

learned from the CBCT population restrict the solution to 

anatomically plausible configurations, preventing unstable 

extrapolations even when large portions of the tooth are 

unobserved. This strategy enables robust reconstruction of 

complete tooth models from partial surfaces while 

preserving fidelity to the observed crown and ensuring 

global anatomical coherence. 

 

3 Results and Discussion 
 

To demonstrate the effectiveness of the proposed anatomy-

aware refinement framework, the complete pipeline was 

implemented in MATLAB using two custom scripts. The 

first script constructs the eSSM starting from a set of 

training shapes aligned to a common reference frame. The 

second script performs segmentation refinement and shape 

completion, taking as input a preliminary tooth 

reconstruction 0ܛ, previously aligned to the eSSM mean 

shape, and producing a fully reconstructed and 

semantically labeled tooth model. No user interaction is 

required during the execution of either script, except for a 

Algorithm 1: Iterative eSSM-Based Statistical Shape Completion 

Input:  

- Preliminary reconstruction s₀ ∈ ℝ³ᴺ;  
- mean shape s̄ ∈ ℝ³ᴺ;  
- deformation matrix D ∈ ℝ³ᴺˣm;  

- initial reliability set R⁽⁰⁾;  
- regularization parameter γ;  
- coefficient bound τ = 3;  
- convergence threshold ε = 10⁻³. 

Output:  

- Completed shape ŝ ∈ ℝ³ᴺ. 
 

1. Initialize t ← 0, α⁽⁰⁾ ← 0 

2. Repeat 

2.1: Construct reduced observation s₀ᴿ⁽ᵗ⁾ by selecting 
coordinates in R⁽ᵗ⁾ 

2.2:   Construct reduced mean shape s̄ᴿ⁽ᵗ⁾ and deformation 
matrix Dᴿ⁽ᵗ⁾ 

2.3:  Estimate shape parameters by solving: 

α⁽ᵗ⁾ ← argmin_α || s₀ᴿ⁽ᵗ⁾ − (s̄ᴿ⁽ᵗ⁾ + Dᴿ⁽ᵗ⁾ α) ||₂² + γ ||α||₂² 
2.4:  Enforce bounds: αₖ⁽ᵗ⁾ ← clip(αₖ⁽ᵗ⁾, −τ, τ), ∀k 

2.5:  Reconstruct full shape: ŝ⁽ᵗ⁾ ← s̄ + D α⁽ᵗ⁾ 
2.6:  Compute normalized point-wise deviations between ŝ⁽ᵗ⁾ 

and s₀ 
2.7:  Update reliability set R⁽ᵗ⁺¹⁾ according to Eq. (2) 
2.8:  t ← t + 1 

3. Until ||α⁽ᵗ⁾ − α⁽ᵗ⁻¹⁾||₂ / (||α⁽ᵗ⁻¹⁾||₂ + 10⁻⁸) < ε 

4.  Return ŝ ← ŝ⁽ᵗ⁾ 



 

 

one-time manual annotation step performed on the eSSM 

mean shape to define the additional information encoded 

in the fourth to sixth columns of the enhanced model (as 

described in Section 2.2). Both the construction of the 

eSSM and the associated manual annotation are performed 

only once. Once trained, the eSSM can be reused to refine 

and complete any target tooth reconstruction of the same 

anatomical class, independently of the acquisition 

modality or segmentation strategy used to generate the 

preliminary input. As expected, a distinct eSSM must be 

trained for each tooth class to ensure anatomical 

consistency. In the present study, the proposed pipeline 

was demonstrated on a single tooth class, namely the adult 

maxillary first upper molar. This choice is intended to 

illustrate the behavior and performance of the method and 

does not limit its general applicability to other tooth types. 

The selected tooth class is particularly challenging due to 

its complex occlusal morphology, multiple roots, and 

frequent interproximal contacts, making it suitable for 

evaluating reconstruction robustness under demanding 

anatomical conditions. The size of the training dataset is 

consistent with the statistical modelling framework 

adopted in this work, as population-based shape models 

are designed to operate with limited but anatomically 

consistent samples. Nevertheless, the current validation 

does not aim to demonstrate statistical generalizability 

across the entire dentition. Rather, it provides a proof-of-

concept evaluation of the proposed refinement strategy. 

Extension to additional tooth classes and larger datasets 

will be addressed in future work by constructing tooth-

specific eSSMs and evaluating reconstruction 

performance across broader anatomical variability. 

 

3.1 The eSSM Construction 
 
The eSSM was trained on a limited but anatomically 

consistent dataset consisting of 16 complete CBCT-

derived segmentations of adult maxillary first molars. The 

CBCT volumes were obtained from the publicly available 

MMDental repository [44]. Training samples were 

selected exclusively from scans in which complete tooth 

segmentation was feasible, ensuring reliable and 

anatomically accurate surface representations suitable for 

statistical modelling. Segmentations were performed using 

3D Slicer through semi-automatic techniques, including 

thresholding. Each segmented tooth was exported as a 

PDM in STL format and further processed in Geomagic 

Design X® to correct surface defects and enforce uniform 

remeshing. A deviation analysis confirmed that remeshing 

introduced errors within ±0.1 mm. All samples were 

subsequently rigidly aligned to a common reference frame. 

Following preprocessing, all remaining steps of the eSSM 

construction were carried out using a custom MATLAB 

script. The aligned training samples were provided as 

input, and the resulting statistical shape model was 

generated automatically without further user interaction. 

Given the limited size of the training dataset, all 

available modes of variation were retained, resulting in ݉ = 15 modes. The quality of the resulting SSM was 

assessed using the standard evaluation metrics proposed 

by Davies [45]. Generalization Ability ܩ(݉), Specificity ܵ(݉), and Compactness ܥ(݉). In this application, the 

metrics have been defined as follows: ܩ(݉) was evaluated 

through a leave-one-out strategy on the training set and 

quantified using the Mean Absolute Deviation (MAD) 

computed as the average point-wise Euclidean distance 

between the reconstructed shape and the original shape, 

normalized by the number of vertices.  

As a consequence, ܩ(݉) represents the expected fitting 

error when the model is used to approximate unseen 

shapes. ܵ(݉) was computed by generating 100,000 

synthetic shapes from the model and measuring their 

deviation from the closest training samples. ܥ(݉) 

quantified the cumulative variance captured by the 

retained modes. As shown in Figure 4, both ܩ(݉) and ܵ(݉) exhibit stable and consistent trends, supporting the 

reliability of the constructed model. Despite the limited 

size of the training set, the fitting accuracy quantified by ܩ(݉) is approximately 0.56 mm, which is fully adequate 

for the intended application. To construct the enhanced 

version of the model, the SSM mean shape was imported 

into Geomagic Design X®, where relevant anatomical 

regions were manually segmented as described in Section 

2.2. 

These regions were exported as independent STL files 

and subsequently encoded into the eSSM through a custom 

MATLAB script by populating the fourth, fifth, and sixth 

columns of the enhanced mean shape. 

 

0.4

0.5

0.6

0.7

0.8

0.9

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14

G
[m

m
]

m



 
 

 

 

 

Fig. 4 The evaluation metrics G(m) and S(m) and C(m) 

3.2 Application of the tooth reconstruction 
pipeline to the upper first molar 
 

The proposed reconstruction pipeline was evaluated on a 

test set of 10 adults maxillary first molars. Five samples 

were obtained from CBCT scans available in the 

MMDental repository, while the remaining five were 

derived from intraoral scans provided by the Bits2Bites 

Dataset [46]. None of the test samples were included in the 

training dataset used to construct the eSSM. For the 

CBCT-based cases, a preliminary segmentation of the full 

dental arch was first generated using 3D Slicer using a 

semi-automatic segmentation approach. The target molar 

was then approximately isolated from the neighboring 

teeth and exported as a triangulated STL surface. As 

discussed in the previous sections, although a semi-

automatic segmentation strategy was adopted in this 

experimental evaluation, the proposed pipeline is 

independent of the specific segmentation method. The 

input model may be generated by any segmentation 

strategy, provided that a surface- or point-based 

representation of the target tooth is available. For the 

intraoral scan cases, STL models of the full dental arch 

were provided directly. The user manually performed a 

coarse isolation of the target molar from adjacent teeth and 

exported it as an individual STL surface. 

All ten target tooth models were coarsely aligned to the 

corresponding eSSM mean shape using Geomagic Design 

X® to ensure a consistent initial pose. The aligned models 

were then processed using the proposed MATLAB-based 

refinement pipeline. For illustrative purposes, Figure 5 

presents one representative example for each acquisition 

modality (CBCT and intraoral scanning); analogous 

qualitative behavior was consistently observed across all 

remaining test cases, confirming the robustness of the 

proposed pipeline. Figures 5a and 5b show the upper full 

dental arch obtained from CBCT and intraoral scanning, 

respectively, while Figures 5c and 5d display the extracted 

target molars. In Figures 5c and 5d, the inaccuracy of the 

preliminary segmentation at the interdental contact regions 

can be clearly observed. Figures 5e and 5f show the final 

reconstructed tooth models obtained after convergence of 

the iterative eSSM fitting procedure, along with their 

semantic segmentation. 

  

a)                                b) 

  

c)                           d) 

   

e)    f) 
Fig. 5 Representative examples of target tooth reconstruction for 

both acquisition modalities. (a, b) Full upper dental arch obtained 

from CBCT and intraoral scanning, respectively. (c, d) Extracted 

target first molars, with visible inaccuracies in the preliminary 

segmentation at interdental contact regions. (e, f) Final reconstructed 

tooth models after convergence of the iterative eSSM fitting 

procedure, including vertex-level semantic anatomical labels 
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Figures 6a and 6b report the point-wise deviations between 

the final reconstructed models and the corresponding 

preliminary segmentations for the CBCT-derived and 

intraoral-scan-derived targets, respectively. In both cases, 

regions initially classified as reliable exhibit expected 

deviation, indicating that the observed and reliable 

geometry is preserved throughout the refinement process. 

Conversely, larger deviations are localized in regions 

identified as unreliable, predominantly at interdental 

contact surfaces and occluded areas. These regions are 

reconstructed through the anatomical prior encoded in the 

eSSM, resulting in smooth, geometrically coherent, and 

anatomically plausible reconstructions. Overall, the 

reconstructed tooth models are complete and free of local 

artifacts typically associated with ambiguous or poorly 

constrained regions, making them directly suitable for 

downstream applications such as prosthetic planning, 

quantitative morphometric analysis, and the design and 

manufacturing of surgical or restorative devices. From a 

digital manufacturing perspective, the proposed 

refinement strategy is intended to generate anatomically 

coherent tooth geometries rather than optimize 

segmentation accuracy alone. This positioning reflects the 

role of the method as a geometry refinement step within 

CAD/CAM-oriented workflows, where surface continuity, 

morphological plausibility, and robustness to incomplete 

data are critical requirements [47]. Due to the limited 

extent of the observed crown surface, reconstruction from 

intraoral scans entails higher inherent uncertainty [48]; 

nonetheless, the pipeline preserves reliable geometry 

while producing a complete, anatomically coherent tooth 

model. The extent and spatial distribution of missing 

regions in intraoral scans directly influence reconstruction 

uncertainty. In particular, subgingival areas and 

interproximal contact regions are typically unobserved 

[48], requiring the reconstruction to rely primarily on the 

statistical prior encoded in the eSSM. In the proposed 

framework, this uncertainty is implicitly handled through 

the reliability classification step, which preserves observed 

geometry while constraining completion to anatomically 

plausible variations. However, a systematic sensitivity 

analysis evaluating reconstruction stability across different 

missing-data patterns was not conducted in this study. 

Such analysis could be conducted in future work by 

progressively masking observed crown regions, simulating 

varying levels of occlusion, or artificially removing 

surface patches to quantify the impact on reconstruction 

variability. This would enable explicit estimation of 

uncertainty bounds associated with intraoral-scan–derived 

reconstructions.  

A direct quantitative validation against a ground-truth 

geometry is not reported, as the true original tooth 

morphology is inherently unobservable in clinical 

scenarios, particularly in regions affected by contact or 

occlusion [49, 50]. Alternative validation strategies could 

be considered in future work to provide a complementary 

quantitative assessment. These may include the use of 

physical dental phantoms with known geometry, ex vivo 

teeth digitised using high-precision laboratory scanners, or 

multimodal acquisitions combining CBCT with industrial-

grade optical scanning. Such approaches would enable 

controlled evaluation of reconstruction accuracy in both 

observed and reconstructed regions. In addition, 

application-driven benchmarks based on downstream 

CAD/CAM tasks, such as surgical guide fitting accuracy, 

occlusal contact consistency, or restoration design 

robustness, could provide task-oriented validation of the 

proposed refinement strategy in manufacturing workflows. 

Moreover, the primary objective of the proposed method 

is not to recover an exact but unknown ground truth, but 

rather to generate anatomically consistent reconstructions 

that strictly preserve reliable observed regions while 

plausibly completing uncertain or missing areas. In this 

context, the qualitative preservation of trustworthy 

geometry, combined with statistically grounded shape 

completion, provides a meaningful and application-

oriented assessment of the effectiveness of the proposed 

pipeline. 

   

a)                                                    b) 
Fig. 6 The point-wise deviations between the final reconstructed 

models and the corresponding preliminary segmentations for the 

targets derived from (a) CBCT (maximum deviations: +0.67, -0.62) 

and (b) intraoral scan (maximum deviations +0.53, -0.83) 

 

4 Conclusions 
 

In this work, a fully automated pipeline for tooth 

reconstruction and segmentation refinement based on an 

eSSM has been presented. The approach functions as a 

refinement stage within broader digital workflows, taking 



 
 

 

as input a preliminary tooth segmentation (regardless of 

acquisition modality or segmentation strategy) and 

producing complete, anatomically coherent models 

suitable for downstream design and manufacturing 

applications. The eSSM extends classical SSMs by 

embedding semantic and functional information directly 

into the mean shape, including anatomy-aware labels and 

region-specific encoding. Combined with a geometry-

driven reliability assessment that compares local surface 

orientation against the anatomical variability captured by 

the eSSM, this framework explicitly identifies reliable and 

uncertain regions. Reliable areas are strictly preserved, 

while ambiguous or missing regions are reconstructed 

using population-level anatomical priors, effectively 

mitigating limitations associated with incomplete data, 

segmentation artifacts, and acquisition uncertainties. The 

method was evaluated on ten adult maxillary first molars 

(five CBCT-derived and five intraoral scan-derived cases). 

The maxillary first molar was selected due to its 

anatomical complexity, making it a challenging and 

representative test case. The results thus guides, 

demonstrate consistent preservation of reliable surfaces 

and anatomically plausible reconstruction of uncertain 

regions across both acquisition types, confirming the 

robustness of the pipeline under heterogeneous input 

conditions. A direct quantitative validation against 

ground-truth geometry was not possible, as the true 

morphology is inherently unobservable in clinical 

scenarios. However, the approach prioritizes the 

generation of anatomically plausible, structurally 

coherent, and functionally adequate reconstructions, 

making it suitable for design, planning, and manufacturing 

applications [51]. In a manufacturing-oriented workflow, 

the proposed eSSM-based refinement can be applied to 

generate reliable tooth geometries for the automated 

design and fabrication of tooth-supported surgical guides, 

thereby reducing manual intervention, time-consuming 

process and operator variability [52] while improving 

geometric consistency and fit accuracy. Future work will 

focus on extending the framework to additional tooth 

classes, increasing the anatomical variability of training 

datasets, automating initialization and alignment 

procedures, and integrating partial-surface data more 

systematically. The adoption of this pipeline in end-to-end 

digital dental workflows represents a promising avenue for 

robust, automated manufacturing-oriented reconstruction. 
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