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RESUME

La restauration de couronnes dentaires représente I'une des procédures les plus exigeantes
techniquement en dentisterie restauratrice, nécessitant traditionnellement une conception
manuelle approfondie par des techniciens qualifiés pour chaque couronne. Ce processus in-
tensif en temps et dépendant de 'opérateur crée des goulots d’étranglement significatifs dans
les flux de travail cliniques tout en introduisant de la variabilité dans la qualité et la précision.
Alors que la demande clinique croit pour des restaurations plus rapides, plus cohérentes et
personnalisées, le besoin de solutions automatisées intelligentes devient de plus en plus ur-
gent. De plus, les outils de conception assistée par ordinateur existants s’appuient fortement
sur des bibliotheques de modeles et des ajustements manuels, limitant leur capacité a gérer les
contraintes géométriques complexes requises pour un ajustement approprié¢ de la couronne,

les relations occlusales et les exigences esthétiques.

Pour répondre a ces limitations, les chercheurs ont exploré des approches d’apprentissage
automatique pour la génération automatisée de couronnes. Les premieres méthodes ont
formulé la conception de couronnes comme un probléme de synthese d’images 2D, mais ces
approches étaient fondamentalement limitées par la perte d’information de la projection 3D
vers 2D et ne pouvaient pas capturer la morphologie compléte de la couronne. Les approches
subséquentes ont employé des représentations 3D telles que les nuages de points et les grilles
de voxels, mais manquaient de modélisation explicite des relations spatiales critiques incluant
les limites de la ligne marginale, les motifs de contact occlusal et les interactions avec les dents
adjacentes. Bien que ces méthodes aient démontré la faisabilité de la génération automatisée
de couronnes, elles ont produit des surfaces géométriquement précises mais lisses manquant
des détails morphologiques fins essentiels pour I'acceptation clinique, et ont échoué a prévenir
la pénétration de la couronne dans les structures adjacentes ou a optimiser les relations de

contact avec la dentition opposée.

L’objectif principal de cette these est de développer un cadre complet pour la génération
entierement automatisée de couronnes dentaires qui adresse le pipeline clinique complet de
la reconstruction géométrique a la modélisation des contraintes spatiales. Nous formulons la
conception de couronnes comme un probleme de complétion de forme 3D spatialement con-
traint, ou une architecture basée sur un transformateur génere des couronnes anatomiquement
précises a partir de dents préparées et de leur contexte dentaire environnant. Pour relever
ces défis, nous présentons quatre avancées méthodologiques complémentaires. Premierement,

nous avons établi une approche de complétion de nuages de points utilisant une architecture
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encodeur-décodeur de transformateur avec intégration d’entrée de ligne marginale, démon-
trant des améliorations significatives dans la précision des limites mais nécessitant un post-
traitement pour la conversion en maille. Deuxiémement, nous avons développé le premier
pipeline de génération de mailles de bout en bout (DMC) utilisant la reconstruction de sur-
face de Poisson différentiable, éliminant les exigences de post-traitement et atteignant une
sortie de maille directe avec une distance de Chamfer moyenne de 0,062. Troisiemement,
nous avons introduit des fonctions de perte avancées incluant une fonction de perte dédiée
a la ligne marginale et la perte InfoCD pour un alignement de points amélioré, atteignant
une réduction de 12,32% dans la distance de Chamfer et une réduction de 46,43% dans
I’EQM par rapport a DMC. Quatriemement, nous avons implémenté une modélisation com-
plete des contraintes spatiales par l'intégration d’entrée de ligne marginale combinée avec
la perte d’interaction antagoniste et les fonctions de perte d’intersection, assurant des rela-
tions occlusales appropriées et prévenant la pénétration de la couronne dans les structures

adjacentes.

L’évaluation complete sur des ensembles de données cliniques réelles comprenant 557 cas a
travers toutes les positions dentaires démontre des améliorations substantielles par rapport
aux méthodes de pointe. Notre cadre atteint 35,9-40,6% d’améliorations dans la précision
géométrique comparé aux approches existantes. L’intégration des contraintes spatiales réduit
les erreurs maximales d’ajustement des limites de 1,37 & 0,74 mm et une réduction de 58,4%
dans la variabilité, tandis que la perte d’interaction antagoniste contribue a une améliora-
tion de 9,51% dans 'alignement occlusal et la perte d’intersection réduit substantiellement
la pénétration de la couronne dans les dents adjacentes. Le cadre complet réduit signi-
ficativement le temps de conception tout en maintenant les exigences de précision clinique.
L’analyse qualitative utilisant des systemes de classification de contact validés cliniquement
montre des améliorations mesurables dans les motifs de contact occlusal, avec I'approche de
contrainte spatiale réduisant les zones de contact problématiques par rapport aux méthodes

sans modé¢lisation spatiale explicite.

La validation technique a travers les ensembles de données expérimentales confirme 'efficacité
des composants du cadre proposé. Les améliorations systématiques démontrent I'importance
de la modélisation explicite des contraintes spatiales et de l'intégration de la ligne marginale
pour la génération automatisée de couronnes. Les gains de performance substantiels a travers
plusieurs métriques d’évaluation valident la progression de la complétion de nuages de points
a la génération directe de mailles avec application complete des contraintes de relations

spatiales.

Les méthodes développées dans ce projet contribuent significativement au développement de
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systemes de conception dentaire automatisés. Les travaux futurs devraient se concentrer sur
les améliorations d’efficacité computationnelle par des structures de données spatiales basées
sur 'octree pour réduire le temps de traitement tout en maintenant la précision. De plus, les
approches alternatives de raffinement de surface utilisant les harmoniques sphériques pour-
raient fournir un contrdle morphologique plus précis par des méthodes analytiques plutot que
des approches basées sur I'apprentissage. Suite a la validation complete de la précision de
génération de couronnes, des efforts supplémentaires devraient étre dirigés vers 'intégration
de modeles de diffusion pour améliorer la diversité et la qualité des géométries de couronnes
générées, et l'extension du cadre aux flux de travail prothétiques complets incluant la con-

ception de ponts et la planification de restauration d’arcade complete.
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ABSTRACT

Dental crown restoration represents one of the most technically demanding procedures in
restorative dentistry, traditionally requiring extensive manual design by skilled technicians for
each crown. This time-intensive, operator-dependent process creates significant bottlenecks
in clinical workflows while introducing variability in quality and precision. As clinical de-
mands grow for faster, more consistent, and personalized restorations, the need for intelligent,
automated solutions becomes increasingly urgent. Furthermore, existing computer-aided de-
sign tools rely heavily on template libraries and manual adjustments, limiting their ability
to handle the complex geometric constraints required for proper crown fit, occlusal relation-
ships, and aesthetic requirements. To address these limitations, researchers have explored
machine learning approaches for automated crown generation. Early methods formulated
crown design as a 2D image synthesis problem, but these approaches were fundamentally
limited by information loss from 3D-to-2D projection and could not capture complete crown
morphology. Subsequent approaches employed 3D representations such as point clouds and
voxel grids, but lacked explicit modeling of critical spatial relationships including margin
line boundaries, occlusal contact patterns, and adjacent tooth interactions. While these
methods demonstrated feasibility of automated crown generation, they produced geomet-
rically accurate but smooth surfaces lacking the fine-scale morphological details essential
for clinical acceptance, and failed to prevent crown penetration into adjacent structures or
optimize contact relationships with opposing dentition. The main objective of this thesis
is to develop a comprehensive framework for fully automated dental crown generation that
addresses the complete clinical pipeline from geometric reconstruction to spatial constraint
modeling. We formulate crown design as a spatially-constrained 3D shape completion prob-
lem, where a transformer-based architecture generates anatomically accurate crowns from
prepared teeth and their surrounding dental context. To address these challenges, we present
four complementary methodological advances. First, we established a point cloud completion
approach using transformer encoder-decoder architecture with margin line input integration,
demonstrating significant improvements in boundary accuracy but requiring post-processing
for mesh conversion. Second, we developed the first end-to-end mesh generation pipeline
(DMC) using differentiable Poisson surface reconstruction, eliminating post-processing re-
quirements and achieving direct mesh output with 0.062 average Chamfer Distance. Third,
we introduced advanced loss functions including a dedicated margin line loss function and
InfoCD loss for enhanced point alignment, achieving 12.32% reduction in Chamfer Distance

and 46.43% reduction in MSE compared to DMC. Fourth, we implemented comprehensive
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spatial constraint modeling through margin line input integration combined with antagonist
interaction loss and intersection loss functions, ensuring proper occlusal relationships and
preventing crown penetration into adjacent structures. Comprehensive evaluation on real
clinical datasets comprising 557 cases across all tooth positions demonstrates substantial im-
provements over state-of-the-art methods. Our framework achieves 35.9-40.6% improvements
in geometric accuracy compared to existing approaches. The spatial constraint integration
reduces maximum boundary fitting errors from 1.37 to 0.74 mm and 58.4% reduction in vari-
ability, while antagonist interaction loss contributes 9.51% improvement in occlusal align-
ment and intersection loss substantially reduces crown penetration into adjacent teeth. The
complete framework dramatically reduces design time while maintaining clinical accuracy
requirements. Qualitative analysis using clinically validated contact classification systems
shows measurable improvements in occlusal contact patterns, with the spatial constraint
approach reducing problematic contact areas relative to methods without explicit spatial
modeling. Technical validation across the experimental datasets confirms the effectiveness of
the proposed framework components. The systematic improvements demonstrate the impor-
tance of explicit spatial constraint modeling and margin line integration for automated crown
generation. The substantial performance gains across multiple evaluation metrics validate
the progression from point cloud completion to direct mesh generation with comprehensive
spatial relationship enforcement. The methods developed in this project significantly con-
tribute to the development of automated dental design systems. Future work should focus
on computational efficiency improvements through octree-based spatial data structures to
reduce processing time while maintaining accuracy. Additionally, alternative surface refine-
ment approaches using spherical harmonics could provide more precise morphological control
through analytical methods rather than learning-based approaches. Following comprehensive
validation of crown generation accuracy, further efforts should be directed towards integrat-
ing diffusion models to enhance the diversity and quality of generated crown geometries,
and extending the framework to complete prosthetic workflows including bridge design and

full-arch restoration planning.
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CHAPTER 1 INTRODUCTION

Dental restorations play a vital role in maintaining oral health, functionality, and aesthetics.
When a tooth is damaged, decayed, or missing, it often requires reconstruction through
various forms of dental restoration, such as fillings, bridges, implants, dentures, or crowns.
Among these, the design and fabrication of dental crowns, also referred to as dental caps,

remain one of the most common and intricate procedures in restorative dentistry.

Teeth are subject to wear and decay, which may alter their shape and size. Restoring their
original form not only enhances chewing efficiency and speech clarity but also contributes to
overall facial appearance and confidence. Dental crowns, in particular, are customized to re-
store the external surface and occlusal function of individual teeth. As shown in Figure 1.1,
the crown replaces the visible portion of a prepared tooth. Due to anatomical variability
among patients, each crown must be uniquely designed to match the shape, alignment, and

functional dynamics of surrounding teeth. The current workflow for crown fabrication is

Y

Figure 1.1 Dental crown restoration showing the prosthetic cap covering a prepared tooth [2].

heavily reliant on the skill and expertise of dental technicians, even with the aid of mod-
ern computer-aided design (CAD) tools. While these tools assist in digital modeling and
simulation, the process remains time-consuming and labor-intensive. Each case demands
careful attention to occlusal relationships, anatomical fit, and material constraints, making
the manual design of crowns susceptible to inconsistencies in both quality and functional

performance.

One of the most critical constraints in crown generation is occlusion, the way upper and lower



teeth align and contact during various mandibular movements such as biting or chewing.
Improper occlusal relationships can result in discomfort, impaired function, and long-term
dental complications. Figure 1.2 illustrates the concept of dental occlusion, highlighting the

importance of contact points between opposing teeth.

2 it

Figure 1.2 Dental occlusion showing the critical contact relationships between upper and
lower [3].

Additional constraints include the necessity for proper spacing between the crown and adja-
cent or opposing teeth, ensuring that the crown does not interfere with neighboring structures
or gingival tissue. The crown must also maintain a minimum material thickness to withstand
functional loads while providing sufficient retention and comfort. These clinical requirements

underscore the complexity of dental crown design.

Each dental crown is composed of distinct geometric regions: the crown shell, which de-
fines the outer surface; the crown bottom, which fits onto the prepared tooth structure; and
the margin line, which marks the boundary of contact between the crown and the tooth
preparation. Figure 1.3 illustrates these components, alongside the input data used in dig-
ital restoration workflows. These inputs typically include a digital scan of the dental arch,
highlighting the prepared tooth, and a contextual model representing neighboring and op-
posing teeth. This data provides the anatomical and functional context required to design a

personalized, clinically viable crown.

Computer vision has progressed significantly in recent years, leading to the successful deploy-
ment of discriminative tasks such as object detection, recognition, completion, and semantic
segmentation across real-world applications. Among these advances, the understanding and
processing of three-dimensional (3D) shapes has gained particular attention due to their
relevance in medical diagnostics and industrial design applications requiring spatial under-

standing and precision.

3D models provide natural and detailed representations of anatomical structures, aligning



(b) Dental context, master and antagonist
(a) Dental arch with the prepared tooth arch

Crown Shell

Crown Bottom

Margin Line

(c) Designed crown (d) Margin line

(e) Designed crown in context

Figure 1.3 Tllustration of dental crown design workflow: (a) dental arch with prepared tooth,
(b) anatomical context including neighboring and opposing teeth, (c) designed crown, (d)
margin line extracted from the shell, and (e) crown integrated within the dental context. [4].

closely with clinical requirements for geometric accuracy and functional relationships. The

ability to generate high-quality 3D shapes that exhibit fine geometric detail and structural



integrity is paramount in medical applications. Moreover, practical applications increasingly
demand controllable generation processes that allow clinical constraints and anatomical con-

text to guide the final output.

With the growing accessibility of 3D scanning technologies, capturing anatomical structures
has become routine in medical practice. However, due to occlusions, scanning artifacts,
or procedural limitations, many acquired models are incomplete, missing critical geometric
information. This has led to the emergence of 3D shape completion as a fundamental chal-
lenge: reconstructing missing portions of 3D geometry in ways that are faithful to observed

structures and anatomically plausible in extrapolated regions.

A central difficulty lies in the representation of 3D data. Unlike 2D images with regular grid
structures, 3D shapes can be represented through various forms, including point clouds, voxel
grids, triangle meshes, and implicit surfaces, each with distinct advantages and limitations.
Point clouds offer computational efficiency but lack topological information, while voxel grids
provide regular structure but are memory-intensive and resolution-limited. Meshes encode
surface connectivity but present irregular structures challenging to process, whereas implicit
representations offer modeling flexibility at increased computational cost. The choice of rep-
resentation directly impacts both performance and clinical applicability of shape completion

models.

The convergence of recent advances in deep learning and 3D processing with the limitations
identified in current dental CAD workflows presents compelling opportunities for intelligent
automation [16]. Crown generation can be effectively formulated as a constrained 3D shape
completion problem, where the objective is to reconstruct complete crown geometry from
partial dental scan data while satisfying clinical requirements for spatial relationships, oc-
clusal function, and morphological accuracy. This formulation transforms the traditional
manual design challenge into a learning problem where anatomical context guides automated

generation of patient-specific restorations.

Unlike general 3D shape completion tasks, dental crown generation requires explicit mod-
eling of clinical constraints, including margin line precision, antagonist relationships, and
adjacent tooth interactions. The integration of spatial constraint modeling with advanced
3D generation techniques offers the potential to address these requirements systematically,
moving beyond current CAD limitations toward fully automated systems capable of gener-

ating clinically viable crowns that meet both geometric and functional specifications.



1.1 Dental Crown Application

1.1.1 Dental anatomy

To understand the task of dental crown generation from a computational perspective, it
is essential to first have a foundational understanding of human dental anatomy. Teeth
are vital for a range of biological and functional purposes, including food digestion, speech
articulation, and facial structure support. In a fully developed adult dentition, each dental
arch typically contains 16 teeth: 2 incisors, 1 canine, 2 premolars, and up to 3 molars on each
side. However, third molars, commonly known as wisdom teeth, are often absent in many

adults due to impaction or extraction.

The precise location and categorization of each tooth are critical in both clinical and com-
putational design processes. Tooth positions are labeled using the World Dental Federation
(FDI) notation system. According to this system, the dental arches are divided into four
quadrants: upper right (quadrant 1), upper left (quadrant 2), lower left (quadrant 3), and
lower right (quadrant 4), as illustrated in Figure 1.4. The system utilizes two digits to iden-
tify each tooth, where the first digit indicates the quadrant and the second digit indicates the
tooth position within that quadrant (numbered 1-8 from the center outward). For example,
tooth 11 refers to the central incisor in the upper right quadrant, tooth 21 is the central
incisor in the upper left quadrant, and tooth 48 represents the third molar (wisdom tooth)

in the lower right quadrant [5].

1.1.2 Current approach to design a crown by a technician

The traditional dental crown fabrication process includes multiple manual and semi-digital
steps. Initially, the dentist prepares the affected tooth by removing any decay and shaping
it to fit a crown. Following the preparation, a dental impression is taken, either through

physical molding or intraoral scanning, and sent to a dental laboratory.

In the laboratory, the design and fabrication of the crown may proceed via manual methods or
through the use of CAD software such as ExoCAD. Manual design typically involves creating
a negative mold of the prepared and adjacent teeth, into which a casting material is poured
and cured at high temperatures to produce the crown. This process, although effective, is

time-intensive and requires expert handling.

In digital workflows, CAD software assists technicians by providing modeling tools and vi-
sualization aids. However, a significant amount of human input remains necessary. The

technician first orients the scanned model since software cannot autonomously distinguish
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Figure 1.4 one complete dental arch [5]

between the occlusal and gingival directions. Next, the margin line, representing the bound-
ary between the prepared tooth and gingiva, is manually defined and adjusted. A cement
gap, typically around 0.08 mm, is introduced between the crown and the preparation to

accommodate manufacturing tolerances and adhesive space.

Further, the technician controls the margin line thickness at the base of the crown, usually
adjusting it to about 0.15 mm. CAD systems often allow mirroring a contralateral crown or
copying an adjacent tooth to guide the new design. These templates serve as initial shapes,

which are then modified to match the patient’s anatomy.

The design of the crown’s outer shell is semi-automated. CAD tools suggest a generic mor-
phology for the crown shell, but the technician must manually refine its size, orientation,
and alignment to achieve proper occlusion with the antagonist (opposing tooth) and estab-
lish contact with adjacent teeth. This step involves adjusting the cusps, ridge height, and

contact points and often requires iterative refinement.

Ensuring precise contact with the neighboring teeth and maintaining an occlusal gap of ap-
proximately 0.1 mm from the opposing tooth are key clinical constraints. These adjustments
are crucial to allow natural jaw closure and proper chewing function. However, some intri-
cate details, such as crafting natural grooves or determining optimal contact patterns, remain

largely dependent on the technician’s experience and manual effort. As in Figure 1.5.



Figure 1.5 Design of dental crown with CAD software [4].

Overall, designing dental crowns that restore both aesthetic and functional properties de-
mands a high level of expertise. Even with the aid of CAD tools, the current workflow is
time-consuming and dependent on human input. This highlights the need for intelligent,
automated systems capable of generating personalized crown designs based on the specific

anatomy and occlusion context of each patient.

1.2 Goal of the research

The primary objective of this research is to develop a comprehensive deep learning frame-
work for fully automated dental crown generation that addresses the complete restoration
pipeline from geometric reconstruction to functional integration. Crown design represents a
fundamental 3D shape completion challenge—reconstructing the missing portion of a pre-
pared tooth while maintaining precise geometric and functional relationships with surround-

ing structures.

The complexity of this task extends far beyond conventional 3D shape completion applica-
tions. As detailed in the current workflow, dental technicians must simultaneously address
multiple competing objectives: achieving precise margin line fit, establishing proper con-
tact points with adjacent teeth, ensuring appropriate occlusal relationships with opposing
dentition, and creating morphologically accurate surface features that support masticatory
function. FEach of these requirements demands geometric precision and functional under-
standing that exceeds typical shape completion tasks, where visual similarity alone is often

the primary concern.



This research systematically addresses three fundamental challenges that bridge the gap be-
tween automated generation capabilities and clinical requirements: precise boundary fitting
through margin line integration, anatomically valid spatial relationships through constraint
modeling, and clinically realistic surface morphology that preserves essential functional fea-
tures. The work extends beyond geometric accuracy to ensure that generated crowns main-
tain proper contact with adjacent teeth and establish appropriate occlusal relationships with

opposing dentition.

The work progresses through four interconnected innovations that demonstrate systematic
advancement from foundational concepts to practically viable solutions. Beginning with
transformer-based architectures that leverage attention mechanisms for complex spatial rela-
tionship learning, advancing through end-to-end mesh generation that eliminates error accu-
mulation from multi-stage pipelines, refining through advanced loss functions that enhance
geometric accuracy and point distribution quality, and culminating in comprehensive spatial
constraint modeling that addresses the complete requirements for patient-specific crown gen-
eration. These contributions establish new benchmarks in medical shape completion while
addressing the practical requirements for transforming dental restoration workflows through
reduced manual design time, improved consistency across different skill levels, and enhanced

accessibility to high-quality dental care.

1.3 Thesis overview
The remainder of this thesis is organized as follows:

e Chapter 2 presents a comprehensive review of related work. It introduces foundational
concepts in deep learning for 3D shape completion, surveys standard approaches to 3D
data representation, and discusses recent trends and persistent challenges. The chapter
also highlights gaps in the current literature that motivate this research and outlines

the specific objectives formulated to address them.

o Chapter 3 defines the core problem addressed in this thesis and presents the detailed
research objectives. It frames the development of a fully automated dental crown

generation system as a structured 3D shape completion task.

o Chapter 4 presents the first peer-reviewed publication arising from this research, which
introduces a transformer-based framework for dental crown generation using conditional

shape completion with margin line integration for improved boundary accuracy.

o Chapter 5 details the second publication, which advances the initial approach by



developing an end-to-end mesh generation pipeline using differentiable Poisson surface
reconstruction, eliminating post-processing requirements while maintaining geometric

precision.

Chapter 6 showcases the third publication, which introduces advanced loss functions,
including InfoCD loss for enhanced point alignment and adaptive query generation
strategies, demonstrating systematic improvements in crown generation quality through

architectural refinements.

Chapter 7 presents the fourth publication, which develops a comprehensive framework
integrating spatial constraint modeling to generate dental crowns with proper morphol-
ogy and functionality that satisfy patient comfort. This work incorporates antagonist
interaction loss for occlusal contact patterns and intersection loss to prevent crown pen-
etration into adjacent teeth, while integrating margin line data as direct network input
to ensure both geometric precision and functional requirements essential for patient

satisfaction.

Chapter 8 provides a general discussion of the contributions, evaluating how the
proposed methods advance the state of the art while also addressing their limitations

in comparison to existing techniques.

Chapter 9 concludes the thesis by summarizing the main contributions and outlining
future research directions focused on computational efficiency improvements, alterna-
tive surface refinement approaches, and integration with advanced generative models

for enhanced crown generation capabilities.
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CHAPTER 2 LITERATURE REVIEW

The literature review is structured into several sections. It begins with an overview of three-
dimensional (3D) data representation, followed by a discussion of non-learning-based methods
in the shape completion domain. Subsequently, it examines state-of-the-art deep learning
approaches, including mesh completion and generation techniques. The review also explores
functional algorithms designed to control 3D predictions. Finally, it concludes by emphasizing

automatic dental restoration as a pivotal application of 3D shape completion.

2.1 3D data representation

The growing availability of 3D data has motivated researchers to leverage it for addressing
various computer vision challenges such as 3D object classification, recognition, and shape
completion. The additional depth and complete geometric information provided by 3D data
offer significant advantages, greatly enhancing the performance of numerous applications.
However, raw 3D data collected from different scanning devices comes in diverse formats
with varying structures and characteristics. The choice of data format used to represent 3D
geometry is critical, as it directly impacts the types of algorithms that can be applied for

learning from this data.

Common 3D data representations include point clouds, meshes, voxels, and spectral repre-
sentations. Each of these representations has unique features with distinct advantages and

limitations that we discuss below.

2.1.1 Point Cloud

A point cloud is a collection of 3D points defined by their coordinates (z,y, z), which collec-
tively represent the external surface of an object. Point clouds are commonly generated by
advanced 3D scanning technologies, including LiDAR, photogrammetry, and depth cameras,

making them essential for applications such as autonomous vehicles and architecture [17].

The key strength of point clouds lies in their simplicity and direct representation of the 3D
world. Unlike meshes or voxel grids, point clouds do not require connectivity information or
volumetric data, making them easier to generate and manipulate. Their memory-efficient and
sparse nature allows processing with relatively low computational requirements compared to

denser representations [17].

However, point clouds are inherently unstructured and unordered, making tasks such as
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segmentation and surface reconstruction challenging. The finite number of points can result
in loss of detail, making it difficult to accurately model complex objects or produce smooth,
continuous surfaces. Additionally, noise and irregularities are common in raw point clouds,

necessitating preprocessing techniques before further analysis [17].

2.1.2 3D meshes

Mesh representation serves as the primary method for representing 3D objects’ surfaces in
computer graphics and computational geometry. A mesh consists of vertices, edges, and faces
that work together to create a polyhedral shape in 3D space. Vertices serve as points in 3D
space, edges form connections between pairs of vertices, and faces (commonly triangles) are

defined by edges connecting vertices to create the surface structure [17].

The popularity of mesh representations stems from their balance between simplicity and ex-
pressive power. They can approximate complex geometries with arbitrary precision through
careful adjustment of vertex and face density. This flexibility, combined with extensive hard-
ware support in modern graphics systems, makes meshes efficient for both rendering and

simulation tasks [17].

Despite their advantages, mesh representations face significant challenges. The complexity
derives from their multi-element nature, where various connections exist between components,
creating intricate relationships. The inherent irregularity of mesh structures—where the
number of elements varies dramatically between geometries—poses challenges for processing

algorithms. Additionally, their fixed vertex connection patterns make topology modifications
difficult [18].

2.1.3 Voxel grid representation

A voxel (volumetric pixel) is the 3D counterpart of a 2D pixel. In 3D shape representation,
a voxel grid provides a structured way to describe volumetric data by discretizing space into
small cubic elements, each carrying an occupancy value indicating whether it is inside or

outside the target shape [17].

Voxel grids are particularly advantageous for 3D convolutional neural networks, as they pro-
vide a structured format that enables direct application of convolutional operations. This
makes them powerful for deep learning-based 3D shape analysis and medical imaging appli-

cations [17].

However, voxel grids suffer from high memory consumption, requiring O(n?®) memory com-

plexity for an n x n x n grid. Most voxel grids contain a large proportion of empty voxels,



12

leading to inefficient storage and increased computational overhead. Techniques such as
sparse voxel representations and octrees are often employed to optimize storage efficiency

while maintaining geometric fidelity [17].

2.1.4 Spectral and Spherical Harmonic Representations

Spectral methods provide a powerful alternative approach to representing and analyzing 3D
geometry by projecting spatial information into the frequency domain. Spherical harmonics
(SH) stand out as particularly effective for representing functions defined on spherical sur-
faces, offering compact and rotation-invariant shape analysis [19,20]. This approach proves
especially valuable for anatomical structures that can be approximated as genus-zero and

closed, such as dental structures [21].

Spherical harmonics decompose shapes into frequency components, yielding coefficients that
encode geometric information at varying levels of detail. Lower-order coefficients capture
global structure, while higher-order coefficients preserve fine-grained surface details [19].
This hierarchical representation enables effective trade-offs between compactness and fidelity,
making SH particularly suitable for shape completion tasks where global structure must be

inferred from incomplete data [22].

The rotational invariance of SH coefficients makes them attractive for learning-based pipelines
where geometric alignment cannot be guaranteed [23]. However, SH methods require shape
parameterization onto a spherical domain, which may introduce distortion for complex topolo-

gies or highly non-spherical surfaces [21,24].

2.1.5 Surface reconstruction

Surface reconstruction represents a fundamental process in 3D modeling, transforming point
cloud data into complete surface representations. This process addresses the challenge of
generating continuous, watertight surfaces from discrete point samples, which is essential for

applications requiring manufacturable 3D models [25].

Surface reconstruction methods can be classified into explicit and implicit approaches. Ex-
plicit methods directly generate surface representations through triangulation or parametric
modeling, offering computational efficiency but struggling with complex topologies [26]. Tm-
plicit methods define surfaces as iso-contours of mathematical functions that approximate
input data, providing superior handling of topological changes and noise robustness at in-

creased computational cost [27].

Signed distance functions (SDF) represent a particularly powerful implicit approach, encod-
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ing surface position by computing the signed distance from any point to the closest surface
location. The function equals zero on the surface, is negative inside the object, and posi-
tive outside, providing complete spatial understanding [28]. While implicit approaches offer
flexibility in achieving arbitrary resolutions and handling complex geometries, they require

post-processing through methods like marching cubes to generate visualizable surfaces.

Modern differentiable reconstruction techniques enable end-to-end optimization, allowing
surface quality to be directly optimized within learning frameworks. The choice between
reconstruction approaches depends on application requirements: explicit methods suit real-
time applications requiring computational efficiency, while implicit methods excel in scenarios

demanding topological robustness and noise handling [17].

In conclusion, the various forms of 3D data representation serve as the foundation for struc-
turing, processing, and interpreting geometric information in computer vision. Each format
offers unique strengths depending on resolution, application, and context. Understanding
these representations is crucial before exploring the algorithms built upon them, particularly
as modern approaches increasingly leverage hybrid representations that combine multiple
formats to exploit their complementary advantages. The next section focuses on 3D shape
completion, examining both traditional rule-based techniques and modern deep learning ap-

proaches that have significantly advanced the field.

2.2 3D shape completion

3D shape completion represents a fundamental challenge in computer vision: reconstructing
missing portions of 3D geometry from incomplete observations while maintaining geometric
fidelity and structural plausibility. This capability is essential for dental crown generation,
where the objective is to reconstruct complete crown geometry from prepared tooth data
and surrounding anatomical context. Understanding the evolution from conventional to
deep learning-based approaches provides crucial insights into the methodological foundations

underlying automated dental restoration systems.

2.2.1 Conventional methods in 3D shape completion

Prior to deep learning adoption, 3D shape completion relied on conventional approaches
that can be categorized into geometry-based, alignment-based, and template-based methods.
These techniques typically employ handcrafted priors, geometric assumptions, or predefined

model databases to infer missing regions.

Geometry-based methods leverage intrinsic geometric properties such as surface continuity
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and spatial symmetry to infer missing regions. Surface-focused strategies employ smooth
interpolation techniques like Laplacian smoothing [29] and Poisson surface reconstruction
[30] to locally fill holes while maintaining geometric consistency. Symmetry-driven methods
detect potential axes or planes of symmetry and replicate structures across these symmetries
to reconstruct missing geometry [31,32]. While effective for well-structured objects with
mild incompleteness, these approaches rely on strong geometric assumptions that limit their

applicability to complex shapes or substantial missing data.

Alignment-based methods retrieve similar models from databases and align them with incom-
plete inputs, assuming missing parts can be inferred from structurally similar models [33,34].
Some approaches directly transfer entire models or sections, while others use deformed syn-
thetic shapes or geometric primitives to fill incomplete regions [35,36]. These methods offer
versatility across shape categories but depend heavily on database quality and involve com-

putationally intensive optimization procedures.

Template-based approaches leverage prior templates through direct retrieval, partial align-
ment, deformation, or geometric substitution strategies [33,35,36]. While interpretable and
grounded in explicit geometric priors, their dependence on symmetry assumptions, continu-
ity constraints, and database similarity restricts applicability in scenarios involving noise,
severe incompleteness, or novel object categories. These limitations have motivated the shift
toward data-driven, learning-based approaches capable of learning shape priors directly from

datasets.

2.2.2 Deep learning methods for 3D shape completion

Deep learning approaches operate by stacking multiple transformation layers to extract ab-
stract features from raw input, requiring minimal domain-specific prior knowledge. These
data-centric methods have gained significant traction in 3D scene understanding tasks, includ-
ing shape recognition, segmentation, and completion [6]. Deep generative models facilitate
dimensionality reduction and feature extraction, enabling generation of new 3D shapes that

adhere to learned semantic and spatial constraints.

Machine learning-based techniques learn mappings between partial and complete 3D shapes
using encoder-decoder architectures. Many methods represent shapes using voxel grids suited
for 3D convolution, while alternatives work directly with point sets to preserve local geometric
details. A key challenge arises when predicting complete shapes from significantly incomplete
inputs, as both point clouds and voxels provide limited input modality [37]. This limitation
reduces generalizability, with some techniques performing well only on specific object cate-

gories or minor incompleteness cases.
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The fundamental difficulties in 3D shape completion include accurately recovering both struc-
tural layout and detailed geometry. The unordered nature of point clouds complicates re-
construction of structurally coherent shapes, while achieving fine-grained accuracy requires
restoring subtle features like symmetry and surface regularity. Recent approaches address
these challenges through iterative refinement [38], global-local descriptor combination [39],

and architectural enhancements like skip connections [40].

Modern deep learning approaches can be categorized into several methodological families:

Point-based methods

Point-based methods directly process unordered 3D point sets, pioneered by PointNet [41] for
permutation-invariant point cloud processing. PointNet++ [42] introduced hierarchical ar-
chitectures with multi-resolution feature learning, while FoldingNet [43] developed decoders
that fold 2D grids into 3D surfaces. PCN (Point Completion Network) [44] established influ-
ential encoder-decoder frameworks as illustrated in Figure 2.1, combining Chamfer Distance

and Earth Mover’s Distance losses for geometric alignment.

Input point cloud Output point clond
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Figure 2.1 The illustration of an end-to-end network for point clouds completion [6]

Recent advances include ASFM-Net [38] with asymmetric Siamese autoencoders for iterative
refinement, and capsule-based models leveraging dynamic routing for spatial relationship
preservation. However, challenges remain in handling point density variations and capturing

larger structural patterns due to limited receptive fields.

Convolution-based methods

Convolution-based methods adapt CNNs to volumetric representations, transforming point
clouds into voxel grids for 3D convolution application as shown in Figure 2.2. Early ap-
proaches [45,46] converted point clouds into binary occupancy grids, while GRNet [47] pro-

posed gridding mechanisms to preserve contextual relationships during voxelization.
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Figure 2.2 The illustration of hierarchical convolution on regular grids (top) and point clouds
(bottom) [6]

Advanced methods like KPConv [48] define convolution operations directly in continuous
3D space using deformable kernels, while PointConv [49] computes convolutional weights
dynamically based on input features. However, volumetric representations suffer from cubic

memory scaling and inefficient storage due to empty voxel prevalence.

Graph-based Methods

Graph-based methods model point clouds as graphs where points serve as nodes with dynami-
cally established connections, as illustrated in Figure 2.3. DGCNN [50] introduced EdgeConv
for adaptive neighborhood capture at multiple abstraction levels, while LDGCNN [51] im-

proved efficiency through direct multi-level feature aggregation.
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Figure 2.3 Graph-based network [6]

Recent approaches incorporate attention mechanisms for improved local context aggregation,
with methods like CRA-Net [52] modeling spatial region dependencies through global con-
textual features. However, challenges persist in designing convolutional operators that adapt

to dynamically scaled neighborhoods while maintaining computational tractability.
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Folding-based methods

Folding-based decoders reconstruct detailed 3D point clouds by learning to deform 2D grids
into 3D surfaces, as shown in Figure 2.4. FoldingNet [43] pioneered this approach by mapping
regular 2D grids to 3D object surfaces through learnable folding functions that mimic physical

transformations.
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Figure 2.4 Folding-based network [6]
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AtlasNet [53] extended this concept by treating reconstruction as unions of multiple paramet-
ric surface patches, while MSN [54] proposed coarse-to-fine frameworks using morphing de-
coders. Recent advances include hierarchical approaches like TopNet [55] with tree-structured

decoders and adaptive mechanisms addressing static grid limitations.

GAN-based Methods

Generative Adversarial Networks extend 2D synthesis principles to 3D shape completion, with
generators hallucinating missing geometry while discriminators enforce plausibility through
learned shape priors, as illustrated in Figure 2.5. Early approaches like 3D-ED-GAN [56]
combined voxel-based encoder-decoder GANs with recurrent networks for temporal depen-
dency learning.

Advanced methods include hierarchical architectures like PF-Net [57] implementing coarse-
to-fine strategies, and recent approaches integrating reinforcement learning [58] or style-based
generation [59]. However, GAN-based methods face inherent training instability and mode

collapse challenges while struggling to preserve local surface details.

Transformer-based methods

Transformer architectures leverage self-attention mechanisms for long-range dependency mod-

eling without fixed spatial structures, as shown in Figure 2.6. PoinTr [9] reformulated comple-
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Figure 2.5 GAN-based network [6]

tion as set-to-set translation using position embeddings and geometry-aware modules, while

AdaPoinTr [12] enhanced robustness through adaptive query generation and denoising tasks.
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Figure 2.6 (a, b) shows the transformer architecture in general and in details [6]

Recent advances include SnowflakeNet [60] with iterative point deconvolution mechanisms
and ShapeFormer [61] using vector quantized implicit functions for autoregressive completion.
These methods excel at capturing global context and structural relationships essential for

complex completion tasks.
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Diffusion-based models

Diffusion-based models iteratively refine random noise into structured outputs through learned
denoising steps, offering advantages in sample diversity and training stability over GANs, as
illustrated in Figure 2.7. DiffComplete [62] frames completion as conditional generation with
transformer-based denoising networks, while score-based approaches [63] use learned gradient

fields for point distribution recovery.
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Figure 2.7 Diffusion-based network [7]

Recent developments integrate diffusion with other paradigms, including vector quantiza-
tion [64] and multi-view guidance [65]. While offering high-fidelity reconstruction and stable
training, diffusion models face computational challenges due to iterative sampling require-

ments and long inference times.

3D Mesh deformation

Mesh deformation methods address point cloud connectivity limitations by progressively de-
forming predefined mesh templates to match target shapes while maintaining vertex connec-
tivity and topological structure. Pixel2Mesh [66] uses ellipsoid templates with fixed topology,

while AtlasNet [67] employs surface parameterization for greater flexibility.

Recent approaches enable direct deformation parameter prediction from sparse inputs [68],
improving computational efficiency through single forward passes. These methods excel at
preserving surface continuity and enabling controllable deformation but may limit shape

diversity due to template constraints.
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Validation datasets

For validation of these methods, researchers predominantly rely on several public datasets
that provide standardized benchmarks for 3D shape completion evaluation. ShapeNet [69]
serves as the most comprehensive CAD-based dataset with 30,974 3D models across eight
categories, typically using 16,384-point ground truth representations. Real-world validation
employs datasets like KITTI [70] for LIDAR-captured automotive scenarios and ScanNet for
indoor RGB-D scenes. Specialized benchmarks include Completion3D [55] for low-resolution
testing, ShapeNet-34/55 [9] and MVP [71] for enhanced category coverage, and viewpoint
variation for geometric deep learning evaluation. These datasets enable systematic compari-
son of completion methods across synthetic and real-world scenarios with varying complexity

levels.

The evolution from conventional to deep learning approaches demonstrates significant ad-
vances in handling complex geometries, large missing regions, and diverse shape categories.
However, challenges remain in achieving fine-grained geometric accuracy, maintaining struc-
tural consistency, and ensuring computational efficiency for practical applications. These
considerations are particularly critical for dental applications requiring clinical-grade preci-

sion and reliability.

2.3 Automatic Dental restoration

Automatic dental restoration encompasses the computational methods required to process,
analyze, and generate dental structures for clinical applications. This field relies on two
fundamental components that directly support automated crown generation: segmentation
for preprocessing dental scan data into usable inputs, and generation for creating complete
crown geometries. Understanding these foundational technologies provides essential context

for automated dental crown design systems.

2.3.1 Segmentation

Semantic segmentation in dental applications refers to the process of identifying and separat-
ing individual teeth from one another, as well as from adjacent anatomical structures such
as the gingiva, as illustrated in Figure 2.8. In our research, segmentation serves a crucial
preprocessing role by enabling the creation of structured input data for deep learning mod-
els. Specifically, we utilize segmentation to parse complete dental arches according to tooth
labels and die identification, generating the anatomical context required for crown generation

networks.
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The segmentation process involves partitioning scanned dental arches into distinct anatomi-
cal regions, including the prepared tooth (die), adjacent teeth, and opposing arch structures.
This structured representation enables crown generation networks to understand spatial rela-
tionships and anatomical context essential for producing clinically viable restorations. While
manual segmentation using commercial dental CAD software remains possible, this approach

is labor-intensive and prone to operator variability [72].

Modern approaches leverage geometric deep learning to process non-Euclidean data struc-
tures inherent in 3D dental meshes and point clouds [73]. MeshSegNet [74] represents a
foundational architecture that operates directly on 3D dental meshes, achieving high accu-
racy in tooth-level segmentation through spatial and geometric feature learning. However,
performance degrades with atypical dental structures, motivating enhanced approaches that

incorporate self-supervised pretraining [75] and hierarchical feature modeling [76].

Recent advances include transformer-based architectures like ToothFormer [77] that capture
long-range spatial dependencies, multi-modal approaches like DentSeg++ [78] that fuse 2D
and 3D features, and domain adaptation methods like AdaToothSeg [79] that enable ro-
bust performance across diverse scanning conditions. These developments have significantly
improved segmentation accuracy and robustness, though challenges remain in handling in-

complete scans, anatomical variability, and clinical data diversity.

2.3.2 (Generation

Crown generation represents the core challenge in automated dental restoration, requiring the
synthesis of anatomically accurate and functionally viable crown geometries from prepared
tooth data and surrounding anatomical context. This process must satisfy both geometric
precision requirements for proper fitting and functional constraints for occlusal relationships

with opposing dentition [80].
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Early generative approaches employed 2D methodologies, projecting 3D dental geometry into
depth map representations for processing with established image generation frameworks.
Yuan et al. [81] developed conditional GANs that generate crown surface structures from
intraoral scanner data, incorporating perceptual loss, occlusal groove filters, and contact
constraints to enhance surface realism. Tian et al. [82] extended this paradigm with two-stage
conditional GANs designed to model occlusal relationships more accurately, while Hwang et
al. [1] leveraged spatial profiles between opposing teeth to learn design rules from human-

created crowns.

Despite promising results, 2D approaches suffer from information loss during 3D-to-2D pro-
jection and underutilization of spatial context, motivating the transition to fully 3D learning
frameworks. SA-IFN [83] employs voxel-based approaches integrating self-attention mech-
anisms with implicit neural representations to model tooth morphology at multiple scales.
While achieving low geometric error (Chamfer Distance of 0.069), voxel-based representa-
tions face resolution constraints and over-prediction in non-surface regions due to Marching

Cubes reconstruction dependencies.

Recent approaches have emphasized volumetric completeness and transformer-based archi-
tectures. Zhu et al. [84] combine transformer-based point cloud completion with voxel re-
construction to generate watertight 3D meshes, prioritizing manufacturability over boundary
sharpness. These developments demonstrate the field’s evolution toward hybrid models that
combine geometric priors with deep learning capabilities, incorporating anatomical knowledge
and multi-modal signals to create restorations that satisfy both functional and manufacturing

requirements.

The progression from 2D GAN-based pipelines to sophisticated 3D learning architectures
reflects the growing emphasis on preserving fine-grained geometry, integrating geometry-
aware mechanisms, and leveraging attention-based representations. Current state-of-the-art
approaches increasingly incorporate opposing dentition modeling, implicit surface represen-
tations, and multi-resolution strategies to address the complex requirements of automated

dental crown generation [85].

2.4 Summary of the literature

At the time of this research, automated dental crown generation represented an emerging
field with limited dedicated solutions, creating substantial gaps between existing geomet-
ric/morphological capabilities and functional requirements. The few available dental crown

generation approaches demonstrated significant limitations that prevented direct application
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in dental restoration workflows.

Early dental crown generation methods relied primarily on 2D approaches, projecting 3D
dental scans into depth map representations for processing with conditional GANs. While
these methods achieved reasonable geometric similarity, they suffered from fundamental in-
formation loss during 3D-to-2D conversion and failed to capture complete crown morphology
necessary for functional viability. The limited 3D approaches available employed voxel-based
representations with implicit neural networks, achieving low geometric error but facing res-

olution constraints and over-prediction issues that compromised surface quality.

Furthermore, available methods lacked end-to-end mesh generation capabilities, requiring
separate post-processing steps that introduced error accumulation and prevented compre-
hensive optimization. Loss function design remained limited to geometric similarity metrics
without incorporating functional constraints such as margin line accuracy essential for dental

applications.

Other limitations across existing work were the absence of spatial constraint modeling, mar-
gin line precision, adjacent and antagonist tooth interactions—fundamental requirements
for functional crown generation. Existing approaches operated in isolation from surrounding
anatomical context, producing geometrically plausible results that required extensive manual
correction due to spatial relationship failures. This gap prevented direct application and im-
pacted restoration functionality through compromised spatial accuracy and extended design

times.

Transformer-based architectures showed promise for capturing long-range dependencies in
point cloud completion tasks, yet their application to dental crown generation remained
unexplored. The potential for integrating spatial constraint modeling with transformer-based
shape completion represented an unaddressed opportunity for achieving functionally viable

automated dental restoration systems.

These fundamental gaps in morphological precision, functional constraint modeling, and end-
to-end optimization motivated the development of a comprehensive framework that addresses
the complete restoration pipeline from geometric reconstruction to spatial relationship en-
forcement. The following chapters present systematic solutions to these limitations, estab-

lishing foundations for morphologically and functionally automated dental crown generation.
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CHAPTER 3 OBJECTIVE AND GENERAL METHODOLOGY

3.1 Problem Statement

Building on the identified limitations in current dental crown generation approaches, the
fundamental challenge lies in the absence of integrated frameworks that simultaneously ad-
dress morphological precision and functional constraint satisfaction. Existing automated
methods produce results requiring extensive manual correction, failing to achieve the dual

requirements necessary for direct application in restoration workflows.

The core problem manifests in two dimensions: morphological limitations where current
methods lack the precision required for accurate boundary fitting and surface detail preser-
vation, and functional gaps where spatial relationships, occlusal interactions, and adjacent
tooth constraints are not incorporated into the generation process. Current approaches fo-
cus primarily on shape similarity without considering the structural information of pair-wise
interactions and global correlations essential for high-precision crown generation. Addition-
ally, the appropriateness of different 3D representations for dental crown generation remains
unclear, with most methods requiring separate post-processing steps that introduce errors

and prevent end-to-end optimization.

Furthermore, existing automated crown generation methods operate in isolation from the
complete dental arch context, failing to incorporate functionality restrictions that ensure
proper integration with adjacent and opposing teeth. This dual limitation prevents the
realization of truly automated, personalized crown generation systems that can produce

clinically viable restorations without extensive manual intervention.

This thesis addresses the fundamental research question of whether automated dental crown
generation can simultaneously achieve the morphological precision and functional constraint

satisfaction required for practical application.

3.2 Objectives

To answer this research question, this thesis establishes two primary objectives that systemat-
ically address the identified limitations through integrated frameworks combining geometric
accuracy with spatial relationship modeling. These objectives are detailed in the following

sections.
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3.2.1 Objective 1: Morphological Crown Generation

Our first objective consists of developing a deep learning method that learns structural infor-
mation of pair-wise interactions and global correlations for dental crown generation with high
precision. The proposed method determines whether mesh-based 3D representation is appro-
priate for dental crown generation and investigates novel approaches for 3D mesh completion
that satisfy geometric constraints and preserve patient-specific details. After the training
process, these networks should be able to generate end-to-end 3D mesh outputs without re-
quiring separate post-processing steps. Therefore, this can achieve geometric accuracy and

morphological precision suitable for direct manufacturing applications.

3.2.2 Objective 2: Functional Integration

Our second objective consists of developing automated crown generation that incorporates
functionality restrictions and ensures proper integration within the complete dental arch
context. The proposed approach investigates and develops unique architectures for patient-
specific dental crown generation that satisfy functional requirements including proper spa-
tial relationships with adjacent teeth, appropriate occlusal contact patterns with opposing
dentition, and prevention of structural penetration. After the training process, the gener-
ated crowns should maintain adequate chewing function while ensuring aesthetic integration.
Therefore, this can produce crowns suitable for direct clinical application without extensive

manual correction.

3.3 General Methodology

The methodology addresses both morphological precision and functional constraint satisfac-
tion through a systematic four-stage framework that progressively builds from foundational
architectural development to comprehensive spatial relationship modeling. Each stage rep-
resents a distinct contribution that systematically advances toward the overarching goal of

automated dental crown generation suitable for direct clinical application.

The methodology begins by establishing transformer-based architectures for learning struc-
tural information through pair-wise interactions and global correlations in dental crown gen-
eration. This foundational stage addresses the core challenge of achieving high-precision
morphological reconstruction by developing deep learning methods that can process 3D den-
tal context with explicit margin line integration. The approach formulates crown generation
as spatially-constrained shape completion, incorporating boundary constraints directly into

the learning process to ensure accurate crown-tooth interface fitting. This stage establishes
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the fundamental capability for automated crown generation while providing explicit geo-
metric constraints essential for subsequent developments. The detailed implementation and

evaluation of this foundational framework is presented in Chapter 4.

Building upon the foundational framework, the methodology advances to investigate whether
mesh-based 3D representation is appropriate for dental crown generation through end-to-end
mesh completion. This stage addresses the critical limitation of separate post-processing
steps by integrating differentiable surface reconstruction directly into the neural network ar-
chitecture. The approach enables direct mesh generation without separate reconstruction
procedures, eliminating error accumulation while maintaining geometric precision essential
for dental applications. The framework incorporates dual supervision through both point
cloud and mesh representations, ensuring high-quality mesh outputs suitable for direct man-
ufacturing while determining the optimal 3D representation strategy for dental crown gen-
eration. The comprehensive analysis and results of this end-to-end approach are detailed in
Chapter 5.

The methodology progresses to achieve state-of-the-art morphological precision through so-
phisticated architectural refinements and specialized loss functions. This stage incorporates
adaptive query generation capabilities and advanced loss formulations including contrastive
Chamfer distance that combines traditional metrics with contrastive learning principles. The
approach addresses the challenge that existing generative models struggle with fine details
crucial for dental function by encouraging uniform point distribution while maintaining geo-
metric accuracy. Specialized margin line loss functions operate on critical boundary regions,
ensuring that crown generation preserves significant local information required for patient-
specific design rather than synthesizing average shapes. The advanced architectural inno-
vations and their impact on morphological precision are thoroughly examined in Chapter
6.

The final stage achieves comprehensive functionality by incorporating spatial constraint mod-
eling that ensures generated crowns satisfy functional requirements within the complete den-
tal arch context. This stage develops unique architectures that integrate functionality re-
strictions including spatial occlusion relationships with opposing teeth and non-overlapping
constraints with existing teeth and gingiva. The framework incorporates antagonist inter-
action loss for proper occlusal contact patterns and intersection loss preventing crown pen-
etration, transforming crown generation from isolated shape completion to comprehensive
spatial relationship modeling. The approach addresses the complete clinical pipeline by
ensuring generated crowns maintain adequate chewing function while achieving aesthetic in-

tegration suitable for direct application. The complete functional integration framework and
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its clinical validation are presented in Chapter 7.

The unified methodology integrates all four stages through progressive development that sys-
tematically addresses morphological precision and functional constraint satisfaction. The ap-
proach establishes a coherent progression from basic automation capabilities to clinical-ready
deployment, with each stage building upon previous achievements while introducing new ca-
pabilities. The framework balances geometric accuracy with spatial relationship enforcement
through multi-objective optimization strategies, enabling the production of patient-specific
crowns that satisfy both morphological precision and functional viability requirements. This
comprehensive approach addresses the complete restoration pipeline from geometric recon-
struction to functional validation, establishing foundations for automated crown generation

systems that meet clinical standards for direct application in dental restoration workflows.
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4.2 Abstract

Designing a synthetic crown is a time-consuming, inconsistent, and labor-intensive process.
In this work, we present a fully automatic method that not only learns human design dental
crowns, but also improves the consistency, functionality, and esthetic of the crowns. Following
success in point cloud completion using the transformer-based network, we tackle the problem
of the crown generation as a point-cloud completion around a prepared tooth. To this end,
we use a geometry-aware transformer to generate dental crowns. Our main contribution is to
add a margin line information to the network, as the accuracy of generating a precise margin
line directly,determines whether the designed crown and prepared tooth are closely matched
to allowappropriateadhesion.Using our ground truth crown, we can extract the margin line as
a spline and sample the spline into 1000 points. We feed the obtained margin line along with

two neighbor teeth of the prepared tooth and three closest teeth in the opposing jaw. We
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also add the margin line points to our ground truth crown to increase the resolution at the
margin line. Our experimental results show an improvement in the quality of the designed
crown when considering the actual context composed of the prepared tooth along with the
margin line compared with a crown generated in an empty space as was done by other studies

in the literature.Our code is available at :
“https://github.com/Golriz-code/shellGeneration/”

Keywords: 3D dental model, Point Cloud completion, Surface reconstruction, Dental crown

generation, Margin line

4.3 Introduction

If a tooth is missing, decayed, or fractured, it may need a dental crown. Professional dental
practitioners need a significant amount of effort, skill, and time to design a personalized crown
for each patient with current digital technologies for dentistry, such as computer-aided design
software. Besides, there are functional and geometric constraints that put limits on possible
solutions and desired precision. In a nutshell, the designed crown should not overlap existing
teeth, and it must respect a space occlusion relationship with the opposing teeth to provide
adequate chewing function. Each dental crown consists of a crown shell, crown bottom, and
margin line. Here, our goal is to generate the crown shell using a fully automated algorithm,

given a prep and its surrounding (context).

4.3.1 Related work

Few studies have been conducted on automating dental crown design. The author [1] down-
scaled 3D dental scans into 2D depth images and then created depth images of dental crowns
in a way similar to pix2pix paper [87]. In this way, they may make use of improvements in
image generation to achieve good performance. But information is lost during their conver-
sion from 3D to 2D. Ping et al [83] presented SA-IFN, a voxel-based method for completing
3D tooth scans that integrate the functions of implicit representations with the self-attention
mechanism. Voxel-based methods, on the other hand, need several unnecessary occupancy
predictions, which reduces the output resolution. Zhu et al. [84] applied a new voxel-based
reconstruction after completing the tooth point clouds using a transformer-based model.
However, as opposed to reconstructing a thin surface with a boundary, their technique cre-
ates a watertight mesh. 3D deep learning has significantly advanced in recent years. Due
to the frequent partial nature of 3D data coming from inaccurate scans, point cloud com-

pletion is essential for 3D computer vision. Predicting an object’s complete shape from a
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partial observation is a challenging task. This problem has received increasing attention in
the computer vision community since the pioneering works of PointNet and FoldingNet [43].
As mentioned in Fei et al. [6], models can be categorized into point-based, convolution-based,
graph-based, folding-based, GANbased, and transformer-based methods. Among these ar-
chitectures, transformers [88] suggest a unique attention mechanism that uses many levels of
self-attention and cross-multi-head attention to interchange data between input and output.
Although the attention mechanism was initially intended for NLP tasks, it has recently been
demonstrated to be beneficial for a variety of computer vision problems. Each layer of the
transformer then consists of an attention mechanism, which allows for interaction between
inputs at different positions, followed by a position-wise fully connected network, which is

applied to all positions independently.

4.3.2 New work to be presented

There is currently no intelligent technology that can automatically assist technicians in gen-
erating dental crowns for prepared teeth, also referred to as ‘preps’. In this paper, we propose
a 3D shape completion transformer-based network to automatically reconstruct a patient-
specific dental crown shape in which the dental crown fits onto the prepared tooth perfectly
at the margin line. Our contributions are summarized as follows: 1) We propose to add the
margin line information to our ground truth crown to increase the resolution at the margin
line; 2) Our network is able to generate teeth in any position. In Contrast with [89] which
only trained their network for the specific tooth, our network is able to generate teeth in any

position.

4.4 Methods

Our approach uses an end-to-end deep learning architecture to generate the dental crown from
given partial arches. We train our network on all incisors, canines, molars, and premolars

Crowns.

4.4.1 Data preprocessing

We first create a context from a given 3D scan. Context refers to the two neighbor teeth
of a prepared tooth and the three teeth in the opposing jaw. Figure 4.1 shows the input
data and created context. To create a context for a specifically prepared tooth, a 3D scan
is semantically segmented into 14 classes (number of teeth in each jaw) using MeshSegNet

method [75] trained on our dataset. Then two teeth in the prep’s neighbor and the three
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closest teeth in the opposing jaw were selected. We also add gingiva triangles close to the
selected teeth. In the next step, we extract the margin line from a die (i.e., a scan of a prepared
tooth). Based on the available crown cases for which we have the crown geometries provided
by dental technicians using the commercial software of Exocad, we were able to extract the
exact ground truth margin lines that were generated by the technicians. As opposed to other
work published in the literature [89], we used the prepared tooth geometry and the ground
truth margin line to enhance the fitting of the generated crown on the prepared tooth. By
having more localized point density at the margin line we also teach the network to place a
higher weight at the margin line. In production, we are using our pre-trained MeshSegNet to
segment margin lines from prepared teeth [75,90]. Figure 4.2 shows the ground truth shell

with and without margin line.

(d)

Figure 4.1 (a) Dental arch with a prep, (b) Generated context from segmentation, (c) die
(prepped tooth) (d) Extracted margin line.

{a) b

Figure 4.2 (a) Ground truth shell without margin line, (b) Ground truth shell with margin
line.

4.4.2 Network Architecture

We use a transformer encoder-decoder architecture proposed by [9] to predict the point prox-

ies for the dental crown. Figure 4.3illustrates our proposed framework for a point-based
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dental crown generation. The transformer-based model by [9] tackles the point cloud com-
pletion problem as a set-to-set translation problem. The model is characterized by five main
components: an encoder-decoder architecture to convert point cloud completion as a set-to-
set translation problem, point proxies to represent the original point clouds as a set of feature
vectors, geometry-aware transformer block to facilitate transformers to better leverage the in-
ductive bias about 3D geometric structures, query generator to dynamically generate queries
for the decoder, and multi-scale point cloud generation process to generate final prediction
in a course to fine manner. One of the key challenges of applying transformers is that the
self-attention mechanism in transformers lacks some inductive biases that explicitly model
the structure of the point cloud. To enable transformers to better leverage the inductive bias
about the 3D geometric structure of point clouds, [9] proposed a geometry-aware block that
models the geometric relations which can be a plug-and-play module is designed to incor-
porate the attention blocks with any transformer architecture. The multi-scale point could
generation is done by a small modification in the original FoldingNet [43] which takes pre-
dicted proxies, and centers from the transformer, and tries to map the 3D grid onto a proper
tooth by mimicking the deformation of a 3D point cloud. We also used three consecutive

folding operations, instead of two in the original FoldingNet paper, to help produce detailed

structures.
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Figure 4.3 The pipeline of our proposed network.

We employed the mean chamfer distance as the evaluation metric, which can measure the
distance between the prediction point cloud and ground truth at a set level. Fitting the crown
with the neighboring teeth can be controlled by this metric. For each prediction, the chamfer

distance between the prediction point set p and the ground truth point set g is calculated.

dep(P,G) ,P|Zml n|p—gl3+ ’G‘meHg pl3 (4.1)
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where P,G € RV*3 are point sets with N points, and || - ||» denotes the Euclidean (2-norm)

distance.

4.5 Experimental Results

Our experimental dataset contains 90 training, 10 validation, and 25 test cases. The dataset
included all type of teeth in the jaw, namely molars, canines, and incisors. We uniformly
sampled 1568 points from the crown and 10240 points for the context and 1000 points for the
margin line. Our training procedure is like the one used in [9]. The input point clouds were
normalized by subtracting the mean of the points and dividing the outcome by the standard
deviation. Regular augmentation methods such as rotation, translation, and scaling were
applied to meshes. Figure 4.4 shows our results qualitatively. To evaluate our generation,
we used the Chamfer distance (CD) between the prediction point set and the ground-truth

point set. The mean CD of the different experiments is shown in Table 4.1.

Experiment | Method CD-L1 CD-L2
All positions | Baseline + Margin line | 56.39 x 107% | 8.04 x 10~*

Table 4.1 Chamfer Distance (L1 and L2) for the evaluated method.

Prediction with margin line Ground truth
Input information

Figure 4.4 Prediction with margin line information.

In this stage, our goal is to evaluate the margin line that we can extract from the reconstructed
surface of the predicted shell. We use a simple reconstruction method such as ball pivoting
algorithm [91] (it can be substitute with other surface reconstruction methods such as Poisson
surface reconstruction) to reconstruct the predicted shell. Then the margin line is extracted

from the reconstructed surface . Figure 4.5 shows the predicted shell | reconstructed shell
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and extracted marginline. In this experiment, we first predict the shell by the transformer-
based network without considering margin line information. Second, we predict the shell by
considering margin line information in the shell and context input. Finally, we evaluate the

extracted margin line from reconstructed shell of the two experiments.

(a) (b) (c)

Figure 4.5 The point predicted shell (a), reconstructed surface (b), and extracted margin line

().

The diagrams in figure 4.6 show the comparison of the distance between extracted margin
line from the predicted shell and the ground truth margin line. We notice that when we
consider the margin line information, there is much improvement in the predicted margin
line in comparison to the ground truth margin line. There are some quantitative results in
table 4.2.

Metrics Without margin line information | With margin line information
Max distance (um) 3501.1311 847.5652
Min distance (pum) 695.0081 60.1825
Average distance (um) 2105.3221 372.2782
Std distance (pum) 783.3138 184.4864

Table 4.2 The average distance between the predicted margin line and the ground truth
margin line. Distances are in pm.

We evaluate the margin line extracted from the predicted shell with and without margin line
information. Figure 4.7 shows one qualitative result in which one shell is predicted once by
considering margin line information in the shell and context input, the green one, and the
second without this information, the grey one. We can see the improvement in the scale of

the predicted shell and the extracted margin line is so close to the ground truth margin line.
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Figure 4.6 The diagram shows the (max, avg, std) distance of extracted margin line from
the predicted shell and ground truth margin line. The left one is without considering margin
line information in the input shell and context, the right one is by considering the margin
line information.

4.6 Implimentation Details

We implement our networks on PyTorch. All modules in our completion network are trained
with an ADAM optimizer, and the initial learning rate is set to 0.0005 with a decay rate of
0.9 every 20 epochs. We set our batch size to 16 and the number of workers to 8. We assign

a radius in the range [0.6, 0.7, 0.8, 0.9, 1] for ball pivoting surface reconstruction.
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Figure 4.7 This figure shows the predicted crowns, the green one with margin line information
and the grey one without margin line information. The black line of points is the prediction
for the margin line and the red line point is the ground truth margin line.

4.7 Conclusions

Here, in contrast to recent works on dental restorations which focused only on restoring
plausible missing teeth, we generated a crown for a realistic setting with the prepared tooth.
We have shown that by adding margin line information obtained from the prep, our model
can generate better-fit crowns. In the future, we are planning to generate the shell in a mesh

format by using the graph convolutional network.
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5.2 Abstract

Designing a dental crown is a time-consuming and labor-intensive process. Our goal is to
simplify crown design and minimize the tediousness of making manual adjustments while still
ensuring the highest level of accuracy and consistency. To this end, we present a new end-
to-end deep learning approach, coined Dental Mesh Completion (DMC), to generate a crown
mesh conditioned on a point cloud context. The dental context includes the tooth prepared
to receive a crown and its surroundings, namely the two adjacent teeth and the three closest
teeth in the opposing jaw. We formulate crown generation in terms of completing this point
cloud context. A feature extractor first converts the input point cloud into a set of feature
vectors that represent local regions in the point cloud. The set of feature vectors is then
fed into a transformer to predict a new set of feature vectors for the missing region (crown).
Subsequently, a point reconstruction head, followed by a multi-layer perceptron, is used to
predict a dense set of points with normals. Finally, a differentiable point-to-mesh layer

serves to reconstruct the crown surface mesh. We compare our DMC method to a graph-
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based convolutional neural network which learns to deform a crown mesh from a generic
crown shape to the target geometry. Extensive experiments on our dataset demonstrate the
effectiveness of our method, which attains an average of 0.062 Chamfer Distance. The code
is available at: https://github.com/Golriz-code/DMC.git

Keywords: Mesh completion, Transformer, 3D shape generation.

5.3 Introduction

If a tooth is missing, decayed, or fractured, its treatment may require a dental crown. Each
crown must be customized to the individual patient in a process, as depicted in Figure 5.1.
The manual design of these crowns is a time-consuming and labor-intensive task, even with
the aid of computer-assisted design software. Designing natural grooves and ensuring proper
contact points with the opposing jaw present significant challenges, often requiring technicians
to rely on trial and error. As such, an automated approach capable of accelerating this process
and generating crowns with comparable morphology and quality to that of a human expert

would be a groundbreaking advancement for the dental industry. A limited number of studies

3D Scan Select a template Designed Crown in context

e —— a7 el
‘r‘-’f‘h‘t_

CAD Sofiware l

Adjust
Scale —
Transformation to U
make contact points .
Prepared tooth Designed Crown
This process usually
(a) (b) takes more than 1 (c)

hour.

Figure 5.1 Dental crown design process: a) Dentist prepares the tooth; b) Technician designs
the crown; ¢) Dentist places the crown on the prepared tooth.

have focused on how to automate dental crown designs. In [1,81], a conditional generative
adversarial based network (GAN) is applied to a 2D depth image obtained from a 3D scan
to generate a crown for a prepared tooth. Depth images created from a 3D scan can be
used directly with 2D convolutional neural networks (CNNs) such as pix2pix [87], which are
well-established in computer vision. However, depth images are limited in their ability to
capture fine-grained details and can suffer from noise and occlusion issues. By contrast, point

clouds have the advantage of being able to represent arbitrary 3D shapes and can capture
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fine-grained details such as surface textures and curvatures. [86,89] use point cloud-based
networks to generate crowns in the form of 3D point clouds. Input point clouds used by [57]
are generated by randomly removing a tooth from a given jaw; then the network estimates
the missing tooth by utilizing a feature points-based multi-scale generating network. [86]
propose a more realistic setting by generating a crown for a prepared tooth instead of a
missing tooth. They also incorporate margin line information extracted from the prepared
tooth in their network to have a more accurate prediction in the margin line area. The
crowns generated by both approaches are represented as point clouds, so another procedure
must convert these point clouds into meshes. Creating a high-quality mesh that accurately
represents the underlying point cloud data is a challenging task which is not addressed by
these two works. [84] proposed a transformer-based network to generate a surface mesh of the
crown for a missing tooth. They use two separate networks, one responsible for generating
a point cloud and the other for reconstructing a mesh given the crown generated by the
first network. Similar to [57,86], the point completion network used by [84] only uses the
Chamfer Distance (CD) loss to learn crown features. This metric’s ability to capture shape
details in point clouds is limited by the complexity and density of the data. Although all
aforementioned methods are potentially applicable to the task of dental crown design, most
of them fail to generate noise-free point clouds, which is critical for surface reconstruction.
One way to alleviate this problem is to directly generate a crown mesh. In [68], the authors
develop a deep learning-based network that directly generates personalized cardiac meshes
from sparse contours by iteratively deforming a template mesh, mimicking the traditional
3D shape reconstruction method. To our knowledge, however, the approach in [68] has not

been applied to 3D dental scans.

In this paper, we introduce Dental Mesh Completion (DMC), a novel end-to-end network for
directly generating dental crowns without using generic templates. The network employs a
transformer-based architecture with self-attention to predict features from a 3D scan of dental
preparation and surrounding teeth. These features deform a 2D fixed grid into a 3D point
cloud, and normals are computed using a simple MLP. A differentiable point-to-mesh module
reconstructs the 3D surface. The process is supervised using an indicator grid function and
Chamfer loss from the target crown mesh and point cloud. Extensive experiments validate the
effectiveness of our approach, showing superior performance compared to existing methods as
measured by the CD metric. In summary, our main contributions include proposing the first
end-to-end network capable of generating crown meshes for all tooth positions, employing a
non-template-based method for mesh deformation (unlike previous works), and showcasing
the advantages of using a differentiable point-to-mesh component to achieve high-quality

surface meshes.
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5.4 Related work

In the field of 3D computer vision, completing missing regions of point clouds or meshes
is a crucial task for many applications. Various methods have been proposed to tackle
this problem. Since the introduction of PointNet [41,42], numerous methods have been
developed for point cloud completion [6]. The recent works PoinTr [9] and SnowflakeNet
[60] leverage a transformer-based architecture with geometry-aware blocks to generate point
clouds. It is hypothesized that using transformers preserves detailed information for point
cloud completion. Nonetheless, the predicted point clouds lack connections between points,

which complicates the creation of a smooth surface for mesh reconstruction.

Mesh completion methods are usually useful when there are small missing regions or large
occlusions in the original mesh data. Common approaches based on geometric priors, self-
similarity, or patch encoding can be used to fill small missing regions, as demonstrated in
previous studies [30, 93], but are not suitable for large occlusions. [94] propose a model-
based approach that can capture the variability of a particular shape category and enable
the completion of large missing regions. However, the resulting meshes cannot achieve the
necessary precision required by applications such as dental crown generation. Having a mesh
prior template can also be a solution to generate a complete mesh given a sparse point cloud
or a mesh with missing parts. In [68], cardiac meshes are reconstructed from sparse point
clouds using several mesh deformation blocks. Their network can directly generate 3D meshes

by deforming a template mesh under the guidance of learned features.

We combine the advantages of point cloud completion techniques with a differentiable surface
reconstruction method to generate a dental mesh. Moreover, we used the approach in [68] to
directly produce meshes from 3D dental points and compared those results with our proposed
method.

5.5 Methods

5.5.1 Network Architecture

Our method is an end-to-end supervised framework to generate a crown mesh conditioned on
a point cloud context. The overview of our network is illustrated in Figure 7.2. The network
is characterized by two main components: a transformer encoder-decoder architecture and a

mesh completion layer. The following sections explain each part of the network.
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Figure 5.2 Pipeline of our proposed network.

Transformer encoder-decoder

We adapt the transformer encoder-decoder architecture from [9] to extract global and local
3D features from our input (context) using the encoder and generate crown points via the
decoder. A dynamic graph convolution network (DGCNN) [50] is used to group the input
points into a smaller set of feature vectors that represent local regions in the context. The
generated feature vectors are then fed into the encoder with a geometry-aware block. This
block is used to model the local geometric relationships explicitly. The self-attention layer in
the encoder updates the feature vectors using both long-range and short-range information.
The feature vectors are further updated by a multi-layer perceptron. The decoder’s role is
to reason about the crown based on the learnable pairwise interactions between features of
the input context and the encoder output. The decoder incorporates a series of transformer
layers with a self-attention and cross-attention mechanisms to learn structural knowledge.
The output of the transformer decoder is fed into a folding-based decoder [43] to deform a

canonical 2D grid onto the underlying 3D surface of the crown points.

Mesh completion layer

In this stage, to directly reconstruct the mesh from the crown points, we use a differentiable
Poisson surface reconstruction (DPSR) method introduced by [10]. We reconstruct a 3D
surface as the zero level set of an indicator function. The latter consists in a regular 3D
point grid associated with values indicating whether a point is inside the underlying shape
or not. To compute this function, We first densify the input unoriented crown points. This
is done by predicting additional points and normals for each input point by means of an

MLP network. After upsampling the point cloud and predicting normals, the network solves
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a Poisson partial differential equation (PDE) to recover the indicator function from the
densified oriented point cloud. We represent the indicator function as a discrete Fourier basis
on a dense grid (of resolution 128% ) and solve the Poisson equation (PDE) with the spectral

solver method in [10].

During training, we obtain the estimated indicator grid from the predicted point cloud by
using the differentiable Poisson solver. We similarly acquire the ground truth indicator grid
on a dense point cloud sampled from the ground truth mesh, together with the corresponding
normals. The entire pipeline is differentiable, which enables the updating of various elements
such as point offsets, oriented normals, and network parameters during the training process.
At inference time, we leverage our trained model to predict normals and offsets using Differ-
entiable Poisson Surface Reconstruction (DPSR) [10], solve for the indicator grid, and finally
apply the Marching Cubes algorithm [95] to extract the final mesh.

Loss function

We use the mean Chamfer Distance (CD) [44] to constrain point locations. The CD measures
the mean squared distance between two point clouds S; and S5. Individual distances are
measured between each point and its closest point in the other point set, as described in
equation (5.1). In addition, we minimize the L, distance between the predicted indicator
function = and a ground truth indicator function x4, each obtained by solving a Poisson
PDE [10] on a dense set of points and normals. We can express the Mean Square Error (MSE)
loss as equation (6.8), where fp(X) represents a neural network (MLP) with parameters 6
conditioned on the input point cloud X, D is the training data distribution, along with
indicator functions z; and point samples X; on the surface of shapes. The sum of the CD

and MSE losses is used to train the overall network.

2y 2
CD(S51, 52) = |51 g; £ﬂ1ﬂ|5€ yl© + |S| Z xﬂé}gnw | (5.1)
Lppsr(0) = Ex, z,~p||Poisson(fo(X;)) — x5 (5.2)

5.6 Experimental results

5.6.1 Dataset and preprocessing

Our dataset consisted of 388 training, 97 validation, and 71 test cases, which included teeth

in various positions in the jaw such as molars, canines, and incisors.
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The first step in the preprocessing was to generate a context from a given 3D scan. To
determine the context for a specific prepared tooth, we employed a pre-trained semantic seg-
mentation model [75] to separate the 3D scan into 14 classes representing the tooth positions
in each jaw. From the segmentations, we extracted the two adjacent and three opposing
teeth of a given prepared tooth, as well as the surrounding gum tissue. To enhance the
training data, we conducted data augmentation on the entire dental context, which included
the master arch, opposing arch, and shell, treated as a single entity. Data augmentation
involved applying 3D translation, scaling, and rotation, thereby increasing the training set
by a factor of 10. To enrich our training set, we randomly sampled 10,240 cells from each
context to form the input during training. We provide two types of ground truth: mesh
and point cloud crowns. To supervise network training using the ground truth meshes, we
calculate the gradient from a loss on an intermediate indicator grid. We use the spectral

method from [10] to compute the indicator grid for our ground truth mesh.

5.6.2 Implementation details

We adapted the architecture of [9] for our transformer encoder-decoder module. For mesh
reconstruction, we used Differentiable Poisson Surface Reconstruction (DPSR) from [10]. All
models were implemented in PyTorch with the AdamW optimizer [96], using a learning rate
of be-4 and a batch size of 16. Training the model took 400 epochs and 22 hours on an
NVIDIA A100 GPU.

5.6.3 Evaluation and metrics

To evaluate the performance of our network and compare it with point cloud-based ap-
proaches, we used the Chamfer distance to measure the dissimilarity between the predicted
and ground truth points. We employed two versions of CD: CDy, uses the L;-norm, while
C Dy, uses the Ly-norm to calculate the distance between two sets of points. Additionally, we
used the F-score [97] with a distance threshold of 0.3, chosen based on the distance between
the predicted and ground truth point clouds. We also used the Mean Square Error (MSE)
loss [10] to calculate the similarity between the predicted and ground truth indicator grids

or meshes.

We conducted experiments to compare our approach with two distinct approaches from the
literature, as shown in Table 6.1. The first such approach, PoinTr+margin line [86], uses the
PoinTr [9] point completion method as a baseline and introduces margin line information to
their network. To compare our work to [86], we used its official implementation provided

by the author. In the second experiment, PoinTr+graph, we modified the work of [68] to
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generate a dental crown mesh. To this end, we use deformation blocks in [68] to deform a
generic template mesh to output a crown mesh under the guidance of the learned features
from PoinTr. The deformation module included three Graph Convolutional Networks (GCNs)
as in [66].

All experiments used the same dataset, which included all tooth positions, and were trained
using the same methodology. To compare the results of the different experiments, we ex-
tracted points from the predicted meshes of our proposed network (DMC), as illustrated in
Figure 5.3. Table 6.1 shows that DMC outperforms the two other networks in terms of both
CD and F-score. PoinTr+graph achieves poor CD and F-score results compared to the other
methods. While the idea of using graph convolutions seems interesting, features extracted
from the point cloud completion network don’t carry enough information to deform the tem-
plate into an adequate final crown. Therefore, these methods are highly biased toward the
template shape and need extensive pre-processing steps to scale and localize the template.
In the initial two experiments, the MSE metric was not applicable as it was calculated on the
output meshes. Figure 5.4 showcases the visual results obtained from our proposed network
(DMC). Furthermore, Figure 5.5 presents a visual comparison of mesh surfaces generated by

various methods for a sample molar tooth.

(b)

Figure 5.3 Crown mesh predicted by DMC (a) and extracted point set (b).

Table 5.1 Comparison of proposed method (DMC) with two alternate methods. Evaluation

metrics: CDy,, CDyp, ; MSE on output meshes; F-Score@0(.3 .
Method CD-L1 (J) | CD-L2 ({) | MSE () | F1°3 ()
PoinTr + margin line [86] | 0.065 0.018 0.54
PoinTr + graph 1.99 1.51 0.08
DMC 0.0623 0.011 0.0028 0.70
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Figure 5.4 Examples of mesh completions by the proposed architecture (DMC). (a) Input
context containing master arch, prepped tooth, and opposing arch; (b) Generated mesh in
its context; (¢) Ground truth mesh in its context.

5.6.4 Ablation study

We conducted an ablation study to evaluate the components of our architecture. We started
with the baseline PoinTr [86], a point completion method. To enhance it, we integrated
Shape as Points (SAP) [10] as a separate network for mesh reconstruction from the PoinTr-
generated point cloud. Next, we tested our proposed method (DMC) by excluding the Mean
Square Error (MSE) loss function. Finally, we assessed DMC’s performance, including the
MSE loss function. The results, shown in Table 5.2, demonstrate the consistent improvements

achieved by our full model across all evaluation metrics.
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Figure 5.5 Qualitative comparison of crown mesh generation approaches: a) Standard Poisson
surface reconstruction; b) PoinTr [9] for point cloud and Shape as points [10] for mesh; c)
Proposed method (DMC); d) Ground truth shape.

Table 5.2 Results of ablation study. Metrics are the same as in Table 6.1.

Method CD-L1 (}) [ CD-L2 (}) [ MSE (1) [ F1%3 (1)
PoinTr [9] 0.070 0.023 0.24
PoinTr + SAP 0.067 0.021 0.031 0.50
DMC without MSE | 0.0641 0.015 0.65
DMC (Full Model) | 0.0623 | 0.011 0.0028 | 0.70

5.7 Conclusion

Existing deep learning-based dental crown design solutions require additional steps to re-
construct a surface mesh from the generated point cloud. In this study, we propose a new
end-to-end approach that directly generates high-quality crown meshes for all tooth positions.
By utilizing transformers and a differentiable Poisson surface reconstruction solver, we effec-
tively reason about the crown points and convert them into mesh surfaces using Marching
Cubes. Our experimental results demonstrate that our approach produces accurately fitting
crown meshes with superior performance. In the future, incorporating statistical features into
our deep learning method for chewing functionality, such as surface contacts with adjacent

and opposing teeth, could be an interesting avenue to explore.
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6.2 Abstract

Designing dental crowns with computer-aided design software in dental laboratories is com-
plex and time-consuming. Using real clinical datasets, we developed an end-to-end deep
learning model that automatically generates personalized dental crown meshes. The input
context includes the prepared tooth, its adjacent teeth, and the two closest teeth in the op-
posing jaw. The training set contains this context, the ground truth crown, and the extracted
margin line. Our model consists of two components: First, a feature extractor converts the
input point cloud into a set of local feature vectors, which are then fed into a transformer-
based model to predict the geometric features of the crown. Second, a point-to-mesh module
generates a dense array of points with normal vectors, and a differentiable Poisson surface
reconstruction method produces an accurate crown mesh. Training is conducted with three
losses: (1) a customized margin line loss; (2) a contrastive-based Chamfer distance loss; and

(3) a mean square error (MSE) loss to control mesh quality. We compare our method with our
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previously published method, Dental Mesh Completion (DMC). Extensive testing confirms
our method’s superiority, achieving a 12.32% reduction in Chamfer distance and a 46.43%
reduction in MSE compared to DMC. Margin line loss improves Chamfer distance by 5.59%.

Keyword: Dental crown generation , Transformer , Mesh completion , Margin line

6.3 Introduction

Dental laboratories are responsible for designing hundreds of dental crowns annually tailored
to each patient’s unique tooth morphology and specific characteristics using computer-aided
design (CAD) software. The process begins with a dentist preparing the damaged tooth to
set a stable foundation for the crown. A 3D digital model of the prepared tooth and its
neighboring teeth is then captured using an intraoral scanner, providing essential context for
custom crown design. A dental technician employs a CAD system, equipped with specialized
tools for dental applications, to meticulously design the crown. This step involves selecting
a standard tooth template from a digital library and modifying it through careful scaling
and positioning to meet functional and aesthetic requirements. The entire manual design
process, including critical adjustments for contact points and the margin line, is depicted
in the flowchart (Fig. 6.1). These adjustments ensure that the crown aligns perfectly with
the dental preparation and is securely sealed at the prepped’s margin line. Further advanced
transformations are applied to ensure proper contact with adjacent teeth. The flowchart (Fig.
6.1) illustrates the detailed adjustments and customization involved in manually designing

hundreds of crowns each year to meet individual patient needs.

Designed crown in
3D scan the context
Template crown  Prepared tooth (die) Margin line Grooves

Adjustment Final
Initial Template Position and for contact Groove i
assessment selection scaling points and designing q';l"" E
margin line chec

Figure 6.1 Flowchart of manually designing a dental crown by a technician. This process
usually takes more than 1 hour.

Technician

Although CAD systems provide high precision, the manual design process is time-consuming
and prone to human error. Each crown can take over an hour to design, and achieving
consistency across designs is challenging. Therefore, an automated Al-based solution is

needed to improve the accuracy, efficiency, and consistency of crown designs.
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To address these challenges, emerging artificial intelligence (AI) and deep learning tech-
nologies are offering promising solutions. Recent studies show that AI has the potential
to enhance diagnostic precision through techniques like fuzzy logic and convolutional net-
works ( [98]; [99]; [100]). Significant advancements have also been made in image segmenta-
tion, employing dual attention modules, boundary-aware transformers, GAN-based models,
and domain adaptation methods to improve segmentation quality and boundary detection
across medical applications ( [101]; [102]; [103]; [104]; [105]; [106]). In the field of 3D den-
tal reconstruction, specific studies have advanced synthetic image reconstruction and pros-
thetic restoration, focusing on detailed crown morphology, gingival margin line generation,
and occlusal surface reconstruction through innovative GAN and transformer-based models
( [107]; [108]; [82]; [109]; [110]). Collectively, these innovations in Al address critical needs in
automation, accuracy, and efficiency, although limitations in computational demands, data

quality, and generalizability persist.

Building on these advancements, recent efforts in dental crown design automation have fo-
cused on simplifying 3D dental scans by transforming them into 2D depth images ( [111,112]).
The pix2pix technique ( [113]) was used to generate dental crown images. While this approach
allows for the visualization of the crown’s occlusal surface from a single view, it inherently
neglects the lateral portions that are crucial for a well-fitted crown. The lateral surfaces
play a key role in ensuring the crown fits securely around the tooth and aligns properly
with adjacent teeth. Additionally, the lateral margins are critical for maintaining proper bite
alignment (occlusion) and for preventing issues like plaque buildup or gum irritation. Failure
to capture these aspects can compromise the crown’s stability, its aesthetic integration with
neighboring teeth, and its overall longevity. The transition from 3D to 2D causes a significant
loss of spatial information, particularly around the tooth margin line. Moreover, these 2D
methods do not generate complete tooth surfaces directly, making the acquisition of detailed

lateral surfaces from the occlusal view a non-trivial task.

In response to these limitations, point clouds have emerged as a superior alternative. Unlike
2D imaging, point clouds can faithfully represent any 3D shape; capturing the overall form
and the intricate details. Within this context, ( [114]) introduced a point cloud-based method
that begins by randomly removing a tooth from a given jaw. Subsequently, the network esti-
mates the missing tooth using a multi-scale network that generates feature points. However,
this approach does not simulate the more realistic scenario, which is generating a crown for
a prepared tooth. As such, inaccuracies occur in the positioning of their predictions. Ad-
ditionally, because the method generates point clouds rather than meshes, it offers limited
control over the smoothness of the resulting shapes. To this end, a subsequent study ( [115])

developed a transformer-based network aimed at creating a surface mesh of the crown for a
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missing tooth. Their approach involved two distinct networks: one that generates a point
cloud, and a second that reconstructs a mesh based on the crown points produced by the first
network. However, the method relied solely on point distance loss measures, such as Chamfer
Distance (CD), to refine the point clouds. It lacked a specific loss function to manage the
mesh reconstruction process, which significantly limited its ability to precisely control the
quality and accuracy of the final mesh output. In a previous effort, our team published a
pioneering study on the DMC model ( [11]), proposing an end-to-end deep learning model de-
signed to directly produce dental crown meshes from input point clouds. This model utilizes
a transformer-based architecture with self-attention mechanisms to predict features from a
3D scan of dental preparation and surrounding teeth. These features are then employed to
deform a 2D fixed grid into a 3D point cloud. Subsequently, a differentiable point-to-mesh
module predicts the indicator grid, which facilitates the generation of the mesh. The train-
ing of this model incorporates Chamfer distance loss for the point cloud and mean square
error (MSE) for the grid, aiming to enhance the learning of crown features. Despite these
advancements, increasing the resolution of the output point cloud constitutes a challenge for
the transformer to generate noise-free results. Although introducing the MSE loss alongside
the Chamfer distance loss improves point cloud distribution, the method still struggles to
produce high-resolution point clouds. This limitation hinders its potential to predict high-
quality meshes. Moreover, it does not effectively solve the critical issue of accurately fitting
the crown at the margin line position of the prepared tooth. Another study on generating
dental crowns for prepared teeth improves accuracy at the critical margin line by integrating
margin line data from the prepared tooth ( [86]). This approach significantly enhances preci-
sion in the margin line region. However, their crowns, represented as point clouds, required
an additional procedure for conversion into meshes. To address these issues, we introduce
a new end-to-end network designed to directly generate high-quality dental crowns for all
tooth positions. Our model utilizes a transformer encoder-decoder architecture, enriched
with a self-attention mechanism, adaptive query generation, and a denoising task strategy,
to process points from 3D scans of dental preparations and adjacent teeth. This approach
enables our network to dynamically predict a set of features that accurately encapsulate the
dental crown’s geometry. These features are then passed through a fully connected layer to
reconstruct the crown’s point cloud, with the transformer’s advanced mechanisms ensuring
the prediction of high-resolution and noise-free point clouds. Normals for these points are
derived using a straightforward multi-layer perceptron (MLP). A differentiable point-to-mesh
module integrated into our network facilitates 3D surface reconstruction. The entire process
is supervised by a contrastive learning chamfer loss (InfoCD) ( [116]), optimizing point dis-

tributions between the prediction and the ground truth while capturing surface similarities
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through mutual information estimation. Additionally, a margin line loss ensures the accurate
alignment of predicted points around the margin line, crucial for the crown’s proper fit on the
prepared tooth. An indicator grid function, computed from the target crown mesh, further
guides the reconstruction accuracy. Extensive experimentation validates our methodology’s
effectiveness and its innovative contributions, showcasing advancements in dental crown gen-

eration. To sum up, the contributions of this paper are as follows:

1. Proposed an automated end-to-end network for personalized dental crown generation

across all tooth positions.

2. Developed a fully differentiable point-to-mesh architecture that directly generates den-

tal meshes from 3D point clouds through a transformer-based completion mechanism.

3. Developed custom loss functions aimed at improved crown alignment and accuracy,
including a margin line loss for precise positioning and a state-of-the-art contrastive
learning Chamfer loss (InfoCD) for refined surface matching. These innovations en-

hance the overall reliability and accuracy of the crown generation process.

6.4 Related work

This section reviews the essential domains of Al approaches for dental crown design, point
completion, mesh completion and reconstruction, and the metrics used for their evaluation;

laying the groundwork for our proposed advancements in dental crown design automation.

6.4.1 Al approaches for dental crown design

Al-driven approaches for dental crown design represent a rapidly growing area of research,
directly informing the advancements proposed in this study. [107] introduced a dual discrim-
inator adversarial learning approach for occlusal surface reconstruction, integrating a dilated
convolution-based generative model with global-local discriminators to automate the design
process while preserving the natural morphology of crowns. This method takes 2D depth
images as input and outputs 3D reconstructed dental surfaces. While effective, it focuses on
specific tooth types and requires large datasets, limiting its broader application. Building on
this, ( [108]) employed a true 3D deep learning model (3D-DCGAN), using 3D scans of teeth
as input and generating accurate, biomechanically sound dental crowns as output. However,
the high computational requirements and limited validation across diverse datasets remain
significant challenges. The DAIS framework, proposed by [106], takes a different approach

by incorporating depth map generation and a deep-learning-based restoration network, using
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depth maps and 3D dental scans as input and producing anatomically accurate inlay pros-
theses. This method effectively addresses cases with large, irregularly shaped missing teeth,
yet its dependence on large datasets and difficulty in handling diverse tooth shapes present
obstacles to its generalizability. Further advancing the field, the DCPR-GAN method by [82]
utilizes a two-stage GAN framework specifically for dental crown prosthesis restoration, us-
ing 3D scans and depth maps as input and reconstructing dental crowns as output. While
this approach offers improvements in occlusal surface reconstruction, it faces limitations due
to its narrow focus on specific teeth and potential gaps in depth information. Additionally,
( [109]) demonstrated the effectiveness of deep adversarial networks in reconstructing gingival
margin lines, particularly in cases with multiple missing molars. This method processes 3D
scans of gingival contours as input and outputs reconstructed gingival margin lines. Despite
its accuracy, the reliance on depth images and the need for post-processing steps impact both
efficiency and generalizability. Collectively, these Al-driven methods demonstrate significant
progress in dental crown design but also present challenges, including data requirements,
computational complexity, and generalizability across diverse cases. Addressing these issues

remains critical for the practical application of Al in dental crown design.

Building upon these innovations, diffusion models ( [117]) have emerged as a promising ap-
proach in medical image synthesis, with potential applications in dental crown design. Their
strengths include generating high-resolution synthetic images that facilitate model training
and reduce dependence on extensive datasets. The iterative noise-removal mechanism en-
ables detailed reconstructions, maintaining the natural morphology of teeth. Additionally,
these models are highly adaptable, allowing customization to specific dental imaging charac-
teristics, such as intricate textures and precise occlusal alignment. However, their significant
computational demands and the need for substantial processing power present challenges for
clinical adoption. Enhancing computational efficiency and optimizing algorithms are essential

for integrating these models effectively into dental workflows.

6.4.2 Point completion

The task of reconstructing incomplete parts of point clouds or meshes is essential in 3D
computer vision, supporting a wide range of applications. This field has seen significant
innovation, particularly since the foundational work of PointNet and FoldingNet [41, 43,
118]. According to [119], point cloud completion strategies are categorized into point-based,
convolution-based, graph-based, GAN-based, diffusion-based, and transformer-based meth-
ods.

Point-based methods directly manipulate individual points but may overlook complex spa-
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tial relationships. Convolution-based approaches provide strong feature extraction but risk
losing detail during voxelization. Graph-based strategies effectively capture intricate point
connections, while GANs excel at generating realistic point clouds despite stability challenges.
Transformer-based models bring a novel perspective by leveraging self-attention mechanisms
to capture global dependencies and detailed structures within point clouds [119]. Diffusion
models, meanwhile, methodically convert noise into structured point clouds, enabling the

creation of complex geometries in a controlled manner [120].

Focusing on techniques that address missing regions, [57] utilized a GAN-based approach
with a multi-resolution encoder and point pyramid decoder for reconstruction, though this
method has limitations in capturing finer details. Transformer-based models like PoinTr [9],
SnowflakeNet [60], and AdapoinTr [12] have pushed the boundaries of point cloud generation
by employing geometry-aware blocks and adaptive query generation, alongside denoising
tasks. These models excel in preserving detailed features but face challenges in achieving

point connectivity, which is vital for seamless mesh reconstruction.

The Few-point Shape Completion (FSC) model by [121] addresses the challenge of completing
point clouds using as few as 64 input points. The model employs a dual-branch feature
extractor to maximize sparse input utilization and dynamically prioritize key points, followed
by a two-stage revision network that refines the output to preserve both local details and
global structure. The authors report that experiments on the ShapeNet dataset revealed
that with only 64 input points, the FSC model retained nearly 60% of the original shape
information and achieved an average Chamfer Distance (CD-L;) of 7.89. This performance
surpassed prior methods, such as GRNet (CD-L; of 17.61) and PCN (CD-L; of 12.11).
Despite its strong results in sparse data scenarios, the FSC’s architecture—featuring dual-
branch extraction with stacked layers and two-stage adversarial refinement—adds substantial
computational complexity. This design increases the operational load relative to simpler
architectures, posing challenges due to higher memory and processing demands for point

feature extraction and refinement stages.

6.4.3 Mesh completion and reconstruction

Mesh completion in 3D computer vision, which is crucial for various applications, involves
reconstructing missing parts of meshes, regardless of whether the gaps are small or the oc-
clusions are large. Traditional methods utilizing geometric priors, self-similarity, or patch
encoding have proven effective for filling small gaps ( [93,122]) yet they struggle when faced
with larger occlusions. Innovative model-based approaches have been developed to tackle

these significant gaps by capturing the variability within specific shape categories, offering a
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solution for extensive reconstructions ( [94]). However, these methods often lack the preci-
sion required for intricate tasks such as dental crown design. A promising direction is the use
of mesh prior templates, which, guided by learned features, deform to reconstruct complete
meshes from sparse data or meshes with missing sections, as demonstrated in cardiac mesh
reconstructions ( [123]). Nevertheless, these approaches exhibit a strong dependency on the
template shape and necessitate extensive pre-processing to adjust and position the template
accurately for dental crown generation. Recent methods like DiffComplete ( [124]) offer a
generative diffusion-based approach for completing 3D shapes from partial scans. It lever-
ages hierarchical feature aggregation and occupancy-aware fusion to iteratively reconstruct
meshes. The authors reported that on the 3D-EPN benchmark, DiffComplete demonstrated
a 40% reduction in L; error compared to previous state-of-the-art methods, achieving an
Ly error of 0.053. Despite its advantages, Diff Complete has several limitations. The model
struggles to complete highly irregular or noisy shapes. Additionally, the dense 3D CNN ar-
chitecture limits the model’s ability to handle high-resolution 3D shapes due to the cubic
increase in computational costs with volume size. Although the model shows robust gener-
alizability to unseen object classes, its performance may be adversely affected by the quality
and diversity of the training data, necessitating careful selection to boost completion robust-
ness. The multi-step inference process introduces substantial computational complexity, and
it is only able to complete a small portion of the incomplete shape, which is not appropriate
for dental crown generation. Direct mesh completion methods, including autoencoders and
variational autoencoders (VAEs), have been proposed to learn a latent space of complete
shapes for potential completions [94, 125]. However, the iterative optimization required at
inference by these techniques, particularly by Point2Mesh ( [13]), imposes considerable time
constraints. This process becomes notably impractical in scenarios demanding quick process-
ing, such as the individualized meshing of teeth for dental crown design. Recently, Neural
Kernel Surface Reconstruction (NKSR) ( [14]) introduced a framework utilizing neural ker-
nel fields with compactly supported kernels and gradient fitting to reconstruct 3D surfaces
from noisy point clouds. While NKSR effectively addresses challenges related to scalability
and noise sensitivity, the method’s requirement to handle a potentially large number of basis
functions across the voxel hierarchy leads to heavy memory consumption. Additionally, the
complexity of solving a linear system during the forward pass, particularly for large-scale

inputs or those with high levels of noise, imposes a significant computational burden.

6.4.4 Evaluation metrics

In the field of point cloud completion, the Chamfer Distance (CD) and Earth Mover’s Dis-

tance (EMD) [44] are standard metrics used to evaluate shape differences and point cloud
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similarity. CD assesses shape disparities by calculating the average distance between nearest
point pairs across two point clouds, whereas EMD seeks an optimal point-to-point mapping
to minimize overall distances, striving for uniform distribution at the cost of higher computa-
tional demand and the need for equal-sized point sets. These metrics, however, can not fully
capture true shape nuances due to their reliance on predefined matching rules, which can
lead to inaccurate reconstructions. Addressing these limitations, the Density-aware Chamfer
Distance (DCD) [126] introduces a refinement by integrating density considerations, offering
a more nuanced evaluation that accounts for both global structure and local geometric de-
tails. Similarly, Hyperbolic CD (HyperCD) [127] modifies the Chamfer distance calculation
by operating in hyperbolic space and applying a position-aware weighting in backpropaga-
tion to prioritize the preservation of accurate matches. Despite its innovative approach,
HyperCD’s computational complexity and the intricacies of working in non-Euclidean space

pose practical challenges.

CALoss [128] emerges as another framework, blending contrastive and adversarial techniques
within a non-linear representation space to distinguish shape differences more dynamically.
While it enhances reconstruction quality, the computational overhead and complexity in-
herent in its dual approach raise considerations regarding model training efficiency. Further-
more, InfoCD [116] proposes a contrastive Chamfer distance loss that incorporates contrastive
learning to refine point cloud completion. By maximizing the mutual information between
geometric surfaces and distributing matched points more effectively, InfoCD improves upon
traditional metrics by offering a robust and computationally efficient solution tailored for

deep learning applications.

The methodology introduced in this work is inspired by the comprehensive review of point
completion, mesh completion, and mesh reconstruction strategies. Given the complexity and
information density of dental scans, we leverage the analytical capabilities of point cloud
completion techniques, particularly those employing transformers, for their efficiency in pro-
cessing 3D data. Despite their effectiveness, point cloud representations alone are not directly
applicable in dental practice, necessitating a transition towards mesh outputs. To this end,
our approach is also informed by mesh completion methods, which are adept at generating
the necessary mesh structures but often lack the precision required for dental applications.
Addressing this, we incorporate advanced mesh reconstruction techniques, such as differ-
entiable Poisson surface reconstruction, to meet the high standards of accuracy essential
for dental crown design. Furthermore, informed by the nuances of evaluation metrics, our
methodology devises a loss function specifically aimed at enhancing the fidelity of margin
line points, a critical aspect in the fitting of dental crowns. This integrated methodology

aims to combine the strengths of each domain to achieve a precise, efficient solution tailored
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for the automation of dental crown design.

6.5 Methods

Our model is an end-to-end supervised framework that takes a partial point cloud context
as input and generates the missing region in a mesh format. The overview of our frame-
work is illustrated in Fig. 6.2. It comprises two key components: a transformer model for
encoding and decoding the data, and a specialized module designed to complete the mesh.
Distinctively, our framework applies contrastive learning to fine-tune the network, utilizing
a Chamfer distance metric. Furthermore, the framework is enhanced by a custom function
specifically designed to meticulously refine the margin line of the crown. Moreover, we utilize
a mean square error function to achieve precise control over the crown’s indicator grid. The
following sections provide a detailed analysis of each component within our network, along

with the loss functions we have implemented.
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6.5.1 Point Transformer Encoder-Decoder

We adapt the transformer encoder-decoder architecture ( [12]) to extract both global and
local 3D features from our input (context). The encoder processes the given context, while
the decoder generates crown points, enabling our model to fill missing areas in point clouds by
creating proxies for the absent segments. Our approach leverages the sequential generation
capability of transformers, employing a set-to-set translation strategy to effectively map
incomplete point cloud data to a corresponding completed version. This process begins by
grouping the input points into a smaller set of features, converting the point cloud into a
series of vectors through a point proxy method. This method utilizes farthest point sampling
(FPS) ( [41]) and a lightweight dynamic graph convolution network (DGCNN) ( [129]) to
capture local geometric structures in the context. The geometry-aware transformer encoder
refines these features and captures intricate 3D spatial relationships. It does this through a
modified self-attention mechanism, which incorporates k-nearest neighbors (KNN) within the
attention blocks to output feature vectors. The self-attention layer in the encoder updates
the feature vectors using both long-range and short-range information. To generate queries,
which serve as the starting state of predicted proxies, we employ a multi-layer perceptron
(MLP) query generator by [12]. This MLP dynamically adjusts queries, crafting them from
the encoder output and the input point proxies. It establishes a dynamic query bank to
ensure that the queries accurately reflect the desired output’s sketch. Following this, the
selection process uses a neural network scoring module to assess each query in the query
bank, choosing a subset of the top-rated queries, referred to as 'adaptive queries’, based on
their informational content, without being bound by their categorization into abstracted or
original sets. Integral to this process, the transformer decoder leverages self-attention and
cross-attention mechanisms to interpret and refine the point cloud structure. It determines
the internal configuration of input data and the connection between queries and the output
feature from the encoder, translating this relationship into the accurate prediction of missing
point proxies. Accompanying this, an auxiliary denoising task is essential for enhancing
point precision; it introduces noised queries derived from the input’s ground truth centers
and infused with scaled random noise. These noised queries, along with the adaptive queries,
are fed into the decoder, ensuring a consistent supply of high-quality queries for optimal
decoding performance. To mitigate knowledge leakage from noised to adaptive queries, we
employ an attention mask ( [12]) within the self-attention layers of the decoder transformer.
This mask selectively cancels out attention towards noised queries, safeguarding the integrity
of adaptive queries and ensuring the reconstructed model’s accuracy and reliability. The
decoder’s output finally passes through a fully connected layer to generate the prediction for

crown point clouds.
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6.5.2 Mesh Completion

Building directly upon the crown points generated by the transformer decoder, we progress
to the mesh completion module. Here, we integrate a spectral method for Differentiable
Poisson Surface Reconstruction (DPSR) as described by [10], enabling the transformation of
discrete point clouds into continuous 3D surfaces. This technique discerns the zero level set
of an indicator function within a structured 3D grid, differentiating points inside the shape
from those outside. To refine the input unoriented crown points, a Multi-Layer Perceptron
(MLP) network is employed. The MLP network extrapolates additional points and normals,

thus densifying and orienting the point cloud for subsequent processing.

Next, we formulate the indicator function for the crown’s shape as the solution to a Poisson
partial differential equation (PDE) ( [10]). This function is represented within a Fourier basis
on a dense grid (at a resolution of 256%). The spectral method computes the Fast Fourier
Transform (FFT) of the gradient field of the indicator function, applies a Gaussian smoothing
kernel to alleviate the ringing effects due to the Gibbs phenomenon, and solves the equation
within the frequency domain for efficient computation ( [10]). The solution to the PDE is
then derived by manipulating the unnormalized indicator function x’ with an inverse FFT
as equation 6.1. where Y is the product of the spectral representation of the gradient field
and the Gaussian kernel in the frequency domain. Subsequently, we refine x’, to obtain the
final indicator function y, scaling its absolute value at the zero level set and adjusting it with

respect to the set C' | representing the crown predicted points, as depicted in equation 6.2:

X =1FFT(¥), (6.1)

m b /
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This process ensures that the indicator function conforms to the exact geometry depicted by

the predicted crown point cloud.

During training, our methodology employs a differentiable Poisson solver (DPSR) ( [10])
to derive the estimated indicator grid from the predicted point cloud. Concurrently, we
generate the ground truth indicator grid by running Poisson Surface Reconstruction (PSR) on
a densely sampled point cloud obtained from the ground truth mesh, incorporating the exact
corresponding normals. This setup ensures that the entire pipeline is fully differentiable,
facilitating the simultaneous updating of multiple variables. Specifically, we refine point
offsets, adjust oriented normals, and optimize network parameters. In the inference stage,

the trained model uses the spectral solver method ( [10]) to predict the indicator function
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X. The extracted scalar field from this function serves as the basis for the Marching Cubes
algorithm to generate the final crown mesh. The specifics of this process are detailed in

Algorithm 1, which outlines the step-by-step methodology for mesh reconstruction.

6.5.3 Loss Function

We use three different losses to constrain the output shape and predict a high-quality mesh.
We utilize the InfoCD loss ( [116]), a contrastive Chamfer distance loss designed to enhance
point cloud completion tasks. Building upon the concepts of mutual information and con-
trastive learning, the InfoCD loss aims to improve the alignment of the completed point cloud
with the ground truth. The overall loss function combines the traditional Chamfer distance
loss with a novel regularization term, encouraging a uniform point distribution across the

completed surface. This loss function is articulated as follows in equations 6.3, 6.4, 6.5 , 6.6:
Lintocn (%4, Yi) = iatocn (T4, Yi) + lintocn (Ys, T4), (6.3)

where each term (1,5cp is calculated by:

1

1 exp | — = min; d(zi;, Yir)
EInfoCD(xiayi) = —| | Zlog { . } x| (6-4)
Yil & (Zk exp {—; min; d(z;;, yzk:)})
1
Lintocn (i, Yi) ;LCD(%, vi) + R(wi, y;) (6.5)

To prevent the formation of clusters and encourage a more even spread of points, we use a
regularization term R(z;,y;), given by:

R(zy,y;) = log {Z exp (—71_ [mjin d(@ij, Yin) + m}jn d(Zim, ylk)D } , (6.6)

where x; = {z;;} and y; = {yi} denote the ground truth and predicted sets of 3D points,
respectively. The m and n in the regularization term R(x;, y;) assess the structural alignment
and distribution uniformity by considering distances between all point pairs, enhancing the
loss’s sensitivity to the spatial arrangement and density of the point clouds. The function
d(-,-) signifies the chosen distance metric, such as the L1 or L2 norm ( [9]). The parameters
7 and A (where A\ = 77/ € (0,1]) control the trade-off between the fidelity of point matching
and distributional uniformity, with smaller values of Lcp(z;,y;) inducing larger R(z;, ;). By

tuning 7 and 7/, one can control the strictness of point matching and the extent of distribution



60

Algorithm 1 Mesh Completion algorithm

Require: Unoriented crown point cloud P, Neural network f, with parameters
Ensure: Reconstructed 3D surface mesh M
Forward Pass:
for each point p in point cloud P do
Predict k offsets and normals N’ for point p using f,
end for
Upsample point cloud P to create densified point cloud P’
Predict indicator function y over P’ using f,
Smooth normal vector field V' by Gaussian filtering
Solve for indicator function y by minimizing difference between Vy and V'
Subtract mean value of y at input points from y
Reconstruct surface mesh M from y using Marching Cubes
11: Backward Pass (Training Loop):
Require: Point samples {X;} and their corresponding indicator functions {z;}
Ensure: Trained parameters 6 of neural network f,
12: Define loss function L(#), as given in equation 6.8
13: Initialize parameters 6 of neural network f,
14: while not convergence do
15:  for each sample X; in training data do
16: Compute loss L(#) for current X; and z;
17. end for
18:  Update parameters § by AdamW optimizer to minimize L(0)
19: end while
20: return M Reconstructed 3D surface dental crown mesh

,_.
@

alignment, allowing for a flexible approach to point cloud completion. The InfoCD loss, as
developed by [116], serves as a bridge between the traditional CD loss and a more structured,

distribution-sensitive metric.

We define a custom loss function to manage the margin line point clouds in dental crowns,
which is crucial for ensuring an optimal fit on the prepared tooth (die). This function calcu-
lates the distances between points on the predicted crown, inclusive of the margin line, and the
corresponding margin line points extracted from the ground truth at the base of the crown.
The objective is to identify the nearest predicted points—approximately 300 in number—to
the actual margin line. We refer to this function as compute_ closest_ points_ function, which
is utilized in the subsequent algorithm. Subsequently, we apply the mean Chamfer Distance
(CD) ( [44]) to constrain the locations of these points. The CD assesses the mean squared
distance between two point clouds: Si,representing the ground truth margin line,and Sy
consisting of points from the predicted crown nearest to the ground truth margin line. The

measurement of individual distances is carried out between each point in one set and its
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closest point in the other set, as delineated in equation 6.7 and Algorithm 2.

Let Liargin 1ine be the loss function for the margin line, defined as:

Lmargln lme(Sl, SQ |Sl Z mm |:)j y|2 |S | Z mlIl |y — x|2 (67)

zeS
Furthermore, we minimize the Ly distance between the predicted and ground truth indicator
functions, both derived from Poisson PDE solutions ( [10]). This Mean Square Error (MSE)
loss is computed as equation 6.8, where fy(X) represents a neural network (MLP) with
parameters 6 conditioned on the input point cloud X, D is the training data distribution,

along with indicator functions x; and point samples X; on the surface of shapes.

Lppsr(0) = Ex, z,~p||Poisson(fo(X;)) — x5 (6.8)

The final loss function, represented as equal weighted sum of the individual loss functions, is

described by equation 6.9:

Liotal = LinfocD + Lmargin line + LDPSR (6.9)

In our model, we use equal weighting for the three components of our loss function to ensure
balanced influence during training. This method simplifies the optimization process and

prevents bias toward any particular loss component, supporting well-rounded development.

6.6 Experiments and results

In this section, we assess our model’s performance on a dataset encompassing all types of

teeth within the jaw, including molars, premolars, canines, and incisors.

6.6.1 Dataset and preprocessing

In our initial phase, we generate a specific context from a provided 3D dental scan. This
context includes the neighboring teeth adjacent to the prepared tooth and the two or three
nearest teeth in the opposite jaw. Fig. 6.3 illustrates this process, showing the original scan
alongside the generated context, which highlights the die and the margin line extracted from

the ground truth crown.

To create this context, which is cropped from registered master and antagonist arches, we
use the die file to precisely trim the master arch, aligning it with the die, which represents

the prepared tooth, while preserving the two adjacent teeth. Additionally, in the opposing
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Algorithm 2 Margin Line Loss Function.

1: Input: Predicted crown point cloud {P;}, Ground truth margin line {M/;}, Number of
closest points n

2: Output: Loss L,,

3: for each batch 7 in B do

4:  Compute n closest points in P; to M; using compute_closest_points__function

5. Store indices of the closest points

6:  Extract the closest points from P,

7. Compute margin line loss L,,; between closest points and M, using mean Chamfer
Distance

8: end for

(d)  Ground (e) Extracted

truth Crown margin line

Figure 6.3 (a) Dental arch with a prep, (b) generated context, (c¢) die (prepared tooth), (d)
Ground truth crown, (e) extracted margin line.

arch, we retain the two teeth closest to the die position. Using our ground truth crown, we
extract the margin line as a spline and sample it into 300 points. This feature is crucial for
ensuring the crown’s proper fit, thereby enhancing its durability and the patient’s comfort.
Our research employs an experimental dataset comprising 388 training, 98 validation, and 71
test cases, enriched through data augmentation techniques including 3D translation, scaling,
and rotation. For translation, each dental setup is randomly shifted in the 3D space within
a range of -0.2 to 0.2 millimeters (mm) along each axis. In scaling, the size of each setup
is randomly adjusted by a factor of 0.8 to 1.2, centered around the geometric center of the
structure. Rotation is applied by generating a random rotation matrix for each setup, with
angles varying between -0.35 and 0.35 radians around each principal axis. This process,
applied to the entire dental setup (master arch, opposing arch, and crown), amplifies our
training data tenfold. We selected 10,240 points to represent the dental context, providing
two forms of ground truth for network training: mesh and point cloud crowns. To supervise

network training using the ground truth meshes, we calculate the gradient from a loss on
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an intermediate indicator grid. We use the spectral method from ( [10]) to compute the

indicator grid for our ground truth mesh.

6.6.2 Implementation details

Our model incorporates a transformer encoder-decoder module that aligns with the archi-
tecture detailed in [12]. For the network’s mesh reconstruction phase, we employ the differ-
entiable Poisson surface reconstruction (DPSR) method, as introduced in [10]. We imple-
mented all models using PyTorch and optimized them with the AdamW optimizer, setting
the learning rate to 5e-4 and the batch size to 4. The training process spanned 250 epochs,
necessitating 22 hours of computing time on an NVIDIA A100 GPU.

6.6.3 Performance evaluation

To evaluate our network’s performance and benchmark it against point cloud-based method-
ologies, we measure the dissimilarity between predicted outputs and ground truth data using
the Chamfer distance. This measurement is implemented in two variants: C'Dy,, applying
the L;-norm, which sums the absolute differences along each dimension, and C'Dy,, utilizing
the Lo-norm, which calculates the square root of the sum of squared differences between
points. This allows us to compute the disparity between two point sets using both Manhat-
tan and Euclidean metrics respectively. Furthermore, the Earth Mover’s Distance (EMD) is
employed for additional depth in our evaluation. EMD is particularly used in our ablation
study to analyze the impact of our proposed model’s components and validate its robustness
in different scenarios. For assessing the similarity between the predicted indicator grids or
meshes and their ground truth counterparts, we calculate the Mean Square Error (MSE) loss.
We show the improvements achieved by our new model in Table 6.1, comparing it with our
previous methods. Pointr+ Margin Line ( [86]) builds on the point transformer approach ( [9])
for point completion by integrating margin line data, which enhances accuracy at the criti-
cal margin line. However, this method requires additional post-processing to convert point
clouds into meshes, adding complexity to the workflow. DMC ( [11]) introduced a significant
advancement by directly generating dental crown meshes from point clouds, streamlining the
pipeline. Despite these advances, limitations in mesh quality and accuracy at the margin
line persisted. Our new model addresses these limitations with several innovations, including
a contrastive-based Chamfer distance (InfoCD) and a dedicated margin line loss function.
These enhancements ensure more accurate alignment of crown meshes around the margin
line and significantly improve mesh quality. As shown in Table 6.1, our model outperforms

previous methods across all metrics, achieving a C'Dy, of 54.39 (a 12.3% improvement over
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DMC) and a CDy, of 8.41 (a 23.9% improvement over DMC). Additionally, the MSE for out-
put meshes is reduced to 0.0015, highlighting the model’s ability to generate high-resolution,

high-quality meshes with minimal error.

A key factor in creating an accurate dental crown mesh is the ability to predict point clouds
with high resolution, devoid of noise. Our data are measured in millimeters, ensuring high
precision in our evaluation metrics. Fig. 6.4 showcases the predictive capabilities of the
DMC method where subfigure (a) demonstrates a prediction with 1536 point clouds, cap-
turing lower resolution details, while subfigure (b), using the same method but at a higher
resolution of 3072 points, exhibits increased noise and a lack of uniformity in point distribu-
tion. Conversely, our model, equipped with adaptive query generation and denoising capa-
bilities, produces predictions with a more uniform resolution, as seen in subfigure (c), closely
mirroring the high fidelity of the ground truth presented in subfigure (d). This comparison
underscores the advancements our model introduces in the generation of high-quality dental
crown meshes from noise-minimized point clouds. Furthermore, as indicated by Table 6.1,
the evaluation metrics for our new model—specifically, Chamfer distance and MSE—show
improvements compared to the previous method ( [11]). This demonstrates that the predicted
points are more closely aligned with the ground truth, validating the enhanced accuracy of

our approach.

(a) (b) (c) (d)

Figure 6.4 Comparison of predicted point clouds using our proposed method with previous
work. (a) Illustrates the predicted point cloud using the method by [11] with 1536 points.
(b) Depicts the same method by [11], but with a higher resolution of 3072 points, resulting
in a noisier output. (¢) Displays the prediction using our proposed model, and (d) represents
the ground truth, with both (¢) and (d) at the same resolution of 3072 points.

To provide a comprehensive assessment of our model, we compare it against several state-
of-the-art methods. To ensure a fair comparison with the work detailed in [12,115,121],
we utilized the official implementations provided by the authors. This approach ensured
that all experiments were conducted under consistent conditions, using a unified dataset

that includes every tooth position and adhering to a standardized training protocol. We
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Table 6.1 Comparison of the new model with our previous methods. Evaluation metrics
are CDp, and C'Dy, (multiplied by 1000; lower is better) and MSE (calculated on output
meshes; lower is better). Bold values indicate improvements achieved by the new model.
MSE is unavailable for the Pointr+ Margin Line experiment as it is calculated on output
meshes.

Method CD-L1 (J) CD-L2 (}) MSE ({)
Pointr+ Margin Line ( [86]) 65.04 18.31 -
DMC ( [11]) 62.03 11.06 0.0028
Our Model 54.39 8.41 0.0015

compare our model against state-of-the-art methods in the domain, as shown in Table 6.2.
ToothCR ( [115]) employs a dual-network strategy, first predicting crown point clouds and
then reconstructing surfaces from these points. AdaPoinTr ( [12]), a point transformer-
based model, completes the dental context by leveraging transformers. Few-point Shape
Completion (FSC) ( [121]) is designed to complete dental arch contexts using dental crown
point clouds, with both master and antagonist arches as input contexts. While FSC’s dual-
branch feature extractor captures sparse details effectively, it underperforms compared to
the AdaPoinTr model, which predicts crown point clouds with greater accuracy. As shown
in Table 6.2, FSC achieves CD-L; and CD-Ls scores of 72.86 and 17.62, respectively, while
AdaPoinTr outperforms it with scores of 68.82 (CD-L;) and 15.14 (CD-Lsy), indicating closer
alignment with the ground truth. However, our model surpasses both, achieving significant
improvements with CD-L; and CD-Ls scores of 54.39 and 8.41, respectively, and an MSE
of 0.0015. These results demonstrate the superior accuracy and consistency of our method
in generating dental crown shapes. To further illustrate these performance differences, (Fig.
6.5) visually compares the predictions of FSC and AdaPoinTr across four cases. In these
examples, black points represent the ground truth crown points, red points indicate FSC
predictions, and blue points represent AdaPoinTr predictions. As seen in the (Fig. 6.5) ,
AdaPoinTr predictions align more closely with the ground truth, with blue points consistently
overlapping black points, while FSC predictions (red points) deviate noticeably from the
actual crown shape. Fig. 6.6 provides visual results produced by our model, highlighting its

ability to generate accurate, high-quality dental crowns compared to other methods.

In Fig. 6.7 , we present a color map analysis for four tooth types: Canine, Incisor, Molar,
and Premolar, each visualized across instances with the lowest, median, and highest devia-
tions from the ground truth. This visualization quantitatively represents the signed distance
between the predicted 3D meshes and the actual ground-truth meshes, with colors indicat-

ing regions of overestimation (positive values) and underestimation (negative values). For
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Table 6.2 Comparison of our model with the sate of the art methods in the domain. Metrics
are the same as in Table 6.1.

Method CD-L1 (J) CD-L2 (J) MSE ()
ToothCR ( [115])  70.01 23.42 0.0024
AdapoinTr [12] 68.82 15.14 —
FSC ( [121]) 72.86 17.62 -
Our Model 54.39 8.41 0.0015

Figure 6.5 Visual comparison of dental crown predictions: Predictions from the FSC model
(left column) and AdaPoinTr model (right column) are shown for four cases. In each vi-
sualization, black points represent the ground truth, red points indicate predictions by the
FSC model, and blue points correspond to predictions by AdaPoinTr model. As depicted,
the blue points from AdaPoinTr model consistently align closely with the black ground truth
points, while red points from the FSC model exhibit noticeable deviations, indicating a lower
accuracy in shape completion compared to AdaPoinTr approach.

Canines, the lowest deviation case (tooth 43) shows minor discrepancies, reflecting a strong
alignment with the ground truth, while the highest deviation case (tooth 13) highlights pro-
nounced misalignment, especially in regions of structural complexity. For Incisors, the lowest
deviation case (tooth 31) displays a generally close alignment with some underestimation,

whereas the highest deviation case (tooth 11) reveals a greater variability with both positive



67

(a) Context (b) Prediction (¢) Ground truth

Figure 6.6 Examples of mesh completions by the proposed architecture. a) Input context
containing master arch, prepped tooth and opposing arch; b) Generated mesh in its context;
¢) Ground truth mesh in its context.

and negative errors around the edges. In the Molar set, the lowest deviation case (tooth
46) aligns closely with the ground truth, but the highest deviation case (tooth 16) exhibits
significant areas of discrepancy, suggesting challenges in capturing molar complexities. Fi-
nally, in the Premolar set, the lowest deviation case (tooth 14) shows near-uniform alignment,
while the highest deviation case (tooth 15) has notable areas of overestimation, indicating
regions where the predicted mesh extends beyond the ground truth. This color map anal-
ysis, with deviations ranging from -3 to +3 mm, provides critical insights into the model’s
performance, highlighting areas of both success and limitation across different tooth types
and variation levels. To provide a thorough evaluation of the generated crown’s functionality,
our analysis includes both morphological comparison and spatial positioning relative to the
neighboring teeth. While morphology is crucial for the crown’s structural accuracy, spatial
positioning is equally essential for assessing its fit and function within the context. We de-
fined the find_intersection measures function to compute the spatial relationship between

a predicted crown and its neighboring teeth. By generating a 3D grid around the crown and
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Figure 6.7 Color maps showing the signed distance (in mm) between predicted and ground-
truth 3D meshes for four tooth types—Canine, Incisor, Molar, and Premolar—each visualized
at low, median, and high deviation levels. Positive values indicate mesh overestimation, and
negative values indicate underestimation. Canines (tooth 43, 13), Incisors (tooth 31, 11),
Molars (tooth 46, 16), and Premolars (tooth 14, 15) reveal varying degrees of alignment
accuracy, with notable discrepancies in complex regions. The analysis ranges from -3 to +3
mm, highlighting model performance across diverse dental structures.

context points and using Poisson Surface Reconstruction (PSR) fields, the function identifies
regions where the crown overlaps or intersects with adjacent teeth. A threshold of 0.01 is
applied to the PSR fields to detect surface points within this defined proximity, ensuring
precise identification of overlapping areas. To ensure consistency across measurements, we
converted the distance metrics, originally in 1D, to 2D values to make them comparable with

the area-based measurements.

We applied find_intersection measures function to 71 unseen cases, both for the predicted
crown and the ground truth crown in the same context. The results, presented in the table
6.3, show the average, median, and standard deviation for left and right interpenetration
distances and areas, all calculated using Mean Squared Error (MSE). The metrics include the
left distance MSE?, right distance MSE?, left area MSE, and right area MSE. For example,
the average left distance MSE? is 9.30 x 107°, while the average right distance MSE? is
1.54 x 107%, indicating larger spatial discrepancies on the right side. The left area MSE
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(0.4169) and right area MSE (0.6478) offer further insight into surface overlap discrepancies,

with the right side having a higher average error.

To further understand these spatial relationships, we computed intersection heatmap (Fig.
6.8) showing the distance to the nearest point between the crown and context (neighboring
teeth) in millimeters. These cases were randomly selected from different tooth types among
our unseen cases. In each case, subfigures (1) and (2) represent the ground truth and predicted
distances, respectively, for both the crown and its context. In these subfigures, the right
side shows higher values due to the calculated distances from context points, while the left
side remains relatively consistent. Subfigures (3) and (4) show only the crown shell without
context, with (3) being the ground truth and (4) the prediction. In these, the right-side values
are lower as they represent distances solely between crown points and their nearest context
points, without any overlap with context. These visualizations reveal that discrepancies
are more prominent on the right side, correlating with the MSE results for interpenetration

distances.

These metrics are essential for assessing and adjusting the fit of the crown, as the higher
average and standard deviation on the right side indicate areas of larger spatial discrepancies
that need further correction. The variability in errors, particularly on the left side where the
standard deviation is high, underscores the need for case-specific adjustments. By analyzing
these interpenetration and surface overlap measures, we gain a comprehensive understanding
of spatial positioning and how well the generated crown aligns within the context—a critical

factor for both functionality and overall dental alignment.

6.6.4 Ablation analysis

We conducted a comprehensive ablation study to assess the impact of various components

within our newly developed model on its overall performance.

Impact of margin loss function

In our earlier discussion, we highlighted the impact of integrating a margin line loss into our
model, as detailed in Table 6.4. Subsequently, Fig. 6.9 offers a visual comparison between
our model’s performance with and without the margin line loss, utilizing point clouds from
the predicted meshes for a clearer visualization. This analysis highlights how the margin
line loss enhances the precision and quality of the model’s crown generation capabilities,
particularly at critical margin line positions on the prepared tooth surface. As depicted in

Fig. 6.9 panel (c), predictions without the margin line loss (represented in blue) do not fit
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Table 6.3 Comparison of metrics for left and right distance MSE? and area MSE, scaled
to 1073, across 71 unseen test samples. Each sample consists of a predicted crown and a
corresponding ground truth crown, analyzed for interpenetration distances and surface areas
on both the left and right sides. The metrics shown include the average, median, and standard
deviation (STD) for each measurement, offering insight into spatial discrepancies and surface
overlaps across samples.

Metrics Left distance MSE? Right distance MSE? Left area MSE Right area MSE

(x1073) (x1073) (x1073) (x1073)
Average 0.0930 0.1544 416.8690 647.7620
Median 0.0033 0.0105 63.6040 156.7600
STD 0.4442 0.5356 1183.2580 930.8120

perfectly at the margin line, and sometimes exceed the ground truth dimensions. In contrast,
predictions with the margin line loss (represented in green) align perfectly with the margin

line and maintain the correct size compared to the ground truth.

Impact of point distance loss function

In this section, we compare our novel model with established loss functions commonly utilized
in point cloud computation tasks, as detailed in Table 6.4. The loss functions under compari-
son include Chamfer Distance (CD) ( [43]), Density-aware Chamfer Distance (DCD) ( [126]),
and Hyperbolic Chamfer Distance (HyperCD) ( [127]). Our evaluation criteria encompass
the average CD and Earth Mover’s Distance (EMD) ( [43]) across unseen datasets. The
results demonstrate that our model, employing the InfoCD loss function ( [116]), achieves a
CD-L1 score of 57.61, a CD-L2 score of 9.45, and an EMD score of 77.67 (values multiplied
by 1000, where lower is better), outperforming the alternatives. This superior performance
indicates that InfoCD more effectively aligns the point distribution between the prediction
and the ground truth, thus better measuring the underlying geometric surfaces of the point

clouds through mutual information estimation.

Impact of mesh completion module

In this section, we undertake a comprehensive evaluation, both visually and quantitatively,
of several mesh reconstruction methodologies compared with our proposed framework. The
evaluation begins with the point transformer ( [12]) model, a method for completing points,
as the baseline to measure the quality of the meshes. Subsequently, we incorporate the Shape
as Points (SAP) methodology ( [10]) to investigate its synergistic effect on mesh reconstruc-

tion, leveraging the point cloud output generated by the transformer. Following this, we
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Figure 6.8 Heatmap visualizations of the intersection function, displaying multiple cases for
different tooth positions: (a) position 24, (b) position 11, (¢) position 16, and (d) position
25. In each case, subfigures (1) and (2) represent the ground truth and predicted distances,
respectively, for both the crown and its context (neighboring teeth), with higher values on
the right side due to distances calculated from context points. Subfigure (3) represents the
ground truth and subfigure (4) the prediction, showing only the crown without context,
resulting in lower right-side values as these distances are measured solely between the crown
and its nearest context points.

Table 6.4 Comparison results of our model trained with some popular losses. Evaluation
metrics are: CDy,, CDp,, EMD (multiplied by 1000, where lower is better.)

Loss Functions CD-L1 (}) CD-L2 () EMD (])

CD ( [43]) 69.12 18.3 99.613
DCD ( [126)) 67.8 15.4 97.61
HyperCD ( [127])  66.27 12.83 86.38

InfoCD ( [116)) 57.61 9.45 77.67
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(a) (b) (c)

Figure 6.9 Illustration of the impact of incorporating a margin line loss function on our
model’s ability to generate dental crown meshes. Panel (a) showcases the ground truth crown
for the prepared tooth surface. Panel (b) displays the model’s generated crown utilizing the
margin line loss, illustrating enhanced accuracy. Panel (c¢) combines these visualizations,
juxtaposing the generated crowns (with and without margin line loss) against the ground
truth on the prep. For clarity, black denotes the ground truth, green represents predictions
with margin line loss, and blue signifies predictions without margin line loss, highlighting the
qualitative differences in accuracy and detail.

integrate Neural Kernel Surface Reconstruction (NKSR) ( [14]) into our evaluation, explor-
ing its efficacy in refining meshes derived from the identical point cloud dataset. PoinT2Mesh
( [13]) is then employed as an additional comparative measure, providing a comprehensive
analysis relative to the aforementioned methods. The comparisons are quantitatively, em-
ploying metrics such as the CD, shown in table 6.5 and selectively visualized in Fig. 6.10.
All experiments used the same dataset, which included all tooth positions, and were trained
using the same methodology. For NKSR we provide point normals as an extra input chan-
nel. This ablation study shows the significant role of the differentiable point-to-mesh module
within our transformer framework, illustrating its importance in enhancing the fidelity of
fine mesh details. This enhancement substantially improves the overall quality of the dental

crown meshes. The progressive improvements observed through this systematic examination
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affirm the robustness and effectiveness of our integrated model, underscoring its superiority

in the domain of high-fidelity mesh reconstruction.

Figure 6.10 Qualitative comparison of different approaches for crown mesh generation: (a)
Ground truth shape; (b) point cloud processed using Point Transformer ( [12]) and mesh
generated by Shape as Points ( [10]); (c) point cloud processed using Point Transformer
( [12]) and mesh generated by Point2Mesh ( [13]); (d) point cloud processed using Point
Transformer ( [12]) with mesh reconstruction by NKSR ( [14]); (e) proposed method.

6.7 Discussion

This study introduces an innovative method for automating the design of dental crowns by in-
tegrating a transformer encoder-decoder with a differentiable Poisson surface reconstruction
method, enhancing both the efficiency and accuracy of dental crown generation. Our ap-
proach employs a transformer encoder-decoder architecture equipped with self-attention and
cross-attention mechanisms for advanced spatial feature extraction, coupled with dynamic
query generation and a denoising task. This enables the generation of more accurate points
compared with previous methods [11,86,115]. Additionally, the integration with differentiable
Poisson surface reconstruction generates accurate meshes. DPSR transitions point clouds to
continuous 3D surface meshes by solving a Poisson partial differential equation (PDE), pro-
viding precise mesh continuity and quality. To balance quality and computational efficiency,
we incorporated Fourier-based spectral methods to streamline these operations. This opti-
mization supports an overall processing time of less than five seconds, making the approach

practical for real-world dental workflows where both speed and precision are paramount.

Crucially, our method uses a contrastive-based Chamfer distance loss function—InfoCD
loss—which accurately aligns point cloud distributions and surpasses traditional Chamfer
distance measures in matching precision. This enhanced loss function contributes to the
method’s precision in capturing the complex topography of tooth surfaces. Additionally, the
integration of margin line loss targets crucial fit areas, ensuring precise alignment of crown
meshes along the margin line, thus enhancing both the functional and aesthetic outcomes of

the restorations. The integration of our method into clinical practice could revolutionize the
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Table 6.5 Comparative analysis of mesh Reconstruction methods. Metrics are the same as
in Table 6.4.

Method CD-L1 (J) CD-L2 () EMD ({)
Point Transformer (PT) ( [12]) 70.08 23.05 99.42
PT + SAP ( [10]) 67.01 21.12 96.03
PT + NKSR ( [14]) 61.43 18.34 86.23
PT + Point2Mesh ( [13]) 59.62 15.27 80.01
Our model 54.39 8.41 75.31

speed and accuracy of dental crown production. Our approach reduces the crown generation
process to less than five seconds, compared to the traditional methods that typically take
about an hour 6.1. This significant reduction in production time not only makes high-quality
dental care more accessible but also drastically cuts down the turnaround time for patient

treatment, thereby enhancing the efficiency of dental practices.

Our model shows improvements over existing methods in the domain, as detailed in Tables
6.1 and 6.2. The performance evaluation demonstrates that, when trained with InfoCD loss
and MSE, it achieves superior accuracy and alignment with the ground truth. Specifically,
the incorporation of the margin line loss has improved the fit and adjustment of the generated
crown within its context. Compared to ToothCR ( [115]), the Pointr+margin line approach (
[86]), DMC ( [11]), the AdapoinTr model ( [12]), and FSC ( [121]), it consistently outperforms
these methods in terms of Chamfer distance and MSE metrics. These results validate the

robustness of our approach in generating high-quality dental crown meshes.

Despite these advancements, our model has some limitations. The global receptive field
of transformer models, while offering extensive context, can be a double-edged sword. The
transformer’s ability to capture global features comes at the expense of losing intricate details.
This characteristic can limit the model’s capacity to predict and generate the fine, nuanced
structures essential for dental applications, such as the subtle grooves and bumps on a tooth’s
surface. Furthermore, the current representation approach, which involves learning features
from the input point cloud and predicting the crown points, faces challenges in capturing
the necessary detailed features. Because point cloud representation does not include the
information between points, such as faces or cells, learning features from them alone is not
enough to predict high-quality meshes with intricate details. Although our method strives
to seamlessly predict the indicator grid by leveraging point cloud context, it falls short in
learning the intricate details required for accurate 3D shape generation. This limitation is

particularly evident when dealing with complex dental geometries. Additionally, Fig. 6.7
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highlights occasional discrepancies where the predicted model is either slightly larger or
smaller than the ground truth, which are crucial for the functional aspects of crowns. Such
discrepancies can impact the fit and effectiveness of the dental crowns, necessitating further
refinement of the model to improve its accuracy in these critical areas. These limitations
underscore the need for future research to refine our model’s algorithms for better detail
capturing and to explore its adaptability across a broader range of dental reconstruction

tasks. The specifics of this future work are outlined in the next section.

6.8 Conclusion and future work

Our research proposes a novel model for creating detailed mesh models of dental crowns
from incomplete point cloud data. Leveraging an end-to-end model, our approach seamlessly
generates high-quality meshes, accurately representing every tooth position. This model
harnesses the power of transformers, enhanced by dynamic query generation and an adaptive
denoising task, to precisely interpret the complex geometry of dental structures. Central to
our methodology is the application of a differentiable Poisson surface reconstruction solver,
which intelligently infers the positioning of crown points. These are then transformed into
definitive mesh surfaces through the Marching Cubes algorithm, ensuring a smooth and
accurate representation of dental crowns. The entire network operates under the guidance
of a contrastive learning chamfer distance and an innovative function designed to precisely
manage the margin line points, in conjunction with an MSE for the output mesh. The
efficacy of our technique is confirmed by experimental results, which show our model’s ability

to produce high-quality crown meshes that fit precisely along the margin line.

An interesting direction for future research could involve addressing the challenges posed
by the global receptive field of transformer models in capturing intricate details. Diffusion
models are emerging as a promising alternative, potentially offering better detail capture
and accuracy in 3D shape completion. Additionally, to tackle the representation problem,
exploring the application of spherical harmonics in dental reconstruction offers a promising
avenue. Spherical harmonics ( [130]) are a set of solutions to Laplace’s equation defined on
the sphere, often used in physics and engineering, particularly for analyzing functions defined
on the surface of a sphere or for applications involving spherical symmetry. In the context of
dental restoration, a neural network trained to understand and reconstruct these coefficients
could potentially enhance the smoothness and precision of the mesh surfaces by capturing
both the detailed and overall shape of individual teeth. Furthermore, defining a functionality-
aware loss function could help ensure that the predicted tooth has better contact points with

adjacent and opposing teeth, considering the practical aspects of chewing functionality. By
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exploring these avenues, we can address the current limitations and continue to advance the
field of automated dental crown design, ensuring both the aesthetic and functional success

of dental restorations.
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7.2 Abstract

Purpose: Deep learning algorithms offer potential to automate dental crown generation,
reducing time-intensive manual design in dental laboratories. However, achieving crowns
suitable for direct clinical use requires both geometric precision and functional accuracy to
minimize post-generation adjustments. Current approaches focus primarily on shape comple-
tion without explicitly modeling critical spatial relationships, including margin line bound-
aries, occlusal contact patterns, and adjacent tooth interactions. These limitations result in

generated crowns lacking spatial accuracy necessary for direct clinical application.

Approach: We present a comprehensive framework employing transformer encoder-decoder

architecture integrated with differentiable Poisson surface reconstruction for direct dental
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crown mesh generation. The framework incorporates two key innovations to address clinical
limitations. First, margin line data is integrated as direct network input, concatenated with
master and antagonist arch geometries, providing explicit boundary constraints during crown
generation. Second, spatial constraint losses ensure anatomically valid relationships through
antagonist interaction loss for proper occlusal contact patterns and intersection loss to prevent

crown penetration into adjacent teeth.

Results: The framework demonstrates substantial improvements over existing state-of-the-
art methods, achieving 35.9-40.6% improvements in geometric accuracy metrics. Margin line
integration yields 31.2% improvement in geometric precision with maximum boundary errors
reduced from 1.37 to 0.74 mm and 58.4% reduction in variability. Antagonist interaction
loss provides 9.51% improvement in occlusal alignment, while intersection loss substantially

reduces crown penetration into adjacent teeth.

Conclusions: Substantial performance improvements validate effectiveness of integrating
spatial constraint modeling and direct margin line input into the generation process, estab-

lishing a foundation for clinical deployment of automated dental crown design systems.

Keyword: Dental crown design, Digital dentistry, Spatial constraint modeling, Geometric

deep learning, Automated restoration design, Margin line integration

7.3 Introduction

Computer vision and artificial intelligence have advanced significantly in recent years, with
discriminative approaches such as object detection, semantic segmentation, and pattern
recognition now successfully deployed across numerous real-world applications [131, 132].
Generative approaches, particularly those focused on creating realistic 3D models, have shown
remarkable promise in specialized domains requiring high precision and customization [133].
In medical imaging and computer-aided manufacturing, these technologies are increasingly
being applied to automate complex design tasks that traditionally require extensive human
expertise [134,135].

Dental restorations represent a highly challenging application of automated design due to the
precise geometric relationships required between the restoration and surrounding anatomi-
cal structures [136]. The conventional dental crown fabrication process begins with tooth
preparation, where the dentist removes damaged sections and shapes the tooth to receive a
crown. A digital impression is typically captured using an intraoral scanner, providing 3D
data of the prepared tooth and the surrounding dentition. This data must then be processed

to design a crown that satisfies multiple critical requirements: (1) perfect fit to the patient’s
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prepared tooth, (2) appropriate contact relationships with adjacent and opposing teeth, (3)
functional occlusal morphology for effective chewing function, and (4) aesthetically pleasing
appearance [137,138]. Figure 7.1 illustrates the dental crown design workflow, showing the

input context and target crown specifications.

Crown shell

¥

Prepared tooth (die)

Margin line
Crown bottom

(a) (b) (c) (d)

Figure 7.1 Dental crown design workflow: (a-c) Input dental context showing prepared tooth
and surrounding spatial relationships, (d) resulting target crown with precise margin line
boundaries. The complexity of achieving proper geometric fit and spatial constraints drives
the development of automated design solutions.

Current computer-aided design (CAD) technologies in dentistry rely heavily on predefined
template libraries and manual adjustment by skilled dental technicians [139]. The typical
workflow involves selecting an appropriate tooth template, positioning it on the prepared
site, and manually modifying the geometry to achieve proper fit and function. This pro-
cess is time-demanding and requires extensive expertise to navigate the complex geometric
constraints involved in crown design [140]. While CAD-CAM technologies have streamlined
manufacturing processes, the design phase remains a significant bottleneck requiring sub-
stantial human intervention, customization, and expertise. These limitations have motivated
researchers to explore machine learning approaches that can automate the design process by

learning from existing crown designs.

Recent advances in deep learning have enabled automated crown design systems, yet fun-
damental challenges remain unaddressed for clinical deployment. Most automated methods
lack explicit control over spatial interactions between the generated crown and surrounding
dental structures [84,89,141], being optimized primarily for geometric similarity rather than
incorporating the critical spatial constraints essential for proper crown function. This limi-
tation potentially results in designs that require significant manual correction, undermining

the efficiency gains that motivate automated approaches.

Our previous efforts exemplify this limitation. We explored point-based crown generation by
integrating margin line data from the prepared tooth, which enhanced precision in the critical
margin line region [86]. Subsequently, we developed an end-to-end framework that directly

generates crown meshes through transformer-based architecture with differentiable surface
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reconstruction [15,92]. While these approaches demonstrated improved geometric accuracy,

they too lacked explicit spatial constraint modeling essential for clinical functionality.

This widespread limitation across automated crown design reflects the primary challenge in
the field: ensuring proper functional relationships alongside morphological accuracy. Func-
tionality requirements involve complex spatial constraints including appropriate contact pat-
terns with opposing teeth, optimal occlusal engagement for effective chewing function, and
prevention of interference with adjacent dental structures. These requirements demand sys-
tematic modeling of 3D spatial relationships that traditional template-based approaches
struggle to consistently achieve, with complex 3D spatial interactions between the crown
and surrounding dental structures presenting particular challenges for consistent manual de-

sign.

While most automated approaches have focused solely on geometric reconstruction, only
limited prior work has attempted to address functionality constraints explicitly. Among
these efforts, early approaches formulated crown generation as 2D image synthesis problems.
Hwang et al. [1] developed conditional GANs that convert 3D dental scans to 2D depth im-
ages, introducing both hard constraints (preventing crown penetration into opposing teeth)
and soft constraints (capturing natural gap statistics for proper occlusal function). Their
approach incorporates space information through gap distance maps and uses statistical his-
togram matching to enforce functionality constraints, demonstrating systematic evaluation
through penetration analysis and contact point distribution measurements. Yuan et al. [81]
extended this 2D paradigm by introducing perceptual loss functions and occlusal groove fil-
ter networks, conditioning generation on antagonist geometry through curriculum learning
to progressively incorporate functional constraints. While these approaches pioneered func-
tionality constraint integration and demonstrated that automated methods could address
relationships typically managed by technicians, their reliance on 2D depth representations
necessitates CAD-based post-processing to recover 3D models, limiting clinical applicability.
Furthermore, the 2D formulation inherently constrains the modeling of complex 3D spatial

interactions essential for comprehensive functionality assessment.

To address these limitations and advance automated crown design with explicit functionality
modeling, we extend our end-to-end dental crown generation framework with spatial con-
straint modeling. We introduce (1) margin line data integration as additional input along
with master and antagonist arches for enhanced crown fitting, (2) intersection loss functions
that explicitly prevent crown penetration into adjacent teeth, (3) antagonist interaction loss

that optimizes occlusal contact relationships with opposing dentition.

The primary contributions of this work include
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o Margin line data integration for enhanced boundary precision: Extension of our proven
approach of incorporating margin line information as additional input data alongside
master and antagonist arch from point-based crown generation [86] to end-to-end mesh
generation, ensuring critical boundary accuracy throughout the differentiable recon-

struction pipeline.

o Spatial constraint loss functions for adjacent teeth interaction: Novel intersection loss
functions that enforce geometric constraints preventing crown penetration into adjacent
teeth while maintaining proper proximal contact relationships, ensuring anatomically

valid spatial arrangements critical for preventing clinical complications [142].

o Antagonist interaction optimization: Development of antagonist interaction loss that
optimizes natural contact relationships with opposing dentition, preventing interference

patterns that could compromise restoration functionality.

7.3.1 Related work

Our approach draws on advances in 3D shape generation, spatial constraint modeling, and
automated dental design. This section examines prior work in two major areas that inform
our methodology: (1) the evolution of Al-driven dental crown generation and (2) spatial

constraint modeling techniques for 3D shape generation.

AI-Driven Dental Crown Generation

The evolution of automated crown generation has progressed through distinct technological
phases, each seeking to improve geometric fidelity while moving closer to clinical applicability.
However, the integration of explicit functionality modeling has remained limited throughout

this progression.

Early approaches formulated crown generation as 2D image synthesis problems, with some
pioneering attempts at functionality constraint integration. As discussed earlier, Hwang et
al. [1] and Yuan et al. [81] developed the first systematic approaches to incorporate functional
constraints through statistical modeling of gap distances and occlusal contact patterns. Sub-
sequent 2D methods attempted to retain more geometric information through enhanced mod-
eling approaches. Multistage pipelines such as DCPR-GAN [82] and DAIS [106] combined
depth prediction with surface reconstruction, while dual-discriminator architectures [107]
refined local and global structures simultaneously. However, these methods remained funda-
mentally constrained by 2D representations, unable to recover complete crown geometry or

capture full 3D spatial interactions necessary for comprehensive functionality assessment.
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To overcome dimensional limitations, the field shifted toward 3D approaches that preserve ge-
ometric information throughout the generation process. Point cloud methods emerged as the
dominant 3D paradigm, with Lessard et al. [89] proposing hierarchical point cloud completion
and Zhu et al. [84] employing transformer-based contextual feature extraction for crown gen-
eration. While these methods improved geometric fidelity over 2D approaches, they largely
abandoned the explicit functionality modeling that characterized earlier 2D approaches, in-
stead relying on implicit geometric similarity to achieve functional adequacy. Moreover,
point cloud approaches produce outputs requiring subsequent mesh reconstruction, creating

multi-stage pipelines prone to error accumulation and limiting end-to-end optimization.

Recent frameworks have emphasized direct mesh generation to simplify pipelines and enable
complete end-to-end training. DCrownFormer [141] applies morphology-aware transformers
for direct mesh prediction from preparation and antagonist scans, eliminating intermediate
reconstruction steps while maintaining geometric accuracy. Similarly, Ding et al. [108] demon-
strated that 3D-DCGAN frameworks achieve high morphological fidelity and biomechanical
performance comparable to natural teeth. However, these direct mesh generation approaches,
while achieving high geometric accuracy, do not incorporate explicit mechanisms to enforce
functional relationships with adjacent or opposing teeth, representing a step backward from

the functionality modeling pioneered in earlier 2D work.

This progression reveals a fundamental limitation in the field: while early 2D methods suc-
cessfully incorporated explicit functionality constraints, they were constrained by dimensional
limitations that prevented accurate 3D spatial modeling. Conversely, modern 3D approaches
achieve superior geometric fidelity but lack the systematic functionality modeling that made
earlier methods clinically relevant. This creates a critical gap where no existing approach
combines the dimensional advantages of 3D representation with explicit spatial constraint

enforcement necessary for clinical deployment.

Spatial Constraint Modeling in 3D Shape Generation

The enforcement of spatial constraints in 3D shape generation represents a critical yet un-
derexplored area, particularly for domains where collision-free geometries and anatomically
valid arrangements are essential for functional viability. Unlike traditional generation tasks
that prioritize visual similarity, constraint-aware generation must ensure that synthesized

objects satisfy specific spatial relationships relevant to their intended function.

In computer graphics and general 3D modeling, spatial consistency has typically been ad-
dressed through geometric penalty functions. Signed distance fields and occupancy grids are

commonly used to enforce object separation via proximity penalties [143], while mesh defor-
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mation methods rely on vertex-face penalty terms or pairwise distance approximations [144].
These techniques effectively prevent unintended intersections but are designed for general

collision avoidance rather than task-specific functional requirements.

Advanced spatial analysis technologies have been developed for intersection detection and
quantification in specialized applications. Wang et al. [145] introduced efficient voxel-based
intersection methods for complex geometries, while Chen et al. [146] applied clustering-based
boundary detection specifically for 3D anatomical data. However, these approaches operate
as post-processing tools for validation or measurement rather than enforcing constraints

during the generation process itself, limiting their utility for end-to-end optimization.

In clinical and anatomical contexts, spatial accuracy directly determines functional outcomes.
Orthodontic modeling, implant planning, and craniofacial reconstruction all require precise
spacing and clearance to preserve anatomical validity and function [147-149]. Within den-
tistry specifically, occlusal functionality depends critically on accurately modeled contact re-
lationships. Computer-aided systems have been developed to identify occlusal contacts and
prevent interferences [150], digital models have been used to quantify contact areas across
different malocclusion types [151], and validation studies confirm that virtual occlusion mod-
els can accurately reproduce real-world contact patterns [152]. More recently, digital force
mapping techniques have enabled three-dimensional functional representations of occlusal

pressure distribution [153].

Despite these advances in spatial analysis and clinical understanding of functional require-
ments, integrating spatial constraint modeling directly into generative processes remains
largely unexplored, particularly for applications requiring both geometric fidelity and func-
tional accuracy. This gap represents a critical barrier to clinical deployment of automated

design systems across medical and dental applications.

7.4 Material and methods

7.4.1 Dataset

The dataset consists of 557 clinical dental crown cases, split into 388 for training, 98 for vali-
dation, and 71 for testing. Cases span all teeth types, including incisors, canines, premolars,

and molars, from both maxillary and mandibular arches.

For each case, the dental context is constructed by cropping the registered master and an-
tagonist arches using the die file as a reference. The die, which marks the prepared tooth,
is used to trim the master arch while preserving the two adjacent teeth on either side. In

the opposing arch, the two nearest teeth to the die are retained to maintain anatomical
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context [15].

Each dental setup is uniformly sampled to 10,240 points, capturing the geometric structure
needed for training. Ground truth crowns are provided in both mesh and point cloud formats
[15]. For mesh-based supervision, indicator grids are computed using the spectral method

from DPSR [10], allowing differentiable training with continuous shape representations.

Each case also includes a margin line extracted from the crown through boundary edge
detection, interpolation, and optimal point ordering [110]. This process produces uniformly
sampled points per crown that serve as geometric constraints during training to enforce

boundary level accuracy.

To improve model generalization, the dataset is augmented ten-fold using rigid 3D transfor-
mations applied to the entire setup. These include random translations of +£0.2 mm along
each axis, isotropic scaling from 0.8x to 1.2x, and rotations of +0.35 radians around each
principal axis. All augmentations preserve anatomical relationships to ensure consistency

during training [15].

7.4.2 Methods
Network Architecture

Our approach builds upon the end-to-end supervised framework previously published in [15],
which takes partial point cloud context as input and generates missing dental regions in mesh
format using a transformer-based encoder-decoder architecture integrated with differentiable
Poisson surface reconstruction (DPSR). The baseline architecture details are provided in our

previous work [15].

Margin Line Integration

We extend this framework to incorporate margin line data as additional input, building
upon our previous demonstration of margin line integration benefits in point-based crown
generation [86]. As shown in section (a) of Figure 7.2, the enhanced input specification
includes: (1) master arch context containing the prepared tooth (die) and two adjacent teeth,
(2) antagonist arch information providing opposing teeth geometry for spatial relationship
modeling, and (3) margin line geometry extracted as a spline curve and uniformly sampled

points representing the critical crown-tooth interface.

The margin line integration requires preprocessing to ensure geometric compatibility with the

transformer architecture. Margin line points are concatenated with the master arch context
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Figure 7.2 Dental crown generation framework. Building upon our published architec-
ture [15], the framework incorporates two novel enhancements: (a) margin line input in-
tegration and (b) spatial constraint loss functions comprising antagonist interaction loss and
intersection loss for anatomically valid generation. Red dashed boxes highlight the novel
contributions, while gray components represent the baseline architecture.

points, creating a unified input representation that preserves both spatial context and critical
boundary constraints. For training supervision, the margin line points extracted from the
ground truth crown are concatenated with the ground truth crown point cloud, ensuring the
network learns to predict both crown geometry and accurate margin line positioning. This
multi-modal input and supervision strategy enables the network to explicitly consider mar-
gin line constraints during crown generation, improving fitting accuracy and clinical viability.
The enhanced input processing accommodates the increased input dimensionality while en-
suring that margin line constraints are propagated through the feature representations during

encoding and subsequent crown prediction.

While the input specification improves geometric constraints, ensuring anatomically valid
crown generation requires additional spatial constraint losses, as described in the following

sections.
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Loss Function

Our framework employs morphology losses from our published work [15] enhanced with

spatial constraint terms for proper occlusal relationships and collision avoidance.

Morphology Loss The morphology reconstruction employs two loss components from
our previous work [15]. The InfoCD loss [154] is a contrastive Chamfer distance designed
to enhance point cloud completion by improving alignment between predicted and ground
truth point clouds through mutual information and contrastive learning principles. The
second component minimizes the Ly distance between predicted and ground truth indicator
functions derived from Poisson PDE solutions [10], ensuring accurate surface reconstruction
through a Mean Square Error (MSE) loss on the indicator grid. Detailed mathematical

formulations for these morphology losses are provided in our previous publication [15].

Beyond these morphology constraints, our framework introduces two spatial constraint losses
to address clinical requirements for proper occlusal relationships and collision avoidance, as
illustrated in Section (b) of Figure 7.2.

Spatial Losses

Antagonist Interaction Loss The antagonist interaction loss ensures optimal occlusal
contact relationships between the generated crown and opposing dentition by minimizing the
difference in spatial proximity patterns between predicted and ground truth crowns relative to
the antagonist teeth. Let P,..q € RYV*® denote the predicted crown point cloud, P, € RV*3
represent the ground truth crown point cloud, and A € RY*3 denote the antagonist tooth
point cloud sampled to size N. The symmetric Chamfer 1.1 distance between point sets X
and Y is defined as:

CDpi(X,Y) ‘X| Z mlnHl’ ylh + |Y| Z mlnHy—le (7.1)

The antagonist interaction loss is then formulated as:
Lantagonist = |CDL1 (Ppreda A) - CDLl (Pgt7 A)| (72)

This loss function encourages the predicted crown to maintain the same spatial relationship
with the antagonist teeth as observed in the ground truth, ensuring clinically appropriate

occlusal engagement. The computational procedure is detailed in Algorithm 1.
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Algorithm 1 Antagonist Interaction Loss Function.

1. Input: Predicted crown point cloud P;, Ground truth crown point cloud G;, Antagonist

tooth point cloud A;, Number of points N
2. Output: Loss Ljyer
3. for each batch i in B do
4. Sample N points from A; using farthest point sampling: A; v = FPS(A;, N)
5. Compute Chamfer L1 distance: D,..q = CDp1(F;, Ain)
6. Compute Chamfer L1 distance: Dy = CDp1(Gy, Ain)
7. Compute interaction loss: Linieri = |Dpreda — Dyt

8. end for

Intersection Loss Function The intersection loss prevents crown penetration into adja-
cent teeth by enforcing consistent interpenetration patterns between predicted and ground
truth crowns relative to the master arch context. This loss leverages pre-computed intersec-
tion measurements that quantify the spatial relationship between crowns and adjacent dental

structures.

During preprocessing, we compute intersection measurements for each ground truth case by
analyzing the interpenetration between the crown and master arch using PSR field analysis.
The crown and context are normalized to a common coordinate space, and their respective
PSR fields are computed using differentiable Poisson surface reconstruction [10]. Intersection
regions are identified where both PSR fields indicate solid material (¢erown < 7 and Yeontest <
7, where 7 is the threshold). These intersection points are separated into left and right regions
using principal component analysis (PCA) along the master arch’s oriented bounding box
axis. For each side, we compute the interpenetration distance (smallest extent of the oriented
bounding box (OBB)) and the intersection area (product of the two larger extents). During
training, corresponding intersection measurements are computed for predicted crowns using
the same methodology. The intersection loss employs Mean Square Error (MSE) between

ground truth and predicted measurements:

Lintersection = MSE(db™? @S+ MSE(d%“?, d%) +a[MSE(AY? | A9 +MSE(A%“, A% (7.3)
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where dj,dgr represent left and right interpenetration distances, A, Ar represent left and
right intersection areas, and a = 0.01 is an area weighting factor. The computational proce-
dure is detailed in Algorithm 2.

Algorithm 2 Intersection Loss Function.

1. Input: Predicted crown points Pp.eq, crown normals Nepoyn, context points Proptext,
context normals Neopert, pre-computed context PSR field ©eonteqt, ground truth (GT)

; ; gt g9t A9t 9t
intersection measurements (df ,d%, A7, A%)

[\

. OUtPUt: LOSS Lintersection
3. for each case 7 in batch do

4.  Compute normalization bounds from crown and context points

Pp,req—min bound
max bound—min bound+1

5. Normalize crown points: P,omm =
6. Compute crown PSR field: ¥¢rown = DPSR(Prorm, Nerown)

7. Build the 3D surface reconstruction grid

8.  Find intersection mask: M = (V¥erown < 7) A (Veontext < T)

9.  Extract intersection points and denormalize to original coordinates

10.  Separate intersection points into left and right regions using PCA along context OBB

axis
11.  Compute oriented bounding boxes for left and right intersection regions
12.  Extract interpenetration distances: d2?, d% " (smallest OBB extents)
13.  Extract intersection areas: A7 AP (product of two larger OBB extents)
14.  Compute MSE losses for each measurement component
15. end for

16. Return weighted sum: Linersection = MSE(dr) +MSE(dr)+0.01[MSE(Ay) + MSE(ARg)]
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Each spatial constraint loss addresses specific anatomical requirements in crown generation.
The antagonist interaction loss ensures proper occlusal relationships with opposing dentition,
while the intersection loss prevents crown penetration into adjacent structures. Combined
with margin line input integration, these individual components demonstrate the potential
for addressing fundamental limitations in automated dental crown generation, establishing

building blocks for clinically viable crown design systems.

7.5 Experimental Setup

Implementation : Our framework is implemented in PyTorch using the AdamW opti-
mizer (learning rate: 5e-4, batch size: 4) on an NVIDIA A100 GPU. Training requires 250
epochs ( 22 hours) with intersection loss activated after epoch 170 to allow basic geometry

establishment before spatial constraint enforcement.

Training strategy : Due to computational constraints, we evaluate our contributions us-
ing two training configurations: (1) baseline with margin line input and antagonist interaction
loss, and (2) baseline with intersection loss. All loss components use equal weighting within

each configuration.

Parameters : Key parameters include PSR grid resolution (128%), intersection threshold

(1 =0.1), and area weighting factor (o = 0.01).

Evaluation metrics : We assess performance using Chamfer distances (C D1, C'Dpo)
between predicted and ground truth point clouds, and Mean Square Error (MSE) on indicator
grids for mesh reconstruction accuracy. Spatial constraints are validated through distance

and area MSE metrics corresponding to the terms in Equation 7.3.

7.6 Performance evaluation

Our evaluation demonstrates the effectiveness of the enhanced framework through compre-
hensive analysis across three key areas: systematic performance improvements, margin line

integration analysis, and spatial constraint loss validation.
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7.6.1 Overall framework performance

We evaluate our framework through systematic component analysis, demonstrating consistent
improvements from our initial point-based approaches to the current enhanced framework.
Our evaluation demonstrates the geometric accuracy improvements achieved through each

contribution.

Table 7.1 presents our research progression in geometric accuracy, highlighting how each
methodological advancement builds upon previous work while addressing specific limitations.
The evolution from point-based to mesh generation approaches demonstrates consistent im-

provement across all evaluation metrics.

Table 7.1 Geometric accuracy progression and margin line integration impact. Evaluation
metrics are C'Dy,, CDy, (multiplied by 1000; lower is better), L1 distance, and MSE (lower
is better).

Method CD-L1(]) CD-L2(}) L1(l) MSE (1))
Pointr + Margin Line [86] 67.01 19.32 0.0151 -
DMC [92] 62.41 17.06 0.0127  0.0028
Personalized Framework [15] 61.34 15.35 0.0103  0.0025
Personalized Framework + Margin as Input 42.01 5.60 0.0078 0.0015

The most substantial advancement comes from reformulating margin line data as direct
network input rather than loss supervision, yielding a 31.5% improvement in CD-L1 (61.34
— 42.01). This architectural decision fundamentally changes how the transformer processes
critical boundary constraints, enabling immediate geometric constraint incorporation during

feature extraction rather than relying solely on gradient-based supervision.

Building upon this geometric foundation, we evaluate our spatial constraint innovations
through focused experimental approaches that isolate individual component effects due to
computational constraints. Table 7.2 presents systematic analysis of our spatial constraint
losses, demonstrating their impact on geometric accuracy when applied to the Personalized
Framework (CD-L1: 61.34) as our baseline.

Table 7.2 Spatial constraint modeling evaluation. Individual assessment of intersection and
antagonist interaction losses compared to baseline framework. Evaluation metrics are CDy,,
CDy, (multiplied by 1000; lower is better), L1 distance, and MSE (lower is better).

Method CD-L1 (J) CD-L2 (}) L1() MSE ({)
Baseline + Intersection Loss 5&8.80 14.41 0.0095 0.0023
Baseline + Antagonist Loss 41.18 5.40 0.0070 0.0011
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The intersection loss provides measurable enhancement (61.34 — 58.80 CD-L1), demon-
strating its effectiveness in preventing crown penetration into adjacent teeth. The antagonist
interaction loss achieves more substantial improvement (61.34 — 41.18 CD-L1) by optimizing

occlusal contact relationships with opposing dentition.

Our optimal achievable combination integrates the most effective components from both
morphological and spatial constraint enhancements. Table 7.3 presents our best performance

alongside comparisons with state-of-the-art methods.

Table 7.3 Final framework performance and comparison with state-of-the-art methods. All
metrics: lower is better.

Method CD-L1(}) CD-L2(]) L1(}) MSE (])
ToothCR [84] 64.01 17.41 0.0120  0.0024
DCrownFormer [141] 59.38 15.22 0.0109  0.0022
Enhanced Framework (Margin + Antagonist) 38.04 4.67 0.0068 0.0010

Our enhanced framework significantly outperforms both state-of-the-art methods across all
metrics, achieving 35.9% and 40.6% improvements in CD-L1 over DCrownFormer and ToothCR
respectively. CD-L2 shows 69.3% and 73.2% improvements, while MSE demonstrates 54.5%
and 58.3% improvements. The complete progression from our initial point-based approach
(CD-L1: 67.01) to our enhanced framework (CD-L1: 38.04) represents a 43.3% improve-
ment, validating the effectiveness of systematic component integration and spatial constraint

modeling for automated dental crown generation.

7.6.2 Margin line integration analysis

The margin line represents the critical interface between the crown and prepared tooth, di-
rectly impacting restoration fit, durability, and patient comfort. To evaluate the impact of
margin line integration, we extract margin lines from predicted crown meshes under two
conditions: with margin line input (where margin line data was provided to the model along-
side master and antagonist arches) and without margin line input (where only master and
antagonist arch data was provided). The margin line extraction follows the same procedure

used for ground truth data, ensuring consistent comparison methodology.

Distance analysis employs Chamfer distance computation between extracted predicted mar-
gin lines and ground truth margin lines. For each test case, we construct k-d trees for both
ground truth and predicted margin line points, computing bidirectional nearest neighbor
distances. The comprehensive distance metrics include maximum, minimum, average, and

standard deviation values, providing complete characterization of margin line accuracy across
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the entire crown boundary.

Figure 7.3(a) demonstrates the substantial impact of margin line integration across all test
cases. The case-by-case analysis reveals that margin line input consistently reduces predic-
tion errors, with particularly notable improvements in maximum distance errors. Without
margin input, the framework exhibits significant variability in performance, with maximum
distances reaching up to 7.326 mm and several cases showing substantial outliers. In contrast,
the framework with margin input maintains more consistent performance with maximum dis-

tances typically below 1.161 mm.

The distribution analysis (Figure 7.3(b)) further confirms the effectiveness of margin line
integration, showing a clear shift toward lower error values with reduced variance. This
improvement translates directly to clinical benefits: better crown fit reduces the need for
manual adjustments, improves restoration longevity, and enhances patient comfort through

more precise margin adaptation.

The quantitative analysis in Table 7.4 reveals significant improvements across all metrics. The
average distance error decreases from 0.5759 mm to 0.3964 mm (31.2% improvement), while
the standard deviation reduces dramatically from 0.2770 to 0.1152 mm (58.4% reduction),
indicating substantially improved consistency. Most importantly, the maximum distance
error decreases by 46.3%, demonstrating enhanced precision in critical boundary regions

where crown-tooth interface accuracy is paramount.

Table 7.4 Impact of margin line integration on crown generation accuracy. All distance
measurements in millimeters (mm).

Metrics Without Margin Input With Margin Input
Max Distance 1.3729 0.7376
Min Distance 0.2527 0.2368
Average Distance 0.5759 0.3964
Std Distance 0.2770 0.1152
Median Distance 0.5121 0.3716

To further illustrate the qualitative impact of margin line integration, Figure 7.4 presents

visual comparisons of crown mesh predictions in three representative cases.

These quantitative and qualitative results demonstrate that direct margin line integration
significantly enhances crown generation accuracy and consistency, providing the boundary

precision essential for clinical deployment.
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Figure 7.3 Impact of margin line integration on crown generation accuracy. (a) Case-by-case
comparison showing consistent improvement with margin line input across all test cases, and

(b) distribution analysis demonstrating improved consistency and reduced error variance.
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Figure 7.4 Qualitative comparison of crown mesh predictions across three representative
cases. Each row shows ground truth, prediction without margin line input, and prediction
with margin line input. The visual comparison demonstrates improved crown morphology,
boundary accuracy, and overall geometric fidelity when margin line information is included
in the model’s input specification.

7.6.3 Spatial constraint loss evaluation
Antagonist interaction loss

Geometric performance evaluation The antagonist interaction loss ensures optimal oc-
clusal contact relationships between the generated crown and opposing dentition by enforcing
consistent spatial proximity patterns. To evaluate occlusal accuracy, we computed point-wise
distances between predicted crown point clouds and corresponding antagonist mesh surfaces
using Open3dD, uniformly sampling 10,000 points on each antagonist mesh. This evaluation
was conducted for crowns generated with and without the proposed interaction loss, as well

as for ground truth crowns.

Figure 7.5a illustrates the distribution of average crown-to-antagonist distances across three
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groups. The model trained without the interaction constraint predicts crowns with larger
occlusal distances compared to ground truth. In contrast, predictions with interaction loss
exhibit improved antagonist alignment, resulting in a 9.51% average reduction in occlusal

distance and enhanced geometric stability.

The per-case analysis in Figure 7.5b demonstrates consistent improvements across the dataset,
with predictions using interaction loss consistently closer to ground truth than baseline pre-
dictions. Figure 7.5¢ shows the top ten cases with improvements exceeding 15%, with the

best case achieving over 21% reduction.

To evaluate clinical relevance, we performed occlusal contact classification using implicit
distance field computation. Following established clinical protocols [155], we used a three-
class system: Class 1 (+0.02 to 0 mm) indicates planned contacts, Class 2 (0 to -0.02 mm)
represents light premature contact, and Class 3 (< -0.02 mm) signifies heavy premature

contact requiring adjustment.

Analysis across the complete dataset reveals substantial improvements with interaction loss
integration. Baseline predictions showed concerning outcomes with the majority falling into
Class 3 (heavy premature contact), while interaction loss integration demonstrated mea-
surable improvement with increased Class 1 contacts and reduced Class 3 cases. Figure 7.6
illustrates this impact, showing that baseline predictions exhibit extensive premature contact
areas, while predictions with antagonist interaction loss demonstrate substantially reduced

premature contact zones that more closely approximate ground truth distributions.

These findings demonstrate that the antagonist interaction loss provides both geometric
accuracy improvements and clinically relevant contact optimization, reducing the likelihood

of premature contacts requiring post-generation adjustments in clinical practice.

Functional performance evaluation To address the clinical relevance of our spatial con-
straints beyond geometric accuracy, we employ the functional evaluation methodology estab-
lished by Hwang et al. [1]. This approach evaluates crown functionality through penetration
analysis and contact point assessment, measuring clinical viability rather than geometric
similarity. While the original work used 2D depth images with gap distance reconstruction,
we apply these penetration analysis principles to our 3D mesh data by computing crown-
to-antagonist distances using PyVista’s implicit distance calculation between crown point

clouds and antagonist mesh surfaces.

We implement penetration analysis by identifying crown points with negative distances rela-
tive to antagonist surfaces, indicating functional failures requiring clinical intervention. This

follows the established principle that crowns penetrating opposing teeth represent clinical
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(a) Ground Truth (b) Without Interaction (c) With Interaction

Figure 7.6 Occlusal contact analysis across three representative cases showing implicit dis-
tance visualization between crown and antagonist surfaces. Color deviation maps were gen-
erated, ranging from red (heavy premature contact, Class 3) to blue (loss of contact, Class
1) for convenient visual inspection. The color bar indicates the full visualization range (—0.2
to +0.2 mm), while classification is based on clinically relevant thresholds (£0.02 mm). Blue
regions indicate loss of contact (Class 1), green/yellow regions show light premature contact
(Class 2), and red regions indicate heavy premature contact requiring adjustment (Class 3).
Exact numerical values were also examined for quantitative analysis.
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unusability. For contact assessment, we quantify crown points within 0.5mm of antagonist
surfaces, representing functional contact zones based on established dental proximity thresh-

olds from clinical practice.

We analyze three conditions: ground truth crowns, predictions without antagonist interaction
loss (Without Interaction), and predictions with antagonist interaction loss (With Interac-
tion). Each crown is evaluated against its corresponding antagonist tooth using the binary

failure criterion that any penetrating crown is clinically unusable.

Table 7.5 Functional performance evaluation using Hwang et al. [1] methodology adapted
for 3D crown generation. Contact area represents percentage of crown points within 0.5mm
functional threshold.

Method Penetration Rate (%) Avg Contact Points Contact Area (%)
Ground Truth 25.0 1,357 14.24
Without Interaction 62.5 2,980 12.81
With Interaction 37.5 630 10.93

The functional evaluation reveals significant challenges in automated crown generation that
geometric metrics alone cannot capture. Ground truth crowns demonstrate a 25.0% penetra-
tion rate, reflecting the inherent difficulty in achieving optimal crown-antagonist relationships
even in professionally designed restorations. Our baseline approach (Without Interaction)
exhibits 62.5% penetration rate, indicating substantial functional deficiencies despite geo-
metric accuracy. The enhanced framework with antagonist interaction loss achieves 37.5%

penetration rate, representing a 40% reduction in functional failures compared to the baseline.

Contact point analysis demonstrates the trade-offs inherent in functional optimization. Ground
truth crowns maintain 1,357 average contact points (14.24% contact area), establishing the
reference standard for functional contact patterns. The baseline method generates excessive
contact with 2,980 points (12.81% area), contributing to higher penetration rates. Our en-
hanced framework produces more conservative geometries with 630 contact points (10.93%

area), prioritizing penetration avoidance while maintaining functional contact zones.

This functional evaluation demonstrates the necessity of clinical validation beyond geometric
accuracy metrics. While our geometric improvements show enhanced spatial relationships
(9.51% distance reduction), the functional analysis reveals that clinical viability requires
explicit constraint modeling. The antagonist interaction loss creates more conservative crown
geometries that reduce penetration risk, achieving a 40% reduction in functional failures
compared to baseline methods. The trade-off between contact area and penetration avoidance
is evident in our results, where reduced contact points (630 vs 2,980) correlate with lower
penetration rates (37.5% vs 62.5%).
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Direct comparison with Hwang et al. [1] is not feasible since they evaluated hard test cases
with 100% human failure rates on single tooth position (36), while our evaluation covers
standard clinical cases across multiple tooth positions. The substantial penetration reduction
in our study validates that spatial constraint integration provides measurable functional

benefits, establishing a foundation for clinically viable automated crown design systems.

Intersection loss analysis

The intersection loss function addresses the critical challenge of crown penetration into adja-
cent dental structures by enforcing consistent spatial relationships between predicted crowns
and the surrounding master arch context. Unlike the antagonist interaction loss, the goal of
the intersection loss function is not to minimize the interpenetration between the shell and
its context. In the case of adjacent intersection, loss of contact would be considered a failure,
as adjacent contact is required to prevent various complications [142]. The intersection loss
therefore aims to ensure an appropriate contact between the crown and the adjacent teeth,
similar to the one observed for the ground truth shell. We evaluate three key metrics cor-
responding to Equation 7.3: left area MSE and right area MSE quantify intersection area
estimation precision on respective sides, while total intersection MSE provides overall spatial

constraint effectiveness. All MSE values are computed in area units (mm?).

Figure 7.7 compares baseline training (250 epochs without intersection loss) and training
with intersection loss activation (after epoch 170). Both left and right area MSE demon-
strate reduced median values when the constraint is active, while the total intersection MSE

validates the effectiveness of the weighted combination approach.

To assess constraint effectiveness, we analyze spatial relationships between crowns and adja-
cent teeth using implicit distance computation with a three-class proximal contact classifica-
tion: Class 1 (> 0 mm) indicates loss of contact, Class 2 (0 to -0.02 mm) represents optimal

contact, and Class 3 (< -0.02 mm) indicates heavy contact requiring clinical adjustment.

Figure 7.8 reveals that ground truth crowns exhibit complex, spatially varied contact patterns
reflecting natural anatomical relationships. Baseline predictions show simplified contact re-
gions, while crowns generated with active constraints demonstrate more controlled patterns

that better approximate ground truth complexity.

Distance heat mapping in Figure 7.9 shows that ground truth crowns exhibit complex dis-
tance patterns with ranges varying from 1.08-4.29 mm, 1.87-7.42 mm, and 1.39-5.39 mm
across the three cases. Baseline predictions demonstrate uniform spacing patterns, while

crowns generated with active constraints exhibit distance patterns that better approximate
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Figure 7.8 Implicit distance analysis between crown and master arch context across three
representative cases. Each row shows ground truth, prediction without constraint, and pre-
diction with constraint active. The color map indicates contact intensity classification with
visualization range (—0.2 to +0.2 mm): Class 1 (> 0 mm) shows loss of contact, Class 2
(0 to -0.02 mm) represents contact as planned, and Class 3 (< -0.02 mm) indicates heavy
intensity contact.
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surfaces, with distance ranges varying across cases to reflect natural anatomical variation.
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ground truth complexity, showing improved spatial relationship control with adjacent dental

structures.

The intersection loss function effectively establishes anatomically appropriate spatial rela-
tionships between predicted crowns and adjacent dental structures. The quantitative MSE
improvements combined with qualitative enhancements demonstrate the clinical viability of
the proposed constraint-based learning approach, with consistent reduction in intersection
area errors and improved contact classification patterns supporting the effectiveness of inte-

grating spatial constraints into the training process.

7.7 Discussion

Our dental crown generation framework demonstrates significant advancement through the
systematic integration of margin line input and spatial constraint losses. We achieve sub-
stantial improvements over state-of-the-art methods, validating our hypothesis that explicit
spatial relationship modeling is essential for automated crown generation approaching clinical
standards. These improvements reflect limitations in existing approaches that lack explicit
constraint mechanisms and rely solely on geometric reconstruction without considering crit-

ical boundary relationships or inter-tooth dependencies.

The most transformative contribution emerges from integrating margin line data as direct
network input rather than loss supervision. This architectural decision fundamentally changes
how the transformer processes critical boundary constraints. While loss-based supervision
provides only indirect guidance through gradient backpropagation, input integration enables
immediate geometric constraint incorporation during feature extraction and spatial atten-
tion mechanisms. This enhanced attention to boundary regions translates to substantially
improved geometric precision and reliability across diverse anatomical configurations, with
significant reductions in maximum distance errors (46.3% reduction) and variability (58.4%

reduction) at the crown-tooth interface.

Building upon this foundation, our constraint losses address the challenge of establishing
proper 3D relationships within the dental arch. The antagonist interaction loss corrects spa-
tial positioning relative to opposing dentition through Chamfer distance comparison, achiev-
ing improved occlusal distance alignment (9.51% geometric improvement). However, our
functional evaluation reveals that geometric improvements alone are insufficient for clini-
cal deployment. The functional analysis demonstrates that the antagonist interaction loss
provides clinically meaningful benefits, reducing penetration rates from 62.5% to 37.5%—a

40% reduction in functional failures. This substantial improvement validates that spatial
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constraints target clinically relevant relationships rather than merely optimizing geometric

similarity metrics.

The functional evaluation illuminates the fundamental challenge in automated crown gen-
eration: balancing geometric accuracy with clinical viability. While our enhanced frame-
work achieves superior geometric performance (35.9-40.6% improvements over state-of-the-
art methods), the functional analysis reveals that even ground truth crowns demonstrate
25% penetration rates, highlighting the inherent complexity of crown-antagonist relation-
ships. The trade-off between contact area and penetration avoidance is evident in our re-
sults, where the antagonist interaction loss creates more conservative geometries (630 vs 2,980

contact points) that prioritize functional viability over extensive occlusal contact.

The intersection loss function prevents crown penetration into adjacent structures through
PSR field-based modeling. Critical design decisions include balancing PSR grid resolution
between precision and computational tractability, and selecting intersection thresholds that
avoid false positives while ensuring reliable detection. The progressive activation strategy
after initial training epochs reflects a key insight: early predicted geometries lack sufficient
tooth-like characteristics for meaningful constraint optimization, making delayed activation

essential for stable learning.

The choice to employ different methodologies for adjacent versus antagonist interactions re-
flects distinct geometric characteristics of these relationships. Adjacent intersection analysis
benefits from oriented bounding box computation providing interpretable measurements and
consistent results less sensitive to point sampling randomness. In contrast, antagonist interac-
tions involve multiple dispersed contact areas requiring Chamfer distance metrics to capture
complex distributed contact patterns. This dual-methodology approach optimizes each con-
straint type for its specific geometric context while demonstrating that both geometric and

functional improvements can be achieved simultaneously.

Several implementation considerations shaped our methodology. Loss function weights were
balanced to achieve similar scales across components, ensuring stable training convergence.
The PSR-based intersection approach demonstrates potential for broader constraint appli-
cations beyond dental crown generation. While computational constraints required separate
evaluation of loss components, results show that margin line integration combined with spa-
tial constraints achieves performance that addresses both geometric accuracy and functional

requirements.

The systematic integration of these innovations establishes a foundation for clinically vi-
able automated crown generation. The framework addresses limitations in existing methods

by explicitly modeling relationships during generation rather than as post-processing correc-
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tions. The functional evaluation methodology demonstrates the necessity of clinical validation
beyond geometric accuracy metrics, establishing that automated crown design must be eval-
uated for clinical viability rather than solely geometric similarity. While current predictions
exhibit characteristic neural network smoothness lacking fine-scale morphological details, the
substantial improvements in both geometric precision and functional performance establish
a foundation for automated dental crown design systems approaching clinical deployment

standards.

Future work should focus on addressing the remaining functional challenges while maintain-
ing geometric accuracy. The trade-off between penetration avoidance and adequate contact
distribution suggests that multi-objective optimization approaches may be necessary to bal-
ance these competing functional requirements. Additionally, computational efficiency im-
provements through octree-based spatial data structures could reduce processing time while
maintaining accuracy. Integration of fine-scale morphological details through alternative sur-
face refinement approaches could enhance clinical acceptance while preserving the functional

benefits demonstrated by our spatial constraint modeling.

7.8 Conclusion and Future Work

This work demonstrates that integrating spatial constraints significantly improves automated
dental crown generation. Our key innovations, margin line input integration and spatial con-
straint losses, successfully address major limitations in existing approaches. The results show
substantial improvements in geometric accuracy, validating that explicit spatial modeling is

essential for clinical viability.

The framework achieves both precise geometric fit and proper spatial relationships while
maintaining computational efficiency. These improvements, combined with reduced manual
adjustment requirements, demonstrate practical viability for deployment in dental laborato-

ries.

Beyond technical contributions, this approach could transform dental restoration workflows
by reducing manual design time, improving consistency across technicians, and enabling
more accessible high-quality dental care. The spatial constraint modeling principles extend

to broader medical device design and anatomical modeling applications.

Future work will focus on computational efficiency improvements through octree-based spa-
tial data structures [145], which can reduce processing time while maintaining precision.
Additionally, investigating methods to incorporate fine-scale morphological details such as

grooves and cusps remains important. This could involve learning-based approaches that
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capture surface patterns from training data or analytical methods such as spherical har-
monics [130] that provide precise morphological control through mathematical formulations.
These developments would enhance surface realism and advance geometric modeling in com-

puter vision applications.
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CHAPTER 8 GENERAL DISCUSSION

This thesis addresses the fundamental challenge of automated dental crown generation by
developing integrated frameworks that simultaneously achieve morphological precision and
functional constraint satisfaction. The research establishes four critical innovations that
collectively transform dental crown generation from basic shape completion to comprehensive

clinical deployment capability.

The morphological contributions represent fundamental advances in achieving precision re-
quired for dental applications. The transformer encoder-decoder architecture brings critical
advantages through attention mechanisms particularly suited for complex geometric relation-
ships in dental applications. Self-attention mechanisms allow networks to capture long-range
dependencies across entire dental arches, permitting models to understand how crown design
decisions in one region affect spatial relationships with distant anatomical structures. Cross-
attention mechanisms facilitate effective integration between input dental context and target
crown geometry, supporting simultaneous consideration of multiple anatomical constraints
during generation. Unlike convolutional approaches that process local neighborhoods, the
global receptive field of transformers provides comprehensive understanding of spatial rela-

tionships essential for crown design within complete oral environments.

Building upon this foundation, the development of end-to-end mesh generation through differ-
entiable Poisson surface reconstruction represents a breakthrough in eliminating error accu-
mulation inherent in traditional multi-stage pipelines. The central innovation lies in viewing
3D crown shapes as implicit indicator functions that are one inside the object and zero out-
side, rather than as explicit meshes or discrete voxels. By making classical Poisson surface
reconstruction differentiable and embedding it as a layer within the transformer encoder-
decoder architecture, the framework allows networks to learn vector fields whose divergence
defines the indicator function. This integration of physics-based partial differential equations
with deep learning provides mathematical rigor while facilitating end-to-end training that

directly connects raw dental point clouds to high-quality mesh surfaces.

The integration of transformer architectures with explicit margin line constraints constitutes
a paradigmatic shift in automated crown generation. Rather than treating boundary fitting as
a post-processing concern, this research demonstrates how critical geometric constraints can
be embedded directly into attention mechanisms through architectural integration of margin
line data as direct network input rather than loss supervision. This approach permits imme-

diate geometric constraint incorporation during feature extraction, ensuring that boundary



110

precision becomes integral to the generation process rather than an external constraint.

The introduction of contrastive Chamfer distance loss demonstrates how traditional geometric
metrics can be enhanced through contrastive learning principles to achieve superior point
distribution quality. This innovation addresses the critical challenge of maintaining geometric
accuracy while ensuring uniform surface coverage, representing a significant advancement in

loss function design for 3D generation applications.

However, morphological precision faces fundamental limitations from the inherent smooth-
ness characteristics of transformer-based outputs, which compromise prediction of intricate
surface features such as cusps, grooves, and surface textures essential for proper dental func-
tion. The DPSR integration encounters limitations in grid resolution trade-offs, where higher
resolutions facilitate better detail capture but substantially increase computational require-
ments. The method’s dependence on well-oriented point clouds with accurate normal vectors
creates vulnerability when transformer-generated points lack sufficient detail, while DPSR’s
assumption of watertight manifold surfaces does not always align with complex dental ge-

ometries.

While these morphological advances establish the foundation for precise crown generation,
the functional requirements present equally critical challenges. The functional contributions
represent a comprehensive integration of spatial relationship modeling in automated crown
generation, addressing the critical gap that existing approaches ignore spatial constraints
essential for restoration viability. The intersection loss introduces a novel approach to regu-
late spatial relationships between crowns and adjacent teeth that goes beyond simple overlap
penalization. Instead of merely preventing overlap, which could create gaps and compromise
required contact, the method uses Poisson Surface Reconstruction fields to measure crown
interpenetration with master arches. The innovation computes interpretable geometric quan-
tities including interpenetration distance and contact area using oriented bounding boxes,
training models to match these measurements to ground truth crowns and learn anatomically

correct proximal contact.

The antagonist interaction loss addresses occlusal relationships through fundamentally dif-
ferent approaches than traditional geometric constraints. Rather than enforcing rigid contact
requirements, the method measures similarity between spatial proximity patterns of predicted
crowns and ground truth relative to antagonist arches using Chamfer distance-based discrep-
ancy. This allows networks to learn crown morphology adjustments that match functional
patterns observed in ground truth crowns, representing a conceptual shift from post-hoc

spatial validation to integrated guidance during training.

These functional innovations establish automated crown generation as capable of addressing
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comprehensive restoration workflows, moving beyond geometric similarity to ensure proper
integration within dental arch contexts. The demonstrated improvements in spatial relation-
ship modeling represent a systematic approach to incorporating functionality requirements

in automated dental design systems.

Nevertheless, functional constraint modeling faces limitations in computational complexity,
where PSR-based intersection detection requires careful threshold tuning to balance false pos-
itive detection against missing actual penetrations. Balancing multiple loss function weights
across different spatial relationship types adds optimization complexity requiring careful tun-
ing for different anatomical configurations without systematic approaches for parameter se-

lection.

Beyond these architectural and computational challenges, the framework faces data-related
limitations that impact its training and generalization capabilities. The supervised learning
approach depends on training data consisting of prepared teeth paired with their correspond-
ing expert-designed crowns. Acquiring such data requires significant time and expertise, as
each crown must be professionally designed by dental technicians. This limits the size and
diversity of available training datasets, potentially constraining the model’s exposure to the
full range of morphological variations—such as different cusp patterns and groove forma-

tions—present across patient populations.

Additionally, the framework was designed and trained within a specific anatomical context:
the prepared tooth with two adjacent teeth and nearest neighbor teeth from the antagonist
arch. This contextual definition was deliberately chosen to enable simultaneous optimization
of morphological and functional objectives. By including bilateral adjacent teeth, the model
can control contact points and prevent crown interference from both sides, while antagonist
teeth enable learning of proper occlusal relationships. This context confines the model to
generate crowns that fit precisely within the defined spatial constraints without penetrating
adjacent or antagonist structures. However, the framework’s performance under alternative
contextual configurations—such as scenarios with single adjacent teeth or different spatial ar-
rangements—remains unexplored, potentially limiting its applicability across diverse clinical

situations.
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CHAPTER 9 CONCLUSION

The literature review revealed critical gaps in existing approaches: the absence of integrated
frameworks addressing both geometric accuracy and spatial relationships, and the lack of

methods incorporating functionality restrictions essential for restoration viability.

Through four progressive innovations detailed in the preceding chapters, this research sys-
tematically addressed these limitations. The development progressed from transformer-based
point completion with margin line integration, through end-to-end mesh generation via differ-
entiable Poisson surface reconstruction and advanced loss functions, to comprehensive spatial
constraint modeling. This progression directly confronted the dual challenge identified in the
literature, transforming crown generation from isolated shape completion to comprehensive

spatial relationship modeling.

The research validates that integrated frameworks can successfully achieve both morpholog-
ical precision and functional constraint satisfaction. Our work demonstrates substantial per-
formance improvements over state-of-the-art methods, achieving 35.9-40.6% improvements
in geometric accuracy with boundary errors reduced from 1.37 to 0.74 mm and 31.2% im-
provement in margin line precision. These results confirm that explicit spatial relationship
modeling addresses the fundamental challenges preventing practical deployment of automated
crown generation systems. The detailed analysis of contributions and limitations appears in

the General Discussion chapter.

9.1 Future Work

The inherent smoothness of transformer architectures compromises fine-scale morphological
detail capture, representing the most critical limitation requiring immediate attention. Devel-
oping hybrid generative approaches that combine transformer-based global shape generation
with specialized detail refinement modules would address this challenge. Generative adver-
sarial networks or diffusion models could add surface features such as cusps, grooves, and
natural textures while preserving the learned spatial constraints that ensure functional viabil-
ity. Alternatively, analytical approaches using spherical harmonics or procedural modeling
techniques could provide precise control over surface features with reduced computational
complexity while maintaining the mathematical smoothness properties essential for manu-

facturing.

The computational burden of DPSR grid resolution creates memory-performance trade-offs
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that limit practical deployment. Implementing octree-based spatial data structures would
enable adaptive resolution allocation, concentrating computational resources in geometrically
complex regions while using coarser representations in uniform areas. This optimization
would maintain reconstruction quality while dramatically reducing memory requirements

and processing time.

Threshold sensitivity in PSR-based intersection detection requires careful manual tuning to
balance false positive and false negative penetration detection. Replacing threshold-based
methods with learning-based approaches that automatically recognize valid spatial relation-
ships would eliminate parameter sensitivity while improving robustness. Alternative geo-
metric representations for penetration detection, such as signed distance fields or collision
detection algorithms, could provide more reliable functional constraint enforcement without

extensive parameter tuning.

The dependency on supervised learning with expert-designed crown pairs limits dataset
size and diversity, constraining exposure to the full spectrum of morphological variations
across patient populations. Developing semi-supervised or unsupervised pattern learning
approaches that extract surface feature characteristics from partially labeled or unlabeled
datasets would reduce this dependency while capturing natural anatomical variations in cusp

patterns and groove formations underrepresented in curated datasets.

While the framework was trained within a specific anatomical context—prepared tooth with
two bilateral adjacent teeth and nearest antagonist neighbors—the modular architecture is
inherently generalizable to alternative spatial configurations, including scenarios with single

adjacent teeth or varying antagonist arrangements.

The spatial constraint modeling principles established in this work extend naturally to other
dental prosthetics including implants, bridges, and complete denture design, where simi-
lar requirements for precise fitting and morphological accuracy exist. Extending to complete
restoration planning involving multiple crowns would enable multi-crown optimization strate-
gies ensuring proper occlusal relationships across comprehensive rehabilitations rather than
isolated restorations. Finally, investigating applications to other medical devices requiring
precise geometric fitting could establish broader impact, as the framework’s modular design
and validated constraint modeling methodologies provide foundations for advancing auto-

mated design systems across multiple medical domains.
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