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Abstract

In the field of digital orthodontics, dental models with
complete roots are essential digital assets, particularly
for visualization and treatment path planning. How-
ever, oral scans can only capture dental crowns, leav-
ing the roots missing. In this paper, we introduce a
meticulously designed algorithm pipeline to complete
dental models while preserving the crown geometry and
mesh topology. Our pipeline begins with a learning-
based point cloud completion for the existing dental
crowns. We then reconstruct a complete tooth, includ-
ing both the crown and root, to guide subsequent op-
erations. Following this, we restore the crown’s ge-
ometry and mesh topology based on a kind of strong-
Delaunay meshing structure. Finally, we optimize the
transition zone between the crown and root by bihar-
monic smoothing. A key advantage of our algorithm is
that the completed tooth model accurately preserves the
geometry and mesh topology of the original crown while
ensuring high-quality triangulation in the dental roots.
Extensive experiments have shown that our algorithm
can generate the corresponding root based on the given
crown and integrate them, while preserving the integrity

of the crown area.

Keywords: Digital Orthodontics, Point Cloud Com-
pletion, Implicit Reconstruction, Mesh Integration, Re-
stricted Voronoi Diagram

1. Introduction

Digital orthodontics [3 1] refers to the integration of dig-
ital technology into the diagnosis, treatment planning, and
management of orthodontic problems. Generally speaking,
the process includes several steps, starting with an oral scan
and culminating in the generation of a detailed treatment
planning solution [30]. Digital orthodontics enhances the
patient experience by making treatments quicker, less inva-
sive, and more precise. It also provides orthodontists with
the tools to deliver high-quality care with better outcomes.

Among the many processes involved in digital orthodon-
tics, tooth segmentation is a critical step that primarily in-
volves separating the dental crown from the gingiva and
identifying each dental crown. Traditional tooth segmen-
tation techniques [43] begin with shape analysis (e.g., cur-
vature) to identify the boundaries where one tooth meets
another or meets the gum line. Following this, individ-
ual teeth are segmented using clustering techniques, graph-



based methods, or other classification approaches. The ad-
vent of deep learning has significantly enhanced tooth seg-
mentation, with Convolutional Neural Networks leading the
advancements [7, 37]. Regardless of whether traditional or
deep learning-based methods are used, the outputs gener-
ally consist of dental crowns depicted as open mesh sur-
faces, lacking dental roots. This limitation poses challenges
in subsequent steps. For instance, when planning how one
tooth moves from its initial position to the target posture, it
is necessary to avoid collisions between successive dental
roots. Additionally, the completion of teeth can provide a
better visualization of the occlusion status. Therefore, tooth
completion is a crucial task in digital orthodontics.

Several studies have concentrated on the completion of
dental models. Martorelli and Ausiello [24] utilized five
human posterior molars from micro-computed tomogra-
phy (CT) scans as reference models and developed spe-
cific computer-aided design procedures for completing den-
tal models. However, the resulting dental roots are still
absent, differing significantly from actual conditions. The
advancement of deep learning technology [45, 21] now al-
lows for the generation of complete tooth models with sim-
ulated roots that do not depend on cone beam computed
tomography(CBCT) data, resulting in accurate and natural
tooth shapes. Despite these advancements, the critical chal-
lenge of accurately preserving dental crowns remains unad-
dressed.

To this end, we establish the goals of this paper. Given a
polygonal crown model without root, our task is to recover
the complete tooth model with high-fidelity dental roots.
Additionally, we set three specific requirements: First, the
geometry and topology of the digital crown must be pre-
served. Second, there should be a visually natural transition
between the crown and the roots. Finally, the completed
model must feature high-quality triangulation.

To meet the aforementioned requirements, we have de-
veloped a set of novel techniques to tackle these challenges.
Our algorithm initiates with a point cloud completion stage,
following the dental crown prior, where a set of points be-
lieved to be on the dental root is generated. Subsequently,
we quickly reconstruct a surface to obtain a guiding sur-
face that roughly represents the completed shape. How-
ever, this process does not fully respect the given crown
shape. Specifically, the geometry and mesh topology of the
dental crown are altered. To address this issue, we intro-
duce a strong-Delaunay meshing structure, whose meshing
topology remains unchanged in terms of restricted surface
Voronoi decomposition. This observation helps us restore
the crown geometry and mesh topology. Finally, our algo-
rithm ends with optimizing the transition zone between the
crown and root by biharmonic smoothing.

To summarize, our contributions are threefold:

1. We introduce an algorithmic framework to complete

a tooth model from a dental crown. Experimental re-
sults demonstrate that our completion algorithm can
accurately recover high-fidelity dental roots.

2. We propose a new kind of meshing structure, named
strong-Delaunay mesh in this paper, which helps
maintain the geometry and mesh topology of the given
dental crown, a method not previously reported in the
existing literature.

3. We employ a set of strategies to enhance the shape ap-
pearance of the completed teeth, including identifying
the skirt of a crown and applying biharmonic smooth-
ing to the transition area. Specifically, by combin-
ing Poisson reconstruction with tetrahedral tiling, we
achieve both high triangulation quality and a faithful
reconstruction outcome.

2. Related Works

In this section, we primarily review two types of research
work: shape completion and remeshing.

2.1. Shape Completion

The completion of incomplete shapes is an important
process in the field of geometric processing. The goal of
completing shapes is to derive or restore missing or incom-
plete parts based on available information or prior knowl-
edge. If the missing regions are tiny compared to the known
parts, hole-filling algorithms can solve this problem. Con-
ventional shape completion algorithms can be divided into
two main methods: volumetric and surface-based.

Volumetric-based methods [2, 20, 3] rely on volumet-
ric structures such as regular 3D grids, octrees, tetrahedral
subdivisions, or sparser volume samplings. These struc-
tures provide information about the interior and exterior
of the object, which is essential for completing the shape.
Techniques commonly used in volumetric-based methods
include voxel-based interpolation, implicit surface recon-
struction, and volumetric shape synthesis. Surface-based
methods [34, 35, 13, 42], on the other hand, focus on the
properties of the surface, such as boundary topology or cur-
vature. These methods use known surface information to
infer or generate the missing parts and typically involve sur-
face reconstruction algorithms, mesh generation, or surface
interpolation techniques.

Shape completion also plays a vital role in orthodontics.
Due to the limited availability of CBCT devices, many cases
in digital dental treatment lack authentic patient root data
from CT images. Nonetheless, accurately predicted root
models are crucial for assisting dentists and technicians in
treatment planning. They help avoid excessive translation
or rotation of tooth designs, reducing the risk of bone fen-
estration or cracking during treatment. Consequently, gen-
erating reasonable and aesthetically pleasing root data is
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Figure 1. The pipeline of our method.

essential during tooth completion process, which supports
subsequent digital diagnosis and treatment procedures. For
example, Qian et al. [27] leveraged prior knowledge of tooth
models for their completion. Initially, they conducted layer-
wise slicing to obtain boundary points for each layer. They
then used C2 continuous B-spline interpolation to connect
two adjacent boundary points. Despite advancements in
deep learning technology [45, 21], a significant challenge
remains: the scarcity of comprehensive 3D dental datasets.
In our implementation, we employ AdaPoinTr [40], a state-
of-the-art point cloud completion model, and generate a
dataset using data augmentation techniques.

2.2. Mesh Extraction and Remeshing

Mesh extraction often serves as the subsequent step in
the task of implicit reconstruction. The most common tech-
nique for mesh extraction is marching cubes. Most im-
plicit reconstruction approaches, such as Poisson recon-
struction [16] and its variants [15, 17, 44], Moving Least
Squares [19], and Ball Pivoting [1], require a mesh extrac-
tion step.

On the other hand, remeshing assumes that the input is
a polygonal mesh surface and involves altering the mesh
topology. Remeshing can be performed using various meth-

ods, including local modification [10, 18, 6, 8], Delaunay
triangulation [4, 23, 12], optimization [36, 5, 28], and Cen-
troidal Voronoi Tessellation [9, 39, 25, 38].

Generally speaking, mesh extraction and remeshing are
distinct tasks, each useful in different scenarios. However,
both stages are typically necessary when the output mesh

requires high-quality triangulations. This process can lead
to the accumulation of errors. A growing research trend
focuses on directly extracting high-quality mesh surfaces
from an implicit field. Hass et al. [14] present a method
for approximating an implicit surface with a piecewise-flat
triangulated surface, where the triangles are as close as pos-
sible to equilateral. Known as the GradNormal algorithm,
this method can produce a high-quality, smooth surface.

3. Methodology
3.1. Algorithm Pipeline

The algorithm pipeline is shown in Figure 1. For a dental
scan as the input (a), our method starts with a preceding seg-
mentation algorithm on the input model (b). Following this,
a learning-based approach generates a point cloud to ap-
proximate the whole tooth (c). Then, an implicit surface re-
construction process (d) is conducted for subsequent steps.
After this, the Restricted Voronoi Diagram (RVD) merges
the generated dental root and the existing dental crown (e).
Finally, the transition area is smoothed by solving a par-
tial differential equation, resulting in a high-quality triangle
surface (f).

3.2. Distinguishing Skirt of Crown

Common methods for obtaining oral models include in-
traoral scanning and oral impressions. However, due to
limitations in device accuracy and imaging principles, cap-
turing the gaps between teeth can be challenging. In such
cases, tooth segmentation may result in a crown with a skirt,



as shown in Figure 2. It is essential to identify the skirt por-
tion from the oral scan, as this aids in the subsequent tooth
completion and reconstruction process. More specifically,
the task involves predicting the likelihood of a mesh vertex
located in the skirt of a crown.

N

Figure 2. Illustration of the crown’s skirt. The black lines represent
the natural tooth shape, while the blue lines indicate the intraoral
scan results. It is essential to predict the likelihood of a mesh ver-
tex being located within the skirt of the crown.

Dataset. We collected 28 sets of crown models obtained
through segmentation algorithms, along with their cor-
responding manually restored, morphologically complete
tooth models. This dataset includes 200 sets of tooth data
for both upper and lower jaws, with FDI labels ranging from
1 to 7, excluding data for wisdom teeth (FDI labeled 8).
Since human teeth exhibit bilateral symmetry, we did not
differentiate between corresponding teeth on the left and
right sides in the training data. For each vertex on the
crown, if there is a corresponding overlapping vertex in the
restored model, it is labeled as a valid vertex with a confi-
dence score of 1. Conversely, if there is no corresponding
vertex, it is labeled as a skirt vertex with a confidence score
of 0.

s e
R oobi
LSS RIS

Y RN

L L\

W WSl

SR

(a) (b)
Figure 3. Effect of discard skirt vertices. (a) The original crown.
(b) The crown mesh after skirt vertices being discard.

Classification. Based on the labeled data mentioned
above, we use Diffusion Net [29] as the backbone network
for training. Compared to the original diffusion net, we
concatenate the hks features of the data with the xyz fea-
tures for training, which achieved better results than using
either hks features or xyz features alone. By applying the

trained network onto the input dental crown mesh, we get
the confidence of each vertex (or the probability of being
a non-skirt vertex). Based on this, we can directly discard
vertices with confidence below a given threshold (e.g., 0.5).
Figure 3 shows a comparison between the original crown
mesh and the crown mesh with the skirt vertices removed.

3.3. Tooth Point Cloud Completion

The shape completion task in this paper is to generate
a complete tooth model that includes both the crown and
the root. We accomplish this task at the point cloud level.
Specifically, we first generate an augmented point cloud that
potentially represents the completed tooth model.

Dataset To ensure data diversity, we collected 50 sets of
complete tooth mesh models reconstructed based on the ac-
tual CBCT data. For each tooth set, the number of teeth
ranges from 14 to 16, with 1 to 2 of them being wisdom
teeth. We exclude wisdom teeth from our consideration.
In the training phase, we first down-sample each tooth to
1024 points. For data augmentation, we introduce a fac-
tor to specify the crown size. According to [26], The
crown-to-root length ratio in adults varies slightly depend-
ing on the tooth type, but it is generally between 1:1 and
1:3. Considering factors such as crown wear and incom-
plete tooth eruption in practical situations, we have ampli-
fied this ratio to 1:7 during the data augmentation process.
This means the crown can account for up to half of the total
tooth length, and at least 1/8. If the crown length is fur-
ther reduced, its eruption morphology becomes too small,
resulting in incomplete morphological features that do not
meet the requirements of the dataset. We restrict  in this
range and randomly take six values. We can sort the sam-
pled points along the dental growth axis so that part of the
sampled points can be used to represent the dental crown
according to the given

Training To this end, we obtained a tooth completion
dataset containing 28 groups and 300 = 50 6 samples in
each group. We leverage AdaPoinTr [40] as the backbone
network to conduct the training process. Qualitative results
are shown in Figure 8, and quantitative results are shown in
Table 2. It can be observed that the network, being trained,
can predict faithful complete teeth.

3.4. Implicit Reconstruction Based on Tetrahedral Tiling

Suppose we have a point cloud of a dental crown. Based
on the discussion above, upon completion, we obtain a new
point cloud P that encodes the entire tooth. The next step
is to reconstruct the polygonal surface of the tooth. To
our knowledge, Poisson reconstruction [16] is a competi-
tive method among traditional reconstruction approaches,



although the resulting mesh may suffer from poor triangu-
lation quality. In contrast, GradNormal [ 4] has advantages
in ensuring high triangulation quality. In this paper, we
combine Poisson reconstruction and GradNormal to lever-
age the strengths of both methods.

Indicator function The essence of Poisson reconstruc-
tion [16] is to reconstruct the indicator function

0 p2M

m(p) = 1. p2M

by solving Poisson’s equation:

=r V,

where V is the vector field aligned with the normal vec-
tors of the point cloud. To facilitate the Poisson reconstruc-
tion process, one must adapt the Octree to the sampling den-
sity.

The B-spline representation , coupled with the Octree,
defines the finite element system used to approximate the
indicator function. By default, the B-spline is of degree 3.
Higher degrees allow for better approximation but may in-
cur increased costs in space and time. It is important to note
that the B-spline function can return an indicator value for
any point (X;Y; z). Instead of extracting the zero isosurface
using Marching Cubes, we recommend employing a differ-
ent isosurface extraction technique to achieve high-quality
triangulations, where the iso-value is set to 0:5.

Establishing tetrahedral space We adopt the Goldberg
tetrahedralization method for discreticizing the space [11].
As shown in Figure 4, we use a parameter € to control the
tetrahedral meshing density. A smaller e results in denser
space tiling and yields more accurate reconstruction results.

Figure 4. Goldberg tetrahedralization.

First, we partition the XQOY plane using equilateral tri-
angles with a side length of e. Then, we select one Eﬁngle
and lift the three vertices by a; 2a; 3a, where a = = 2e=4.
After that, we tile the space using such a tetrahedral primi-
tive.

Isosurface extraction Let T be one of the tetrahedral el-
ements for tiling the whole space. T has six edges; for
each edge, we deem the midpoint of this edge to be ap-
proximately lying on the underlying surface. In this way,
one can construct a MidNormal mesh. After that, we can
project each MidNormal mesh vertex to the closest point
according to the implicit function . Finally, we remove
all valence-four vertices by local edge flipping. The Grad-
Normal algorithm generates a triangular mesh with angles
between 35.2 and 101.5 degrees, thereby obtaining much
higher triangle quality than Marching Cubes.

3.5. Crown-Root Integration

In the following, we will demonstrate how to retain the
crown geometry and meshing topology by using the recon-
structed outcome as the guiding surface.

(a) (b)
Figure 5. Generally speaking, by taking the original triangle mesh
M = (V;E;F) as the base surface, the restricted Voronoi dia-
gram of V induces another triangle mesh M’, where M is differ-
ent from M’. (a) and (b) respectively show M and M’. If M’ is
identical to M, then M is strong-Delaunay.

Strong-Delaunay Generally speaking, by taking the orig-
inal triangle mesh M = (V; E; F) as the base surface, the
restricted Voronoi diagram of V induces a different triangle
mesh M"; See Figure 5. In the following, we first introduce
a type of triangle mesh, referred to as a strong-Delaunay
mesh in this paper.

Definition. Suppose we have a closed 2-manifold trian-
gle mesh M = (V; E;F). By taking the original triangle
mesh as the base surface, the restricted Voronoi diagram of
V induces another triangle mesh M'. We say that M is
strong-Delaunay if M is identical to M.

From the perspective of differential geometry, a suffi-
ciently small local surface patch can be considered planar.
In 2D Euclidean space, Delaunay triangulation precisely
satisfies the property that the sum of a pair of edge-based
opposite angles is equal to or less than Thus, Delau-
nay meshes [22] represent a special type of triangle mesh
where the local Delaunay condition holds. However, for a
curved shape in 3D, a Voronoi cell may intrude into the op-
posite side of a thin-plate structure, causing the input mesh
surface M not to be strong-Delaunay. Therefore, it is evi-
dent that Delaunay meshes [22] is a necessary condition for



being strong-Delaunay. Nonetheless, as long as the triangu-
lation is suf ciently dense (by increasing the mesh resolu-
tion), Delaunay meshes will be strong-Delaunay.
In the subsequent mesh integration process, we combine
the vertices of the crown mesh with those of the root mesh
and perform an RVD partition on the guiding surface. Then,
based on the dual relationship between RVD and Delaunay,
we obtain the nal integration result. Clearly, if the crown
meshM does not meet the Strong-Delaunay requirements,
the tOpOIOQ'C‘?l relat'on_Sh'p of t_he reSUIt_ C_annOt be guaran- Figure 6. Our completion algorithm can retain the geometry and
teed to be strictly consistent with the original crown mesh, meshing topology of the original crown model. (a) The original
and edge ips may occur, as shown in Figure 5. crown. (b) The resulting completed mesh.

Two conditions To determine whether a triangle mesh is
strong-Delaunay, the above de nition uses the original tri-
angle mesh as the base surface. Introducing a suf ciently Tetrahedral tiling resolution ~As mentioned above, the
small perturbation to the base surface or using a slightly quiding surface must adequately t the original crown
different one will allow a strong-Delaunay mesh to main- model. Therefore, we need to adjust the tetrahedral tiling
tain its meshing topology even with the new base surface.resolution by controlling the value & Below are the dis-
Thus, it follows that the meshing topology of the crown part tances between the original mesh vertices and the recon-
can be preserved as long as the following two conditions arestructed surface for different values @f From the data in

3.6. More Implementation Details

satis ed: Table 1, it is clear that ae decreases, the distance from
1. The guiding surface is suf ciently close to the original the vertices on the original crown mesh to the reconstructed
crown. mesh also decreases, indicating improved adherence of the

o ) reconstructed mesh to the original crown. In our implemen-
2. The mesh surface of the original crown is strong- iation. we see to 0.5 to achieve a desirable t.

Delaunay.
Our algorithm is based precisely on these two conditions. e | 10 | 075 | 05 | 025

_ _ davg | 3:17e 2 | 2:2% 2 | L:4le 2 | 7:10e 3
Algorithm for preserving crown Based on the above O 0.29 0.26 0.16 0.12

discussion, there are two key points for restoring the crown.
Firstly, since the reconstructed outcome must differ from tapje 1. For various values ef we record the distances between
the Original crown, we Sample additional pOintS from the the crown and the reconstructed outcome.

original crown before running the Poisson reconstruction

solver. Simultaneously, we need to increase the resolution

of the tetrahedral tiling so that each tetrahedral element iSSeparation between the crown and the root Let M be

suf ciently small. Secondly, we add edge-based Steiner the reconstructed complete tooth shape Wiilgoun be the

points to the original crown model to ensure it becomes a igina| crown. Let be the dental growth axis. For a vertex
Delaunay mesh, which can be achieved by utilizing Liu et \, 5" \1 i v satis es

al.'s algorithm [22].

Recall that we have a complete point cloud (including kv v% >
the crown partv; and the root parys,), as well as a re-
constructed surfac# . Details on separating the crown or
from the root part will be elaborated on later. We com- kv vk and (V° v) I>0;
bine the points i/, with the vertices of the original crown 0
to yield a vertex se¥. We then compute the restricted fOF 8Very vertexv® in the crownM own, then we label
Voronoi decomposition of , with V serving as the point ¥ _2 M with "RootVert'. Otherwise, we label with
set. The dual of the resulting RVD produces a triangle mesh CrownVert. The vertices inM are thus classi ed into
that preserves the vertices and connections of the originalf’o 9roups.
crown. Figure 6 illustrates the original crown and the re-
sulting completed mesh, demonstrating that our approachDelaunay mesh We useln,j, to denote the length of the
effectively retains the crown geometry and meshing topol- shortest edge in the medW, and ., to represent the
ogy. smallest interior angle of the mesh. By adding Steiner



points onto edges, we can obtain a Delaunay mesh. TheEvaluation metric We follow existing approaches [41,
key points for adding auxiliary points include: ] and use the mean Chamfer Distance as the evaluation
metric, which measures the distance between the predicted
1. Forthe edge = (v1;Vv2) 2 M, the two closest aux-  point cloud and the ground truth at the set level. For each

iliary pointss; ands; to the endpoints of the edge are prediction, the Chamfer Distance between the predicted
at a distance of,: point setP and the ground truth point s& is calculated
. as follows:

Imin SIN min . Imin

=min ———;

Chamfer (P; G) = i * minjjp dj
2. For any two adjacent auxiliary poirgs ands; on the 2P] p2P 926
edgee, the minimum gap  betweers; ands; satis es 1 X o
. 2iGj g;'g npeoa:
e 2 ySiN min: 926G
More speci cally, we follow previous methods to use the
Transition optimization Recall that we have a steptore- L2 norm to calculate the distance between two points and
store the crown from the guiding surface. This process maythen compute the Chamfer Distance. Additionally, follow-
lead to a non-smooth transition between the crown and theing [32], we employ the F-Score as another evaluation met-
root. Additionally, since the crown typically has skirts, this ric. Both metrics assess the adherence between the comple-
further intensi es the non-smooth effects. We employ the tion results and the ground truth.
commonly used biharmonic smoothing technique to achieve
a natural transition. After identifying the transition area, we

o . . . Evaluation data The number of vertices and triangles in
optimize the vertex locations by solving the equation

the intraoral scan data used in this experiment ranged from
L2x = 0O 100K to 150K, all acquired from commonly available in-
' traoral scanners on the market.

whereL_ is the Laplacian operator. Figure 7 illustrates the 4.2. Tooth Point Cloud Completion
smoothing effect.

We report the quantitative results of the tooth point cloud
completion test in Table 2, using the F-Score and,CD
(multiplied by 1000). Additionally, the qualitative results

are presented in Figure 8.

Figure 7. Smoothing effect. We retain the crown and root parts,
while applying biharmonic smoothing to the transition area be-
tween them.

4. Experiments
4.1. Experimental Setting

Training setting Our training environment utilized the

PyTorch framework with an NVIDIA GTX 3090 Ti GPU.

The training was conducted for 100 epochs, using all other

default settings from the AdaPoinTr [40] con gurations on

the PCN dataset [41]. The dataset was split into a training

set and a test set with a 4:1 ratio. After training, we con- Figure 8. Qualitative results on our dataset.
ducted tests on dental scan data without ground truth.






