
Titre:
Title:

Adaptive point learning with uncertainty quantification to generate 
margin lines on prepared teeth

Auteurs:
Authors:

Ammar Alsheghri, Yoan Ladini, Golriz Hosseinimanesh, Farida 
Cheriet, Imane Chafi, François Guibault, & Julia Kerem 

Date: 2024

Type: Article de revue / Article

Référence:
Citation:

Alsheghri, A., Ladini, Y., Hosseinimanesh, G., Cheriet, F., Chafi, I., Guibault, F., & 
Kerem, J. (2024). Adaptive point learning with uncertainty quantification to 
generate margin lines on prepared teeth. Applied Sciences, 14(20), 9486 (21 
pages). https://doi.org/10.3390/app14209486

Document en libre accès dans PolyPublie
Open Access document in PolyPublie

URL de PolyPublie:
PolyPublie URL:

https://publications.polymtl.ca/59628/

Version: Version officielle de l'éditeur / Published version 
Révisé par les pairs / Refereed 

Conditions d’utilisation:
Terms of Use:

CC BY 

Document publié chez l’éditeur officiel
Document issued by the official publisher

Titre de la revue:
Journal Title:

Applied Sciences (vol. 14, no. 20) 

Maison d’édition:
Publisher:

Multidisciplinary Digital Publishing Institute

URL officiel:
Official URL:

https://doi.org/10.3390/app14209486

Mention légale:
Legal notice:

© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution 
(CC BY) license (https://creativecommons.org/licenses/by/4.0/). 

Ce fichier a été téléchargé à partir de PolyPublie, le dépôt institutionnel de Polytechnique Montréal
This file has been downloaded from PolyPublie, the institutional repository of Polytechnique Montréal

https://publications.polymtl.ca

https://publications.polymtl.ca/
https://doi.org/10.3390/app14209486
https://publications.polymtl.ca/59628/
https://doi.org/10.3390/app14209486


Citation: Alsheghri, A.; Ladini, Y.;

Hosseinimanesh, G.; Chafi, I.; Keren

J.; Cheriet, F.; Guibault, F. Adaptive

Point Learning with Uncertainty

Quantification to Generate Margin

Lines on Prepared Teeth. Appl. Sci.

2024, 14, 9486. https://doi.org/

10.3390/app14209486

Academic Editor: Douglas

O’Shaughnessy

Received: 19 September 2024

Revised: 9 October 2024

Accepted: 11 October 2024

Published: 17 October 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Adaptive Point Learning with Uncertainty Quantification to
Generate Margin Lines on Prepared Teeth
Ammar Alsheghri 1,2,* , Yoan Ladini 3, Golriz Hosseinimanesh 3, Imane Chafi 3, Julia Keren 4, Farida Cheriet 3

and François Guibault 3,*

1 Mechanical Engineering Department, King Fahd University of Petroleum and Minerals (KFUPM),
Dhahran 31261, Saudi Arabia

2 Biosystems and Machines Interdisciplinary Research Center, King Fahd University of Petroleum and Minerals
(KFUPM), Dhahran 31261, Saudi Arabia

3 Department of Computer Engineering, École Polytechnique Montréal, 2900 Edouard-Montpetit Boul,
Montréal, QC H3T1J4, Canada; yoan.ladini@polymtl.ca (Y.L.); golriz.hosseinimanesh@polymtlus.ca (G.H.);
imane.chafi@polymtlus.ca (I.C.); farida.cheriet@polymtl.ca (F.C.)

4 Intellident Dentaire Inc., Bureau 540, 1310 av Greene, Westmont, QC H3Z2B2, Canada; info@kerenor.ca
* Correspondence: ammar.sheghri@kfupm.edu.sa (A.A.); francois.guibault@polymtl.ca (F.G.)

Abstract: During a crown generation procedure, dental technicians depend on commercial software
to generate a margin line to define the design boundary for the crown. The margin line generation
remains a non-reproducible, inconsistent, and challenging procedure. In this work, we propose to
generate margin line points on prepared teeth meshes using adaptive point learning inspired by
the AdaPointTr model. We extracted ground truth margin lines as point clouds from the prepared
teeth and crown bottom meshes. The chamfer distance (CD) and infoCD loss functions were used for
training a supervised deep learning model that outputs a margin line as a point cloud. To enhance
the generation results, the deep learning model was trained based on three different resolutions
of the target margin lines, which were used to back-propagate the losses. Five folds were trained
and an ensemble model was constructed. The training and test sets contained 913 and 134 samples,
respectively, covering all teeth positions. Intraoral scanning was used to collect all samples. Our post-
processing involves removing outlier points based on local point density and principal component
analysis (PCA) followed by a spline prediction. Comparing our final spline predictions with the
ground truth margin line using CD, we achieved a median distance of 0.137 mm. The median
Hausdorff distance was 0.242 mm. We also propose a novel confidence metric for uncertainty
quantification of generated margin lines during deployment. The metric was defined based on
the percentage of removed outliers during the post-processing stage. The proposed end-to-end
framework helps dental professionals in generating and evaluating margin lines consistently. The
findings underscore the potential of deep learning to revolutionize the detection and extraction of 3D
landmarks, offering personalized and robust methods to meet the increasing demands for precision
and efficiency in the medical field.

Keywords: dental margin line; point cloud generation; deep learning; uncertainty quantification

1. Introduction

Dental crown treatment is among the most common in dentistry to restore damaged or
decayed teeth. Dental crowns are created through a process involving dental professionals
and laboratories. Dentists examine and prepare teeth that need a crown treatment by
reshaping the teeth, while removing diseased sections. The dentist then takes impressions
of the prepared tooth, which can be performed using traditional methods or digital scanning.
A die represents the prepared tooth of the patient needing a crown restoration. Crowns
are then designed and produced in dental laboratories ensuring a precise fit and aesthetic
appearance. In modern practice, dental technicians use computer software to design a
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crown to sit on the scanned die. The digital crown design procedure has several steps
with the most important one being the accurate detection of the margin line on the surface
of the die [1]. In this work, we propose an automated and personalized deep learning
framework to extract margin lines from dental preparations. The proposed framework
incorporates a novel uncertainty quantification metric to provide confidence level of the
predicted margin lines.

Margin lines constitute the boundaries of dental crowns. Current dental software
use traditional search algorithms and optimization frameworks to detect appropriate
margin lines that avoid undercuts. However, due to the huge variability in teeth among
patients, the produced margin lines are not always precise [2]. Often, dental technicians
need to manually intervene to correct margin lines before resuming the crown generation
procedure, which constitutes an inconsistent and non repeatable step in the design process.
The automated and accurate identification of margin lines on prepared teeth forms a
bottleneck in the digital automation of dental restoration design [3].

The use of machine learning (ML) has been increasing in the field of digital dentistry [4–6].
Many problems in digital dentistry require personalized solutions that are difficult to
automate using traditional computation methods. ML has the ability to learn from the
huge amounts of available dental data to provide personalized solutions. ML has been
used in prosthodontic-driven rehabilitation of patients [7], teeth classification [8,9], teeth
segmentation [10–14], caries and cavities detection [15,16], arch registration [17], and crown
generative tasks [18]. However, to the best of the authors’ knowledge, there is a lack of
research investigating the use of ML in detecting margin lines on dental preparations.

Geometric methods have been proposed to automatically detect margin lines [19].
However, they highly depend on the presence of sharp features at the margin line. Tra-
ditional geometric and optimization techniques based on curvatures may fail in certain
regions where curvature features are missing. Deep learning (DL) could have an edge over
traditional computer-aided design (CAD) techniques [20], particularly due to the huge
variability in teeth shapes and the ability of DL to handle complex data.

The automation and successful identification of a margin line is considered as the most
important procedure for automated crown generation in digital dentistry. Our contributions
in this paper include the following: (1) We propose an end-to-end framework based on
a transformer-based neural network for margin line generation on surfaces of prepared
teeth. Different from existing approaches, we use multi-resolutions of the target data to
train the DL model. In addition, the transformer-based network is used for point cloud
generation whereas the focus of related work is on point cloud completion. Ensemble
learning was also used to enhance the generated point cloud predictions. (2) A novel
denoising post-processing algorithm is proposed to remove outliers and predict a spline
representation of the margin line. (3) We propose a novel confidence metric for evaluating
model uncertainty in real-time deployment. Because the ground truth is not unique, this
offers a decision-support tool to auto-evaluate the model prediction. To the best of the
authors’ knowledge, the use of uncertainty metrics in the context of margin line generation
has not been discussed in the literature.

The proposed uncertainty estimation helps in offsetting the lack of external supervision
by helping the model become self-sufficient and interpretable. As such, it enhances the
reliability and robustness of the model. Related work is presented in the next section,
followed by methods, results, discussion, and conclusions. Table 1 lists the descriptions of
most common abbreviations used in the paper.
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Table 1. The most common abbreviations used in the paper.

Abbreviation Description

AI Artificial intelligence

ML Machine learning

DL Deep learning

PCA Principal component analysis

UQ Uncertainty quantification

CD Chamfer distance

CAD Computer-aided design

CAM Computer-aided manufacturing

DGCNN Deep graph convolutional neural network

GANs Generative adversarial networks

LD Local density

API Application programming interface

HD Hausdorff distance

2. Related Work

This section provides a concise review of margin line extraction, point cloud generation,
and uncertainty quantification. The first sub-section provides a broader context of the use
of CAD/CAM in digital dentistry.

2.1. CAD/CAM Systems in Digital Dentistry

Advanced CAD/CAM technologies are increasingly utilized in digital dentistry for
several applications, including orthodontics [21,22], prosthodontics [23–25], and intraoral
scanning [26]. Recent studies recommended that digitally designed crowns and bridges
created by professional with experience in CAD/CAM and dental technology are likely
to provide patients with anterior prosthetic rehabilitation a high level of satisfaction and
comfort [27]. In addition, dental professionals are finding significant value in the design
quality, convenience, and reproducibility offered by AI integration within CAD/CAM
systems [28]. As mentioned in our introduction, AI is paving the way for automated and
reproducible frameworks, particularly within CAD systems.

2.2. Margin Line Extraction

Despite significant advancements in digital dentistry, the issue of automating the
extraction of a dental preparation margin line remains unresolved. Only a few works
specifically addressed the task of margin line detection. Previous work improved the A*
algorithm to produce a feature line with the help of two interactive points provided by
the user [29]. Another work used the bidirectional path search to determine the margin
line [30]. However, it presented certain limitations including the need of user input with
no guarantee of a globally optimal solution. A segmentation DL model [31] was used by
another group to extract the margin line. This method also presented limitations to deal
with cases missing sharp features at the margin region. In a more recent study, the accuracy
of a new hybrid method in extracting the margin line was compared with existing software
programs [32]. The study concluded that using a hybrid method combining deep learning
and CAD enables the robust and accurate extraction of margin lines. In the current work,
we represent the margin line extraction problem as a point cloud generation problem where
a point cloud of a die is provided, and the DL model should generate the points of the
corresponding margin line.
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2.3. Point Cloud Generation

Three-dimensional point cloud generation is a critical task in computer vision. Various
DL models have been developed to tackle this problem, as comprehensively reviewed
in [33]. Point-based methods, such as PointNet [34] and PointNet++ [35], directly pro-
cess the raw 3D coordinates of point clouds and have shown significant promise due to
their ability to handle unordered point sets and learn local and global features effectively.
Convolution-based methods [36] apply 3D convolutions to voxelized representations of
point clouds, benefiting from the regular grid structure of voxels but are computationally
expensive and limited by resolution constraints. Graph-based methods [37] represent
point clouds as graphs, leveraging graph neural networks to capture relational informa-
tion between points, thus achieving more accurate completions. Generative model-based
approaches, including generative adversarial networks (GANs) [38], generate plausible
completions by modeling the underlying data distribution. Recent improvements have
been made in the field of shape generation [39,40] and specifically in dentistry [1]. Con-
ditional GANs were used for generating crowns that reduce the occlusal problems seen
in restorations [41]. Recently, transformer-based architectures have been applied to point
cloud generation tasks, adeptly capturing long-range dependencies within point clouds.
Notable examples include ’point transformer’, which uses self-attention mechanisms to
learn interactions across long distances; PT2PC [42], which combines transformers with
point cloud processing techniques for fine-grained completions; PoinTr [43], which em-
ploys a transformer encoder-decoder architecture to model global features for point cloud
completion; and AdaPoinTr [44], which leverages transformer architectures with geometry-
aware blocks and adaptive query generation for point cloud completion. Despite these
advancements, challenges such as learning localized details from unstructured point clouds
and generating fine-grained predictions remain.

2.4. Uncertainty Quantification (UQ) in Deep Learning (DL)

DL has been extensively used in medical applications for a variety of tasks including
detection, segmentation, generation, and classification [45]. However, the lack of ground
truth and issues with UQ remain unsolved. UQ in DL aims at understanding the uncertainty
associated with the predictions made by the model [46]. Uncertainty can arise from various
sources, including the model’s parameters, the data, and the inherent limitations of the
model architecture itself. Researchers discussed two types of uncertainty: (i) epistemic,
which captures the uncertainty of the model, and (ii) aleatoric, which captures the noise
in the data [47]. Recent studies considered UQ in DL on 3D data for segmentation of
point clouds [33,48], bounding box detection [49], and diffusion MRI [50]. Nevertheless,
there exists a lack of studies to quantify uncertainty in point cloud generation problems to
evaluate the reliability of the predicted point clouds.

3. Methods
3.1. Preprocessing Input Data

The proposed DL framework is based on a point cloud generation model that receives
an intraoral die scan as an input and outputs a margin line as a point cloud first, and then
a spline representation. Therefore, we first converted the input mesh to a point cloud
and then decimated it to 10,000 points for enhanced computational speed and efficiency
(Figure 1).

Figure 1. Converting die meshes to point clouds and downsampling the point clouds to 10,000 points.
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3.2. Extracting Ground Truth Margin Lines

To generate the ground truth target margin lines, we needed as an input the die
scan (which is also the input of the model during the inference stage) and the crown scan
associated to it. The crown 3D models were previously designed by a dental professional
(including the bottom band of the shell representing the thickness of the crown at the
margin line region). We extracted the boundary band at the bottom of the crown and
selected from it the closest points to the die. Then, we projected those points onto the die to
ensure they intercept it. Finally, we augmented the projected points by creating a point in
the middle of two neighbors until we reached at least 5000 points to represent the ground
truth margin line (Figure 2).

Figure 2. Extracting ground truth margin lines. A crown bottom is first extracted from a crown
designed by a dental technician. The internal edge of crown bottom lower horizontal thickness
coincides with the margin line on the dental preparation. The internal points are extracted, projected
on the die, and augmented to represent the margin line.

3.3. Deep Learning Model

We based our model on the AdaPoinTr [44] architecture, which proved to be perform-
ing well in set-to-set point completion (Figure 3). The model takes as input a point cloud
of the die with 10,000 points. It first uses the farthest point sampling technique (FPS) to
obtain the center points of the input. FPS facilitates the grouping of the input point cloud
into a smaller set of features to then be converted into a series of vectors and used by the
transformer architecture. FPS provides a structured output of points while preserving the
shape features in a computationally efficient manner making it suitable for real-time appli-
cation [34]. A deep graph convolutional neural network (DGCNN) is then applied, which
downsamples the input point cloud further by extracting the features of center points. This
is necessary to reduce the complexity of the model. Afterwards we inject the N features in
the encoder block, to obtain the feature vectors V = V1,V2, . . . VN as an output. The output
is injected to the adaptive query generator, which consists of a multilayer perceptron (MLP)
making queries. Then, another MLP selects M queries from the previous output. As a
result we obtain Q = Q1,Q2, . . . QM. Those queries are injected in the first geometry-aware
transformer block (self-attention block) from the decoder. Then, the output of the first
block is injected with feature vector into the second block of the decoder (cross-attention
block). The results provided by the decoder consist of point proxies. To provide a complete
prediction, a Folding Net is then used to rebuild the point cloud from the point proxies and
output both a coarse and a fine predictions (Figure 3).
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Figure 3. AdaPoinTr architecture showing the forward pass in blue arrows and backpropagation
pass in red.

3.4. Metrics

The final prediction was evaluated with a combination of chamfer distance and infoCD
applied on coarse ground truth to coarse prediction, medium ground truth to fine prediction,
and fine ground truth to fine prediction. The loss obtained was retro-propagated to the
folding net, the first and second blocks of the decoder, both MLPs inside the adaptive query
generator, the encoder, and the DGCNN.

3.4.1. Chamfer Distance (CD)

The DL model generates two resolutions; fine and coarse. Both resolutions were used
to back propagate the chamfer distance loss. We used two different versions of chamfer
distance CD 1 and CD 2 for the training loss as defined by the following equations [51]:

LCD(ai, bi) = `CD(ai, bi) + `CD(bi, ai) =
1
|bi|∑k

min
j

d(aij, bik) +
1
|ai|∑j

min
k

d(aij, bik) (1)

where | · | denotes the cardinality of a set and function d refers to

d(xij, yik) =

{
‖xij − yik‖ as L1-distance
‖xij − yik‖2 as L2-distance

(2)

where || · || denotes the Euclidean `2 norm of a vector.
While CD 1 aims to highlight robustness to outliers and is less concerned with penal-

izing small discrepancies heavily, CD 2 focuses on the precise alignment of shapes with a
focus on penalizing minor discrepancies. The dimensional unit for CD 2 is mm2 and for
CD 1 is mm. Although both CD 1 and CD 2 were used for training, only CD 1 was used for
the evaluation because CD 1 tends to focus more on penalizing outliers and it is easier to
interpret compared with CD 2 due to its dimensional unit. In this paper, the term CD refers
to CD 1 because it was the only one used during the evaluation.
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3.4.2. Info CD

InfoCD is a an improvement on contrastive chamfer distance loss. We chose to
use InfoCD in training as a complement to chamfer distance as a state-of-the-art metric,
following the implementation by [51]. InfoCd allows for the distribution of point clouds
in alignment. This provides less sensitivity to outliers than a simple chamfer distance
loss (CD). This is due to InfoCD maximizing the lower bound of the mutual information
between geometric surfaces portrayed in point clouds [51]. As such, the InfoCD metric is
efficient and robust for machine learning applications. The InfoCD loss used in training is
defined based on the work of [51] as follows:

LInfoCD(ai, bi) = `InfoCD(ai, bi) + `InfoCD(bi, ai) (3)

`InfoCD(ai, bi) = −
1
|bi|∑k

log

 exp
{
− 1

2 minj d(aij, bik)
}

∑k exp
{
− 1

2 minj d(aij, bik)
}
 (4)

where (ai, bi) are the i-th point pair from two different point clouds, d(., .) is a distance
equation as L1 distance.

3.4.3. Hausdorff Distance (HD)

The HD is another metric used to measure the similarity between two point clouds [52,53].
It helps quantify how far two point clouds are from each other. However, it is considered
more strict compared with CD because it measures the maximum distance from a point
in one set to the closest point in the other set. This means it focuses on the most distant
outliers. The Hausdorff distance DH between two sets of points X and Y is calculated using
the following equations:

DH(X, Y) = max(dH(X, Y), dH(Y, X)) (5)

dH(X, Y) = max
x∈X

(
min
y∈Y
‖x− y‖

)
(6)

3.4.4. Confidence Metric

The DL model generates a prediction as a point cloud that may not necessarily form
a unique closed curve. It can also occur that the prediction does not look like a curve for
some difficult cases where it is challenging to determine a precise margin line even with
the human eye (Figure A1). To make our model viable for real use cases in deployment,
there is a need to evaluate the output and quantify uncertainty without ground truth. The
confidence of a margin line prediction could be measured using a confidence metric. In
this work, we propose an efficient technique to detect outliers, and based on the percentage
of identified outliers, a boolean confidence metric was proposed for the model prediction.
Outliers detection is detailed later in the post-processing section.

3.4.5. Confidence Metric Versus CD Evaluation

To measure the correlation of our confidence metric with CD, we compared the results
provided by CD (a value greater than 0.2 is considered actual non-confident) with the
confidence metric results (more than 0.65% outliers detected is considered predicted non-
confident). The 0.2 mm threshold for CD was selected based on a study that investigated the
accuracy of manual margin line detection and reported errors that reached up to 0.210 mm
using EXOCAD (DentalCAD 3.0 Galway; EXOCAD GmbH, Darmstadt, Germany) and
0.215 mm using R2CAD software (MegaGen; Daegu, South Korea) [2]. The threshold
of 0.65% for outliers was established based on qualitative observations and frequency
distribution of CD and percentage of outliers for the validation and test sets. Histograms
were established for the frequency versus CD and frequency versus percentage of outliers
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for the five folds of the models with both the test and validation sets. On average, the
frequency of data corresponding to a CD value of 0.2 corresponded to a threshold of 0.65%
for outliers. Figure A2 shows representative histograms for fold 2 from the test set.

Table 2 shows the confusion matrix. A true positive (TP) measure corresponds to
CD < 0.2 and outliers < 0.65%. A true negative (TR) corresponds to CD ≥ 0.2 and
outliers ≥ 0.65%. On the other hand, a false positive (FP) corresponds to CD ≥ 0.2 and
outliers < 0.65%. A false negative (FN) corresponds to CD < 0.2 and outliers ≥ 0.65%. The
accuracy, sensitivity, and precision metrics [54–56] were used to evaluate the correlations
between the confidence metric and CD.

Table 2. Confusion matrix for correlations of CD with the proposed confidence metric.

Confusion Matrix CD versus Confidence Metric
Predicted Confidence Metric

Predicted Positive
(Outliers < 0.65%)

Predicted Negative
(Outliers > 0.65%)

Actual CD Positive (CD < 0.2) TP FN
Negative (CD > 0.2) FP TN

3.5. Training Details

Supervised training was used to train the model. The training set contained 913 sam-
ples augmented 20 times with a 80/20 split for training and validation. The test set included
134 samples. Our data, i.e., die scans, comes from 20 different dental clinics. The margin
line extraction and crown design were achieved by two different dental technicians. To
augment the training set, we used 20 different randomly generated augmentation matrices
per case to change orientation, position (translation over x, y or z axis), and scale (stretch or
expand over the axis it is applied to). The augmentation ranges were [−180, 180] degrees
for rotation over the z axis, [−1, 1] for translation for all axes, and [0.9, 1.1] scaling for all
axes. Because our dataset is orientated towards the z axis, we limited rotations around the
x and y axes to [−30, 30] degrees to avoid flipping the die completely. Figure 4 shows an
example of a training case augmented 20 times.

Figure 4. One case augmented 20 times.

A batch size of 8 was used to train the AdaPoinTr model with an output resolution of
1536 points. The AdamW optimizer was used with a weight decay of 0.0005 and a learning
rate of 0.0001 combined with a lambda scheduler triggered every 21 epochs with a decay
coefficient of 0.9 and a minimum value for learning rate of 0.000002. We used a batch
normalization scheduler that triggers every 21 steps as well with decay coefficient of 0.5 on
the moving average, a high momentum of 0.9, and the lowest value possible for a moving
average as 0.01 of its initial value.

Training was conducted using a cluster with GPU NVIDIA A100-SXM4-40GB, 32 GB of
RAM allocated and six CPU cores over three days (no limit on epochs). The loss converged
after approximately 60 epochs for training and 70 epochs for validation (Figure A3). The
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model of the last epoch was chosen as the best model to avoid overfitting. For the loss,
we used a linear combination of CD and normalized infoCD. The value of infoCD was
multiplied by 10−4. The combined loss was used to adjust the gradients for backpropagation
during the training. Five models were trained and validation set was varied among them.

3.6. Post-Processing
3.6.1. Ordering Point Cloud

To make a spline representation of the margin line, the point cloud should be ordered,
which is not the case when the model produces an output. The travel sales person method
was used to order the point cloud based on the Trimesh python library using the function
trimesh.points.tsp(). This function selects an arbitrary starting point p0, then seeks the
closest point p1 using the shortest euclidean distance, and continues until visiting the
whole set of points to finally return to p0. With this technique, some points that are not
close enough to a neighbor might not be visited until the algorithm has made a complete
lap of the margin line. Such points would be added at the end just before revisiting p0
(Figure A4).

To overcome the ordering issue within our computational complexity (more than
1500 points), we investigated any anomalies in the last 10% of points and replaced them
with new points interpolated between the two neighbors they are supposed to have. To
identify an anomaly at a point pi, we checked whether the distance to the previous neighbor
dist(pi, pi−1) is abnormally long (more than three times the mean distance from one point
to its neighbor) and its distance to p0, dist(pi, p0) is shorter than the distance of its previous
neighbor to p0, dist(pi−1, p0). The set of points being anomalies can be defined as follows:

Pi ∈
((

dist(Pi, Pi−1) > 3 · d̄
)
∩
(

i > n− n
10

)
∩ (dist(Pi, P0) > dist(Pi−1, P0))

)
(7)

3.6.2. Spline

Once our point cloud is ordered, a B-spline is generated using the scypi.interpolate.splprep()
function from Scipy python library. This function receives a point cloud and a smoothness
factor and returns the B-spline parameters (knot vectors, control points, and degree of
spline). Because a high precision is required, we chose a small smoothness factor of 0.015
based on qualitative observation of the results.

3.6.3. Removing Outliers

Before the prediction of spline parameters, it was necessary to remove outliers from
the predicted point cloud to obtain smooth and precise splines. Our novel post-processing
was based on local density and first component of principal component analysis (PCA). To
evaluate if a point is an outlier [57], first we calculate the average distance di for each point
pi based on its Euclidian distances with its k nearest neighbors qj(j = 1 . . . , k) such as:

d̄i =
1
k

k

∑
j=1

dist(pi, qj) (8)

Then we calculate the local density LD of pi defined as:

LD(pi) =
1
k ∑

qj∈KNN(pi)

exp
(
−

dist(pi, qj)

d̄i

)
(9)

where KNN is the k nearest neighbors of pi. Then, from the observation of LD for each
case, we define a threshold ε = 0.4 to flag every point pi with LD inferior to ε as an outlier.
We decided to take k = 50 in our analysis. The parameters for ε and k were chosen by
qualitative observation. For example, we observed that when the LD value for a point was
below 0.4, this point would be isolated.
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Using the local density calculations alone, another problem could arise when the
predicted point cloud has some gaps. Some points will be identified as outliers because
they do not have enough neighbors while they are not outliers in reality (Figure 5). To
overcome this issue, we proposed to check whether a point pi identified as an outlier follows
the tendency of its neighborhood (k = 50). We used PCA first component to determine
tendency (Figure 5), and made a projection p′i of pi to the tendency ray. If the distance
dist(pi, p′i) is greater than a relative threshold of 0.1, then pi is considered an outlier. The
post-processing process is illustrated in Figure 6.

(a) Outliers identifications with local density
alone.

(b) Outliers identifications with local density
and PCA.

(c) PCA first component.

Figure 5. Identifying outliers with (a) local density only; (b) with local density and PCA; (c) first
component of PCA. Purple represents outliers in (a,b). With both local density and PCA, less outliers
are observed.
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Figure 6. Illustration of the post-processing procedures to remove outliers.

4. Results
4.1. Prediction of Margin Lines

Table 3 shows the overall accuracy of the five folds reported in terms of the cham-
fer distance L1 norm (CD). CD was reported for the raw prediction of the margin line
point cloud before removing outliers and for the spline fitted on the point cloud after
removing outliers. The percentage of outliers is also presented in the table. According to
the Shapiro–Wilk test, the results for the percentage of outliers and CD are not normally
distributed. Therefore, we reported the median values in the table. In addition to the five
individual folds, we reported the results obtained by their combination (i.e., best of five
folds) as shown in the table. This combined result was obtained by identifying the model
with the least percentage of outliers for each case, and selecting it to provide the point
cloud of the margin line for that case.

As shown in Table 3, the individual models trained with the five folds yielded different
results for CD of the raw predictions ranging from 0.121 to 0.134, and the splines ranging
from 0.139 to 0.151. The CD values for splines were higher than raw predictions of point
clouds for all models. It was also observed that the model with the minimum CD for raw
prediction (i.e., fold 2), scored also the least for spline CD. The model with the minimum
percentage of outliers (i.e., fold 4) did not provide the least CD neither for raw predictions
nor for splines. It is also observed that the combined model (i.e., best of five folds) scored
the minimum CD for splines compared with all individual folds. This is also true for the
percentage of outliers, except for fold 4 which had also no outliers.

Table 3. Median values of: (1) CD and HD of raw point cloud predictions and splines; (2) the
percentage of outliers and confident predictions for five folds and combined model.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Best
of 5

Folds

Raw prediction CD [mm] 0.134 0.121 0.132 0.129 0.134 0.126
Spline CD [mm] 0.151 0.139 0.149 0.147 0.146 0.137
Raw prediction HD [mm] 0.327 0.268 0.301 0.277 0.304 0.260
Spline HD [mm] 0.276 0.233 0.266 0.249 0.263 0.242
Percentage of outliers [%] 0.130 0.130 0.065 0 0.065 0
Percentage of confident predictions [%] 68.66% 73.88% 76.12% 79.85% 73.13% 88.81%
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4.2. Uncertainty Quantification (UQ)

Figure 7 shows the point cloud raw prediction of margin lines for four test cases at
different positions (It is important to note that we are following the FDI World Dental
Federation (ISO) notation for teeth numbering). It is observed that at regions where
predictions match the ground truth, the output point cloud is dense whereas at regions
where there are discrepancies, the output point cloud is sparse and far from the actual
ground truth. Based on this inherent characteristic of the AdaPoinTr network, a confidence
metric was synthesized to quantify uncertainty by identifying outliers based on local
density and PCA.

Figure 7. Predicted margin line point clouds of four test cases of different positions compared with
ground truth. Red is the prediction, green is the ground truth.

Table 4 shows the correlations between the supervised metric CD and the proposed
confidence metric for the five individual folds and the combined model created based on
the unseen test set. The correlations were presented in terms of accuracy, sensitivity, and
precision. The combined model was postulated based on voting among the models of
the five folds. If three or more models voted as not confident, the combined model is not
confident. It is observed in the table that no model could be classified as the best for all
the different metrics simultaneously. The table also demonstrates that all models provided
sensitivity and precision around 90% with averages of 91.92%± 3.00% and 91.64%± 2.55%,
respectively. Interestingly, the combined model provided scores close to average of the
five individual models for all the metrics. The accuracy for all models was between 80%
and 90% with an average of 87.76%± 2.34%. Table 5 presents the correlations between
CD and the confidence metric for the five folds based on the validation set. In general, the
correlation metrics of all folds were lower for the validation set compared with the test
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set. The average values obtained on the validation sets were 81.03%± 2.11% for accuracy,
86.79%± 5.84% for sensitivity, and 88.09%± 3.58% for precision.

Table 4. Correlations between confidence metric and CD for five individual folds and combined
model on the unseen test set.

CD versus Confidence Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Combined

Accuracy 88.81 88.81 88.81 88.81 83.58 86.57
Sensitivity 89.69 91.18 93.94 96.00 88.78 92.08
Precision 94.57 93.94 91.18 89.72 88.78 90.29

Table 5. Correlations between confidence metric and CD for five individual folds on the valida-
tion sets.

CD versus Confidence Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Accuracy 81.97 79.78 80.77 84.07 78.57
Sensitivity 84.62 80.15 92.54 93.62 83.94
Precision 91.67 91.60 83.22 86.84 87.12

4.3. Effect of Outliers Removal

Figure 8 shows outliers in the raw predictions of four test cases (two anterior and two
posterior). It also demonstrates the effect of removing outliers on the predicted splines
for these cases. The model trained with fold 2 was selected to provide the predictions.
For the four test cases, the predicted splines after removing outliers look closer to the
ground truth margin lines shown in the figure compared with the splines before removing
outliers. The confidence metric and CD are also presented for each test case. The CD
values were reported by comparing the spline after removing outliers with the ground
truth, whereas the confidence metric was reported based on the percentage of outliers
without information about the ground truth margin lines. With a few number of isolated
outliers as for cases of positions 11 and 26, the CD values were relatively small (i.e.,
smaller than the median of 0.139), and the predictions were confident according to the
proposed confidence metric. The CD for test case of position 12 was relatively high (i.e.,
0.210 > 0.139). However, the predicted spline was similar to the ground truth margin line
and the confidence metric yielded confident as shown in Figure 8. The prediction of the
last test case of position 25 showed a wider region of outliers, which resulted in a higher
CD and a non-confident prediction.

Figure 8. Qualitative comparison of margin lines obtained using the proposed framework showing
the predicted points with outliers highlighted, the predicted margin line splines with outliers (base-
line), the predicted splines without outliers improvement, and the ground truth margin lines. The
chamfer distance and confidence metric are also presented for each test case.
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4.4. Overall Qualitative and Quantitative Evaluation

Figure 9 shows the overall qualitative and quantitative efficiencies of the proposed
framework for a variety of test cases spanning various teeth positions. For all the presented
cases, the figure shows clear correspondences between margin line prediction as a spline
after removing outliers and the ground truth margin lines. Most of the presented cases
demonstrate low values of CD with a confident prediction. Cases with irregular shapes,
as the one presented for position 27, showed a high value for CD and a non-confident
prediction. In terms of other evaluations metrics, Table 3 reports median values of HD for
the raw predictions and splines representing the margin lines. As shown in the table, HD is
more strict than CD because it focuses on extreme points and is more sensitive to outliers.

Figure 9. Qualitative and quantitative results comparing the margin line predictions using our
proposed model with the ground truth.

4.5. Example of a Challenging Case

A test case of position 34 is presented in Figure 10. When compared to the ground
truth, the reported CD for this case was 0.792, based on fold 2. This may indicate that
our algorithm failed to predict the margin line. However, the confidence metric returned
a confident prediction based on the presence of only four outliers. As such, this case
represents a false positive. Nevertheless, based on the opinion of a dental expert, there
could be more than one solution to the margin line in such challenging cases due to the
presence of two possible paths with high curvatures. Therefore, the predicted margin line
could be considered as correct for this case.
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Figure 10. Challenging test case showing margin line prediction (dotted) compared with ground
truth (solid), both overlaid on the die. The contours of the mean curvatures values of the die mesh
are shown. Blue represents high curvature and red represents low curvature. The die geometry is
also shown without contours.

5. Discussion

Our analysis and results confirm the possibility of predicting margin lines on the
surfaces of prepared teeth. We propose an end-to-end framework to automatically generate
accurate margin lines in the form of point clouds (CD = 0.126, HD = 0.260) or splines
(CD = 0.137, HD = 0.242). This includes a post-processing procedure to remove outliers,
which enhances the accuracy of the results. The predicted splines without outliers were
closer to the ground truth showing the effectiveness of the proposed post-processing
algorithm to remove noise and produce better margin lines (Figure 8). Furthermore, the im-
plementation of five-fold cross-validation demonstrated the reliability and generalizability
of the proposed deep learning framework (Table 3).

Our methodology to generate margin lines depends on a transformer model with
adaptive query generation and denoising to generate the points representing the margin
line. Previous related work in the literature depended on geometric optimization that
requires initial point selection by the user [19] or segmentation techniques with a limited
dataset [31]. Nevertheless, these approaches did not provide distance measures to quan-
titatively compare predicted and ground truth margin lines. Only recent work by Choi
et al. reported distance measures [32]. The reported HD values by all of our five folds
were less than the threshold of 0.566 mm reported by Choi et al. [32]. In terms of CD, Choi
et al. reported CD L2 values whereas in our analysis we reported CD L1 because it has
a unit of mm, which is more interpretable than CD L2 that has a unit of mm2. For the
purpose of comparison, our CD L2 calculations reported a median value of 0.009 for spline
predictions, which is less than the threshold reported by Choi et al. (i.e., 0.1). In addition,
our framework is fully automated, which distinguishes it from Dentbird hybrid framework
tested by [32]. Additionally, we propose a novel confidence metric as a tool aimed to
provide feedback to users during deployment of the trained model. The confidence metric
aids dental professional by indicating whether to trust generated margin lines without
ground truth. Although, it could be treated as a percentage, we present it in this work as a
boolean metric for simplicity. By estimating the confidence of the generated point cloud,
we provide an UQ tool that can handle noise and outliers in the predictions. Different
from previous studies that used the loss function [47] or sensitivity analysis [58] to quantify
uncertainty, we used the direct output of the model to quantify outliers and evaluate uncer-
tainty. Furthermore, the combination of UQ with ensemble learning resulted in 88.81% of
confident predictions—higher than any of the individual trained folds (Table 3). This also
highlights the efficiency of the ensemble model to make better predictions compared with
individual folds.

While previous work presented confidence scores for point clouds in unsupervised
registration [59] and object detection [60] tasks, to the best of the authors’ knowledge, no
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work has discussed confidence metrics for transformer-based point cloud generation. We
correlated the newly proposed confidence metric with the CD metric based on the validation
and test sets. The implemented five-fold cross-validation reflected the reliability of the
correlation as shown in Tables 4 and 5. It is very critical to avoid false positive predictions
where the model could trust a produced margin line that should not be considered correct.
As such, the precision metric, which was around 90% on average between the validation and
test sets, is considered critical in our case. On the other hand, it will not be dangerous if our
model predicts a non-confident score for a good margin line. In other words, minimizing
the false negative is not as important as minimizing the false positive. The slight deviation
between the confidence metric and CD is because we established the confidence metric
based on a strict boolean. Thresholds could be controlled by end users to be more or less
conservative. In addition, the correlation metric values for the validation set (Table 5) were
slightly lower than the test set (Table 4) due to the presence of more difficult cases in the
validation set. In addition, the number of cases in the test set (i.e., 134) was lower than the
validation set (i.e., 183).

The ablation study presented in Figure 8 demonstrated the effect of our novel technique
of outlier removal on the final prediction of the margin line. Compared to the baseline
model, which predicted a spline without removing outliers, the spline prediction after
removing outliers showed a significant improvement. The spline prediction, representing
the margin line, aligned more closely with the ground truth after the removal of outliers.
Our five-fold cross-validation also showed consistent low values of the percentages of
outliers identified as shown in Table 3 with all values being equal to or less than 0.13%.

Despite the advancement reported in the current study, it has some limitations. The
first one is related to the time needed to obtain a prediction using the combined model,
which is five times higher than a single model. The approximate time to generate a
prediction, remove outliers, and turn it into a spline from one input is around 17 s. This
includes 9 s to load the model and data, 6 s to remove outliers, and 2 s to make a spline.
This time could be reduced using a multi-threading technique during deployment, which is
currently in progress. Overall, the model accuracy and efficiency are expected to improve
by training on a larger and more diverse dataset. The solution proposed is aimed to assist
dental technicians in extracting the margin line. We decided to output the spline as a point
cloud but also as a .json file containing the parameters of the spline. As such, this tool
could be integrated into an API with a user interface that allows the user to move the
control points of the spline to make modification easily and adjust the margin line if needed.
In addition, the margin line extraction tool will be integrated with a crown generation
deployed at https://app.intellidentai.com/ Intellident (intellidentai.com).

Future work should consider the integration of the confidence metric in the loss func-
tion during training and the effect of that on the model accuracy and efficiency. In addition,
methods of continuous learning based on expert feedback during deployment should be
investigated. Recent strides have been made in the application of deep reinforcement
learning in medical and dental imaging [61–63]. Future work can focus on integrating
reinforcement learning such that feedback from deployment could be used to enhance
the predictions of the model. Comparing the proposed confidence metric with alternative
uncertainty quantification techniques should also be explored. Finally, we expect that
implementing more sophisticated augmentation techniques will improve the model perfor-
mance on challenging cases such as the ones presented in Figures 10 and A1. Examples of
additional augmentations include die cropping, geometrical transformation, introducing
random surface noise, and point dropping.

6. Conclusions

This study presented an accurate end-to-end framework to generate margin lines
automatically on the surfaces of prepared teeth using deep learning. Our study contributes
to state-of-the-art improvements in digital dentistry by providing a method to enhance
digital restoration design. For the first time, we proposed a confidence metric on the

https://app.intellidentai.com/
intellidentai.com
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generated point clouds to provide uncertainty quantification of the margin line predictions
in real-time deployment. To validate the reliability of the proposed framework, cross-
validation was used by training five different folds of the deep learning model and ensuring
consistent results for the chamfer distance (CD) and percentage of outliers. We also used
ensemble learning to enhance the prediction of the framework by combining the results
of the five folds. As a result, the obtained median CD on the test cases was 0.137 mm, the
median HD was 0.242 mm, and percentage of confident predictions was increased to 88.81%.
Future work should involve more data for training and testing, real-time deployment in
dental laboratories, and development of a reinforcement learning algorithm to integrate
professional feedback into the proposed framework.
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Appendix A

(a) prediction (b) context
Figure A1. Worst margin line point cloud prediction recorded on a test case considered as a special case.
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Figure A2. Representative frequencies of (a) CD values; (b) percentage of outliers, for the test set
obtained using fold 2 model. CD values start from 0.062 mm because the prediction never matches
the ground truth exactly.

Figure A3. Representative CD training and validation loss curves.

Figure A4. Ordering point cloud using travel sales person algorithm. The 10 lasts points of the point
cloud are shown in red, and the first 10 are shown in blue. Notice that one red point is far from where
it is supposed to be.
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