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Abstract: Automatic and accurate dental arch segmentation is a fundamental task in computer-aided
dentistry. Recent trends in digital dentistry are tackling the design of 3D crowns using artificial
intelligence, which initially requires a proper semantic segmentation of teeth from intraoral scans
(IOS). In practice, most IOS are partial with as few as three teeth on the scanned arch, and some of
them might have preparations, missing, or incomplete teeth. Existing deep learning-based methods
(e.g., MeshSegNet, DArch) were proposed for dental arch segmentation, but they are not as efficient
for partial arches that include imperfections such as missing teeth and preparations. In this work,
we present the ArchSeg framework that can leverage various deep learning models for semantic
segmentation of perfect and imperfect dental arches. The Point Transformer V2 deep learning model
is used as the backbone for the ArchSeg framework. We present experiments to demonstrate the
efficiency of the proposed framework to segment arches with various types of imperfections. Using
a raw dental arch scan with two labels indicating the range of present teeth in the arch (i.e., the
first and the last teeth), our ArchSeg can segment a standalone dental arch or a pair of aligned
master/antagonist arches with more available information (i.e., die mesh). Two generic models are
trained for lower and upper arches; they achieve dice similarity coefficient scores of 0.936 ± 0.008
and 0.948 ± 0.007, respectively, on test sets composed of challenging imperfect arches. Our work
also highlights the impact of appropriate data pre-processing and post-processing on the final
segmentation performance. Our ablation study shows that the segmentation performance of the
Point Transformer V2 model integrated in our framework is improved compared with the original
standalone model.

Keywords: imperfect dental arch; 3D teeth segmentation; digital dentistry; mesh registration;
deep learning

1. Introduction

In North America, dental clinics handle millions of dental reconstructions annually.
The intricacies and irregularities in teeth alignment pose a daunting challenge for manu-
ally segmenting optical scans, typically consuming an average of 45 min to complete [1].
Moreover, due to occlusion, digital scans often contain partially missing data. Types of
imperfections may entail partial arches, missing teeth, presence of preparations, and noise.
According to the statistics of an in-house clinical dataset acquired with the help of a col-
laborating dental laboratory, the percentage of full arches was less than 17% among upper
arches and less than 20% among lower arches. The presence of imperfections hinders the
correct segmentation of dental arches.
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The use of machine learning algorithms in digital dentistry has significantly increased
during the past few years [2–4]. A recent review on tooth segmentation from CBCT images
reported issues related to the low amount of available dental data and non-uniformity of
evaluation metrics [5]. The same challenges exist in segmentation of teeth from 3D surface
scans. Moreover, to the best of the authors’ knowledge, published research on dental
arch segmentation from 3D surface scans focused on full or perfect arch segmentation
such as MeshSegNet [6,7], Dental Arch Prior-assisted 3D Tooth Instance Segmentation
(DArch) [8], dynamic graph convolutional neural network (DGCNN) [3], and tooth seg-
mentation using generative adversarial networks [9]. Therefore, it is important to develop
an automatic, generic, and accurate framework capable of efficiently segmenting dental
arches with imperfections.

In this work, we mainly focus on four main types of imperfections in dental arches,
which are classified as follows according to increasing level of difficulty:

(1) Partial arch with less than eight teeth without preparation. This scenario is challenging
from a registration point of view because the scan is short and does not always form a
curved arch.

(2) Partial arch with a preparation. The preparation needs to be segmented accurately
because it is required for the dental crown design.

(3) Partial arch with only missing tooth with or without space. The most difficult situation
is an arch with a missing tooth without space.

(4) Partial arch with a preparation and a missing tooth. This is the most challenging
situation because it combines Scenarios 2 and 3.

Segmentation of 3D dental arches is a fundamental task for various computer-aided
dental treatments, in particular dental crowns [3]. In the context of dental crown restoration,
we distinguish between master and antagonist arches. The master arch usually contains a
prepared tooth, centered between two adjacent teeth, to receive a crown treatment. The
antagonist arch opposes the master arch and provides occlusal constraints for the designed
crown. Because the antagonist arch does not usually possess a preparation, its segmentation
framework could be different than the master arch. In this work, we aim to propose an
end-to-end framework for tooth segmentation that could be utilized for a variety of dental
treatments including dental crown design.

Our main contributions are as follows:

• A dental arch segmentation framework is designed and implemented to integrate
customized trained models which demonstrate robust, scalable, and efficient perfor-
mance on new data. The model is deployed at https://app.intellidentai.com. Different
published deep learning models could be integrated in the segmentation framework
based on the selection of the user.

• A new registration method is applied to bring perfect and imperfect arches in a
unified and consistent coordinate system. Most of partial arches do not have an
arch shape but rather a rectangular one. This misguides the registration during the
lingual/buccal identification. Inspired by this observation, we add a set of three-class
models for gingiva cleaning to enhance the registration. Because our dataset contains
preparations, we train three-class models to separate preparations from teeth and
gingiva. The three-class prediction was also applied in the post-processing in order to
remove extra teeth labeling.

• Novel data augmentation methods are implemented to improve trained model per-
formance for limited datasets. A jaw slicing method is developed to augment the
training data with more partial arches. A missing teeth augmentation method is also
implemented to improve balance in the training dataset.

The rest of paper is organized as follows. Related work is briefly reviewed in Section 2.
Each component of the ArchSeg framework is detailed in Section 3. In Section 4, we present
experimental results and discuss the effectiveness of different components of ArchSeg via
detailed ablation studies. The paper is concluded in Section 5.

https://app.intellidentai.com
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2. Related Work

Advances in digital dentistry have significantly transformed the way dental care is
delivered, enhancing precision, efficiency, and patient outcomes through cutting-edge
technologies such as CAD/CAM systems and artificial intelligence (AI). Utilization of
CAD/CAM technology offers enhanced precision and reproducibility, leading to better
patient satisfaction and reduced clinical time [10–13]. Advanced digital imaging techniques
have enhanced the accuracy and efficiency of assessing occlusion, which are crucial for
effective treatment planning [14]. AI is also revolutionizing digital dentistry by making
procedures faster and more personalized, offering enhanced diagnostics, automation, and
continual learning [15,16].

Advanced diagnostics, precise prosthetic design, and accurate treatment planning
demand automated and precise identification and analysis of individual teeth in medical
imaging, such as X-rays, CT scans, and 3D intraoral scans. Therefore, accurately identi-
fying and separating teeth from the surrounding tissue through semantic segmentation
is crucial. Various methodologies like those introduced in [3,8] have advanced this goal,
albeit with limitations in handling dental irregularities and anomalies. Techniques such as
DentalMAE [17] and DBGANet [18] further contribute to this domain by offering advanced
frameworks for 3D dental model segmentation. Nevertheless, these methods grapple with
challenges in broader clinical adoption and performance in specific conditions. CNNs [19]
and deep learning advancements [20] signify major strides forward in addressing root
anatomy and artifacts in CBCT images [21,22]. Yet, they encounter obstacles in data annota-
tion and model generalization, highlighting the ongoing need for innovative solutions.

In response to these barriers, the field saw the integration of novel methods by the
authors of [23] and the development of a segmentation and labeling framework in [24]. Each
was designed to enhance model accuracy further and handle dental abnormalities more
effectively. Similarly, a recent work on utilizing a single 3D intraoral scan for segmentation
opened new pathways for self-supervision methods in digital orthodontics, directly tackling
the issue of manual labeling and data scarcity [25].

The evaluation of AI-generated tooth models in [26] aimed at overcoming the challenge
of producing accurate tooth models for clinical scenarios with mild crowding and without
dental restorations. This exploration into AI-driven methodologies highlighted the potential
for increased efficiency and effectiveness, yet also emphasizing the necessity for research
on complex scenarios.

Nevertheless, segmentation on non-Euclidean data through MeshSegNet [7] and Point-
Net [27] received a substantial amount of attention by the digital dentistry community.
These methods were developed in direct response to the limitations of traditional voxeliza-
tion techniques, offering innovative solutions to accurately model the complex geometry of
teeth and gums. However, due to the huge variability and complexity of dental data, these
methods also faced the challenge of accurately processing dental models with missing teeth,
partial arches, and dental preparations. Subsequent advancements pushed the boundaries
of accuracy and efficiency [28–30]. While showcasing the potential for handling complex
dental anomalies, these methods also faced challenges in processing dental models with
extreme abnormalities or incomplete scans, emphasizing the crucial need for enhanced
model generalization on imperfect arches.

The advent of transformer-based methods, illustrated in [31–35], highlight a significant
shift towards using transformer architectures for understanding 3D point clouds. With
innovations such as group vector attention and partition-based pooling methods, these
models offer a substantial leap in capturing the intricate patterns within dental point clouds.
Despite recent advances in dental segmentation, applying these methods to complex cases,
such as those with missing teeth or partial arches, remains a significant challenge. The
state-of-the-art methods for dental arch segmentation still face practical limitations in real-
world applications, particularly when dealing with partial arches or full arches that contain
imperfections. Therefore, we propose a novel arch segmentation framework ArchSeg which
is robust to variations in dental data. We demonstrate that ArchSeg performs well for full



Appl. Sci. 2024, 14, 10784 4 of 20

and partial arches with or without missing teeth. Our proposed framework is also tuned to
segment arches with dental preparations, which provides the necessary teeth context to
support crown generation using AI.

3. Methods
3.1. Data Acquisition and Labeling

The data were acquired from the Montreal dental lab Kerenor. The dataset consists of
1006 upper and 984 lower arches. The dataset was segmented by dental technicians and
dental interns using a commercial segmentation software. We used the FDI (Federation
Dentaire Internationale) notation system for labeling teeth. However, we also applied a
17-class notation for model training and inference (0 for gingiva, 1–14 for normal teeth, and
15, 16 for wisdom teeth). Both FDI and the 17-class notations are illustrated in Figure 1.
Note that all colored dental arches were generated using Mesh Labeler (v.3.36) [36]. Our
framework also utilized a 3-class segmentation model during pre-processing and post-
processing to distinguish teeth from gingiva and preparations, if they exist, as follows
(0: gingiva, 1: tooth, 2: preparation).

Figure 1. (left) Mapping between FDI and 17-class notation; (right) A labeled full upper arch and a
labeled full lower arche visualized with Meshlabler.

Inspired by the natural form of a full dental arch, a coordinate system was defined
in which the arch was centered at its center of mass and opened toward down/up for
upper/lower arch as shown in Figure 1. We refer to this coordinate system as the Global
Coordinate System (GCS).

3.2. Arch Cleaning and Simplification

There may exist small disconnected pieces captured in digital scans. These outliers are
useless but impact the registration process as well as the segmentation results. To remove
such outliers, we cleaned disconnected parts of an input arch using a size threshold of 5% of
the input mesh size. A dental model captured by an intraoral scan normally contains more
than 200,000 faces [28]. To improve efficiency, model training often needs a simplification
of the input mesh to accelerate the training and evaluation procedures. For example,
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MeshSegNet [7] used a predefined size of 10,000 faces. We applied mesh simplification
using quadratic downsampling with volume preservation to obtain decimated arches
comprising approximately 10,000 triangles.

3.3. Registration Based on Oriented Bounding Box (OBB)

After aligning the oriented bounding box (OBB) of each labeled large-span arch in
GCS, we obtained the average teeth centroids for each tooth position in GCS as illustrated
in Figure 2. The arch was positioned in the x–y plane with all teeth positioning toward the
z-positive direction.

(a) (b)

(c) (d)

Figure 2. Determining teeth centroids of segmented arches. (a) Teeth centroids of upper
arches, (b) Average upper teeth centroids, (c) Teeth centroids of lower arches, (d) Average lower
teeth centroids. Different colors correspond to different teeth types.

We registered both full and partial arches with the guidance of these average teeth
centroids and range labels. Teeth centroid information, considered as a part of the registra-
tion method, was consistently applied to process data during training and inference. The
registration method can be described in 4 steps:

(1) Bring the center of mass of each input mesh to origin;
(2) Compute the oriented bounding box (OBB) of the centered mesh with the class

vtkOBBTree of the VTK library [37]. More specifically, OBB is constructed by finding
the mean and covariance matrices of the cells (and their points) that define the mesh.
The eigenvectors of the covariance matrix are extracted, offering a set of orthogonal
vectors that define the tightest-fitting OBB;

(3) Align the obtained OBB in the x–y plan of GCS in a way that the largest edge follows
the x-axis (the width of an arch), the second largest edge is in the y-axis (the height of
an arch), and the smallest edge is in z-axis, the height of teeth on the arch;

(4) Compute the required translation and rotation in the x-y plan using the estimated
center of input arch, the centroids of teeth computed in Figure 2, and the start and
end teeth labels specified by the user. The centroids between the start and end labels
influence the translation and the two centroids of start and end labels influence the
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rotation. Then, position the arch in the GCS using the constructed transformation
matrix.

Figure 3 illustrates the steps of our registration method with a lower partial arch for
which start tooth label1 = 43 and end tooth label2 = 46. In Step 3, the first principal axis
of the arch OBB was aligned with the x-axis. While it is relatively easier to register full
arches (with more than 8 teeth), there exist issues with registration of partial arches. In
short partial arches (containing 3 or 4 teeth), it is challenging to identify the lingual buccal
side. Therefore, for partial arch registration in the GCS, we relied on both the first and last
labels provided by the user. The die mesh, if available, could also be used to enhance the
lingual buccal identification. This could be achieved if the label of the provided die is the
same as the first or last labels or close to either of them. The centroids shown in Step 4
are added for demonstration purposes. The die mesh is not only helpful for registering
and segmenting arches but is also the essential part used to define a context with a pair of
aligned master and antagonist arches for dental crown design purposes.

(a) (b)

(c) (d)

Figure 3. Illustration of the OBB-based registration method for a lower partial arch. (a) Step 1: center
mesh, (b) Step 2: compute OBB, (c) Step 3: align OBB to x–y plan, (d) Step 4: map mesh to GCS.

Figure 4 shows a set of upper arches before and after registration. The OBB-based arch
registration is the most important pre-processing step to bring different types of arches
(full and partial) to a common GCS. Figure 5 illustrates lingual buccal ambiguity for certain
partial arches. In both left sub-figures, we put a registered full lower arch as a reference.
For this example, the die mesh is at the middle of the partial arch, so it is not helpful. This
example shows that the registration has an important impact on the segmentation result,
especially for partial arches.
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(a) (b)

Figure 4. Illustration of a set of upper arches before (left) and after being registered (right).
(a) Original arches, (b) Registered arches.

(a) (b)

(c) (d)

Figure 5. Illustration of registration failure caused by lingual buccal ambiguity and its effect on
segmentation performance. (a) Failed lingual/buccal detection, (b) Prediction with failed registration
(c) Lingual/buccal flipping, (d) Prediction with corrected registration.

3.4. Data Augmentation Methods

To balance the training dataset with more rare cases and improve the model’s general-
ization, we introduced augmentations for missing teeth and partial arches.

3.4.1. Missing Teeth Augmentation

Given a segmented arch, the number of extracted teeth was determined and candidates
were extracted in a predefined or random way. Preparations, if existing, were excluded
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from extraction. The missing teeth augmentation method was composed of essentially 3
steps:

(1) extract candidate teeth from the arch and fill holes with gingiva;
(2) map labels of original arch to the processed arch;
(3) manually repair the labeling, if needed, with Meshlabler.

Figure 6 illustrates the missing tooth augmentation method by extracting Teeth 16 and
23 from the upper arch.

(a) (b)

(c) (d)

Figure 6. Procedure of missing tooth augmentation. (a) Original ground-truth-labeled arch, (b) Arch
with tooth extraction, (c) Arch after label mapping, (d) Final arch with missing teeth.

3.4.2. Jaw Slicing Augmentation

To enhance the generalization of the segmentation framework for partial arches, we
integrated an augmentation method to slice a full segmented arch and extract several
partial arches from it.

Given a segmented arch and a window size (the number of teeth to keep in the sliced
jaw), the slicing jaw method generated all possible sliced jaws by iteratively keeping only
the selected number of teeth and adding extra closing gingiva with a threshold (5 mm
by default).

Figure 7 shows the result obtained with our slicing jaw augmentation. From an arch
initially comprising 11 teeth and a slicing window size of 6, 6 partial arches with 6 teeth
each were obtained. Note that the window size was defined as the number of teeth present
in the sliced jaw. For an arch with a missing tooth, the sliced jaw of the same window size
should be greater by one because the missing tooth is ignored during slicing.
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Figure 7. An example of slicing jaw augmentation with a window size of 6.

3.5. Model Training

PTV2 [34] was a point-based transformer model for point cloud representation learning
and segmentation. It improved PTV1 [33] with an efficient grouped vector attention and
a partition-based pooling strategy. It was experimented on with public datasets such as
ScanNet v2, S3DIS, and ModelNet40 and achieved state-of-the-art performance on point
cloud classification and semantic segmentation benchmarks. PTV2 was chosen in this work
due to its high proven potential in semantic segmentation tasks on 3D data. Automated
processing and analysis of intraoral 3D dental scans exhibit a high level of challenge due the
high variability and complexity associated with different cases. It is among the objectives
of this work to test and report the performance of PTV2 for segmentation of partial and
imperfect dental arches. Because the curvature values vary abruptly around each tooth
boundary, it has been well-established that adding discrete curvature channels on mesh
vertices is expected to improve boundary segmentation accuracy [38,39].

Three major segmentation frameworks were trained: a 17-class upper, 17-class lower,
and a 3-class model for both upper and lower arches. For each framework, we used
PTV2 [34] as the deep learning model and trained with 5-fold cross-validation. Conse-
quently, 15 trained models were obtained. We trained models for lower and upper arches
separately because the shape of teeth for the lower arch is different from that of upper. For
example, the incisor teeth in upper arches are larger than those in lower arches. The 3-class
models were trained with both lower and upper arches, but registered as lower arches. To
enhance the registration step, the 3-class models were used to clean the master arches from
excessive gingiva, which may have caused registration failure. The proper registration of
master arches was particularly important, because the corresponding antagonist arch was
registered using the same transformation matrix of its master arch. The 3-class models can
also be used to separate teeth from gingiva and localize the preparations in the arches.

3.6. Data Pre-Processing

Our dataset contained arches classified as master arches with preparations or an-
tagonist arches in addition to a die mesh. The dataset was split into upper and lower
arches. Therefore, both master antagonist types of arches may exist in either the lower or
upper datasets. After the annotation of arches, we applied the missing tooth augmentation
method described in Section 3.4.1 to each relatively full arch (with more than 9 teeth) and
generated two augmented arches with 2 and 3 missing teeth.
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The procedure to prepare training set is as follows:

(a) Clean and decimate the input arch to 10k triangles approximately;
(b) Register decimated original arches and synthetic arches with missing teeth;
(c) Slice each registered arch with different window sizes, select 3 randomly, and upsam-

ple to 10k triangles;
(d) Apply reflection augmentation around the x-axis;
(e) Apply translation, rotation, and scaling augmentations within small ranges;
(f) Split the dataset into 5 folds for cross-validation.

The ranges for rigid transformation were ±5 mm for translation in the x and y axes,
±2 mm for translation in the z axis; ±5 degrees for rotation in the x and y axes, and
±15 degrees for rotation in z axis, and [0.9, 1.1] for scaling. Min–max normalization of
arches was used based on the origin of GCS.

3.7. Loss Function and Evaluation Metrics

The PTV2 models were trained with a loss based on the Dice Coefficient (DC) defined
in [40] and generalized by introducing an exponent parameter d as shown in Equation (1):

DC =
2 ∑N

i pigi

∑N
i pd

i + ∑N
i gd

i
(1)

where pi ∈ P is prediction and gi ∈ G is ground truth, with both meshes having N
triangles, and d = 2 [40]. A Generalized Dice loss (GDL) function was defined with DC by
considering the number of classes and the weight of each class as shown in Equation (2):

GDL =
∑C

i wi(1 − DCi)

C
(2)

where C is the number of classes and w is the weight. Three performance evaluation
metrics were used for model evaluation: (1) the dice similarity coefficient (DSC); (2) the
sensitivity (SEN); (3) the positive prediction value (PPV) [7].

3.8. Training Details

Figure 8 illustrates the architecture of the PTV2 network integrated in the ArchSeg
framework. Under each stage block, the number of sampled points and feature dimensions
are indicated. PTV2 adopts the U-Net architecture with skip connections. There are four
stages of encoders and decoders with block depth [2, 2, 6, 2] and [1, 1, 1, 1], respectively.
Details on the Grouped Vector Attention (GVA) and the partition-based pooling blocks can
be found in [34].

Figure 8. PTV2 model in ArchSeg framework. MLP: Multilayer perceptron; GVA: Grouped
vector attention.

The training set for the upper and lower models contained 312 and 300 arches, respec-
tively. Compared to the default PTV2 setting, we added curvature as a new feature because
the tooth boundary is sensitive to the curvature values. Our model hyper-parameters in-
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cluded num_classes = 17, batch_size = 256, optimizer = AdamW, learning_rate = 0.05 with
a scheduler of type OneCycleLR, weight_decay = 0.02, number of feature channels = 9 for
each triangle in the mesh representing its barycenter coordinates (3), its normal (3), and its
discrete mean curvatures (3). Most of the aforementioned parameters except num_classes,
batch_size, and curvature channels were selected as suggested by previous experimental
testing of PTV2 [34] on ScanNet [41].

For the lower arches, we used window sizes of 5, 6, 7, and 8 for slicing jaw augmen-
tation. The training dataset size was 32,000 cases after augmentation. The number of
epochs was 100. For the upper arches, we applied smaller window sizes for slicing jaw
augmentation 3, 4, 5, 6. The size of the training dataset was 60,000 cases after augmentation.
The number of epochs was 200 for this training.

For 3-class training, 524 arches were selected. Only arches with preparations were
augmented with slicing jaw, and only sliced jaws with preparations were kept using
window sizes of 3, 5, and 7. After missing tooth and slicing jaw augmentations, we
obtained 1435 arches. After standard augmentation, the training dataset had 33,000 cases.
The number of epochs for this training was 300.

All PTV2 models were trained with 5 CPUs together with 2 NVidia A100 GPUs thanks
to the resources of Digital Research Alliance of Canada. The PTV2 transformer-based model
had more than 11.3 M trainable parameters. Note that PTV2 can be trained with multiple
GPUs, which accelerates the training process. All predicted results were further refined by
a specific graph-cut post-processing [42].

3.9. Test Set

To evaluate the effectiveness of the proposed segmentation framework, we tested it on
challenging cases with a variety of imperfections. A commercial CAD software EXOCAD
(DentalCAD 3.0 Galway; EXOCAD GmbH, Darmstadt, Germany) was used to segmented
30 upper and 30 lower partial arches to provide the ground truth. All cases were partial
with less than 8 teeth and unseen by the trained models.

4. Results and Discussion

Using the previously described methods, we proposed a novel dental arch segmen-
tation framework ArchSeg. Figure 9 illustrates our segmentation framework in detail.

Figure 9. ArchSeg: the proposed segmentation framework.

There are two premises that help in building this framework. The first one is gingiva
cleaning, which is helpful for arch registration. The second one is the three-class predic-
tion, which is more robust than the seventeen-class model because it was trained with a
smaller number of classes. In the proposed segmentation framework, we defined a general
segmentation procedure as a module composed of three functions: registration, prediction
with pre-trained models, and post-processing with extra information.

For an input arch, the first step is pre-processing as discussed in Section 3.2. Small
disconnected outliers are removed and the input arch is decimated. The next step is gingiva
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cleaning, which is an instance of segmentation procedure with a three-class pre-trained
model. The objective of gingiva cleaning is to remove extra gingiva that may hinder
registration of partial arches with lingual/buccal ambiguity as shown in Figure 5. The
output of gingiva cleaning is two meshes. The first mesh contains teeth, preparations,
and few gingiva triangles around the boundaries of teeth. The second mesh contains the
remaining gingiva, which is ignored in the next step and restored to obtain the final output.
The gingiva-cleaned three-class mesh is the input of the next step, which is another instance
of the segmentation procedure with a 17-class pre-trained model.

4.1. Statistics and Types of Imperfections in Our Dataset

Figure 10 illustrates the distribution of the four imperfectness categories in our training
set. Arches of Categories 2 and 4 are master arches, otherwise they are antagonist arches.
Note that only 35% upper and 32% lower arches in our training set were partial with less
than eight teeth.

Figure 10. Distribution of imperfectness of dental arches.

Figure 11 illustrates examples of partial arches with different imperfectness in our
partial arch test set. Figure 11 also shows an additional imperfectness that was not discussed,
which is incomplete side tooth. An example is shown in the second row at the third column
in Figure 11. Incomplete side tooth may cause a registration inaccuracy because OBB
registration for partial arches depends on the teeth label range. In addition, it may assign
one of the class-wise DSC values to zero (or a relatively low score).

Figure 11. Different partial arches, first/second row are upper/lower partial arches of different
imperfectness. From left to right: partial only, partial with preparation, partial with missing tooth,
and partial with both a preparation and a missing tooth.
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4.2. Results with Default Settings

Table 1 shows the three-class segmentation results achieving values of 0.95 and above
for all metrics and classes. For both the DSC and PPV metrics, the segmentation accuracy
for a tooth was higher than gingiva and preparation. For the SEN metric, the segmentation
accuracy for the preparation was the highest. Overall, the segmentation accuracy for
the three classes was higher than 0.95 for all metrics. Figure 12 presents the class-wise
performance of our 17-class segmentation framework with default settings for partial arch
test set. The figure shows that the segmentation accuracy is almost comparable for both
the upper and lower arches for all the three considered metrics. In addition, it was also
observed that the segmentation accuracy approaches or exceeds 0.9 for almost all positions
across the three considered metrics.

Table 1. Class-wise test performance of 5-fold trained 3-class models with majority voting in terms of
three evaluation metrics: DSC, SEN, and PPV.

Class Gingiva Tooth Prep

DSC 0.956 0.975 0.951
SEN 0.963 0.972 0.983
PPV 0.950 0.978 0.951

(a) DSC

(b) SEN

(c) PPV

Figure 12. Class-wise performance with default framework settings in terms of three evaluation
metrics: (a) DSC, (b) SEN, and (c) PPV of a test set with 30 upper and 30 lower partial arches.
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Figure 13 shows examples of representative qualitative results. We do not put the
ground truth to save space, particularly because most of the cases presented high DSC
scores. We can observe that our trained model can segment the wisdom teeth and properly
remove the missing tooth. Because we registered the antagonist with the help of the master
registration matrix by default, the wall-time needed for segmenting a pair of decimated
(10k) and aligned master/antagonist was about 25–30 s.

(a) DSC = 0.974 (b) DSC = 0.984 (c) DSC = 0.970 (d) DSC = 0.989

(e) DSC = 0.989 (f) DSC = 0.988 (g) DSC = 0.980 (h) DSC = 0.988

Figure 13. Examples of segmentation results of default settings with PTV2 trained models for 4 lower
(top row) and 4 upper (bottom row) partial arches. Each column corresponds to a different type
of imperfectness.

4.3. Comparison with MeshSegNet

As a baseline, we trained the well-known MeshSegNet [6] with similar pre-processing
and dataset. Figure 14 shows the segmentation results for the same cases illustrated in
Figure 13. We can observe that PTV2 outperforms MeshSegNet in terms of DSC for all
cases. The segmentation accuracy for PTV2 is higher than that of MeshSegNet with values
of percentage increase ranging from 1.1% to 15.5%. One explanation is that the transformer-
based model PTV2 is much larger than the graph convolution network-based MeshSegNet
in size. The number of parameters of PTV2 is 11.4 M, whereas that of MeshSegNet is 1.8 M.
Another explanation is that the self-attention, group attention, and appropriate position
encoding allow PTV2 to achieve a higher accuracy for large and complex 3D point cloud
representation compared with MeshSegNet.

(a) DSC = 0.963 (b) DSC = 0.970 (c) DSC = 0.963 (d) DSC = 0.978

(e) DSC = 0.924 (f) DSC = 0.956 (g) DSC = 0.791 (h) DSC = 0.834

Figure 14. Examples of segmentation results of default settings with MeshSegNet-trained models for
4 lower (top row) and 4 upper (bottom row) partial arches. Each column corresponds to a different
type of imperfectness.
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4.4. Dice Similarity Coefficient (DSC) for Imperfect Arches

DSC as a segmentation metric has been widely applied for semantic segmentation of
teeth [7]. But in the context of imperfect dental arch segmentation for crown generation,
there are two concerns to be highlighted. First, DSC always overestimates the average
performance because all absent classes obtain a score of one. For a partial arch with less than
eight teeth, the average class-wise DSC is always larger than 10/17 (≈0.588). On the other
hand, DSC does not reflect the quality of the segmentation from a dentist’s point of view.
In fact, we prefer mislabeled but appropriately segmented teeth to partially segmented
teeth with correct labels. Figure 15 shows two examples: first with a smaller averaged
DSC (a) ground truth and (b) prediction, but the result is not bad because shifting labels
is easier to correct than repairing mixed labels. The second case, (c) ground truth and
(d) prediction, presents with a larger DSC value but with two labels on one tooth. DSC is
still an adequate metric to evaluate the performance of segmentation in general; however,
the aforementioned concerns should be considered when analyzing the results during
performance evaluation.

(a) GT case1 (b) DSC = 0.760 (c) GT case2 (d) DSC = 0.827

Figure 15. Issues of DSC evaluation in practice.

4.5. Ablation Study

We conduct ablation studies to examine the effectiveness of each component, imple-
mented in ArchSeg.

4.5.1. Impact of Registration

To train a model capable of segmenting full and partial arches at the same time, we
need to put partial arches in the registration coordinate system (see RCS in Section 3.3).
Therefore, the OBB registration is the most important factor for partial arch segmentation.
Previous studies reported the importance of registration for the processing of dental arch
scans [7,43]. In this section, we provide a comparison with a previously published tooth
segmentation model. Because no PTV2 pre-trained tooth segmentation model is available,
we compare with the published MeshSegNet model [7] in this section. Figure 16 shows a
performance comparison between the published pre-trained MeshSegNet model (without
registration and with large range of data augmentation) and the MeshSegNet and PTV2
models trained on our data (with registration and small range of data augmentation). In the
case of a full arch as in the top row, the three models obtained close results with an exception
of the last tooth that was better segmented with ArchSeg. The trained MeshSegNet and
PTV2 integrated in ArchSeg performed much better in segmenting the semi-partial arch
of the middle row compared with the published pre-trained MeshSegNet model. The
bottom row shows a partial arch with less than eight teeth. The published MeshSegNet
model was not able to correctly segment any complete tooth, whereas the MeshSegNet and
PTV2 models trained on our data after proper registration provided very good results. The
performance of PTV2 was slightly better than that of MeshSegNet based on DSC results.
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Figure 16. Impact of registration for full, semi-partial arch, and partial arch with less than 8 teeth
compared with published pre-trained MeshSegNet model, and MeshSegNet and PTV2 models trained
on our data and integrated in ArchSeg.

4.5.2. Impact of Other Factors

Further experiments were conducted to evaluate the effects of (1) pre-processing
with/without die meshes; (2) pre-processing with/without gingiva cleaning for master
arches; (3) framework with/without post-processing. The rationale behind these experi-
ments was to identify the procedure that affects the segmentation results the most. The
results of the ablation experiments were compared with default settings using die mesh,
gingiva cleaning for master arch, and post-processing.

Table 2 provides the DSC performance result of our framework with different settings.
The standard error was used to measure the dispersion as suggested in [44]. We can observe
that PTV2 decreases its performance according to different settings. The PTV2-trained
models are most sensitive to the presence of the die mesh. The default setting in bold
demonstrates the best performance. Based on these results, registration is considered the
most important step for the PTV2 segmentation model because the die mesh provided
essential information for proper registration. It is difficult to distinguish two consecutive
premolars if one of them is missing without space. The performance of PTV2 was decreased
in most of these situations due to shifted labels even when it could properly segment the
teeth. Although we used the missing teeth augmentation to increase the training samples
with missing teeth with space, the augmentation of missing teeth without space was not
addressed in this work.

Table 2. Ablation analysis showing the framework performance in terms of DSC for different settings.
MC: Master gingiva Cleaning; PP: Post-Processing, ± is followed by standard error.

Settings Lower Upper

w/o die 0.893 ± 0.012 0.892 ± 0.012
w/o MC 0.932 ± 0.008 0.916 ± 0.010
w/o PP 0.911 ± 0.011 0.928 ± 0.009
default 0.936 ± 0.008 0.948 ± 0.007
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4.6. Potential Applications and Limitations

The proposed dental arch segmentation framework is valuable for treatment diagnosis
and treatment planning [22,45]. In addition, with its ability to process dental preparations,
the proposed framework is able to provide the neighbouring context required for dental
crown generation. During the training of a crown generation deep learning model [32], the
prepared tooth, adjacent teeth on the master arch, and opposing teeth on the antagonist arch
should be segmented to provide the necessary context. Dental laboratories usually provide
the die mesh for each preparation, which could also be used to enhance the segmentation
process. For each case in our dataset, the information describing the labels’ range, missing
teeth label(s), preparation label, and labels of teeth with incomplete side were provided.
We used this information to select specific test cases for ArchSeg evaluation such that the a
wide range of imperfections are present in the test cases.

When available, the die mesh was used for lingual/buccal identification during master
arch registration. In most cases, dental laboratories provide aligned scans of both the master
and antagonist arches. Therefore, in such cases, the transformation matrix used to register
the master arch was also used to register the antagonist arch. The die mesh was also helpful
in post-processing and preparation repairing because the scan of the master arch might not
contain all preparation details. In the situation when the model predicted a wrong label for
the prepared tooth, the die mesh was used to correct the label in the arch because the die’s
label is known.

The proposed dental arch segmentation framework, ArchSeg, also presents a few
limitations: (1) To segment partial arches, ArchSeg relies on the information provided
by user such as the range of teeth labels in the arch and the availability of die meshes to
assist arch registration; (2) The registration of partial arches is not robust enough when the
ambiguity of lingual/buccal exists; (3) The presence of extreme cases such as missing teeth
without space is challenging; (4) Incomplete side teeth of an arch may be mislabeled or
labeled as gingiva.

The solution proposed is aimed to assist dental technicians in automated and ac-
curate segmentation of teeth. As such, this tool could be integrated into an application
programming interface (API) that allows the user to modify and download the output. In
addition, this segmentation tool has been deployed at https://app.intellidentai.com/. It
has been validated by collaborating dental professionals and pending further evaluations
by external experts and users. Future work will focus on the creation of synthetic data
covering cases of missing teeth without space as well as adding more data from different
dental laboratories to enhance the generalization of the segmentation framework. Note
that our ArchSeg framework is designed to allow the integration of any segmentation
model in future. The arch segmentation model can be chosen by advanced users using the
framework at https://app.intellidentai.com/.

5. Conclusions

In this work, we proposed a framework to automatically segment and label teeth
on full and partial dental arches acquired by 3D intraoral scanners (IOSs). Based on our
knowledge, it is the first work allowing to segment and label imperfect partial dental arches
with missing, incomplete, prepared, and/or wisdom teeth using an end-to-end framework.
Our pre-processing involved OBB registration and three-class inference for gingiva cleaning,
which was helpful for partial arch registration. We used the transformer-based PTV2 as the
deep learning model with additional curvature features. We also implemented several post-
processing methods to enhance the model segmentation results such as using the graph-cut
algorithm, die mesh, and the three-class pre-trained model prediction. The performance of
our framework when tested on challenging cases proved that it was efficient, robust, and
generic with capabilities to segment partial arches with different types of imperfectness.
Future work will investigate clinical use cases for the ArchSeg framework in addition to the
implementation of uncertainty quantification techniques to provide a confidence measure

https://app.intellidentai.com/
https://app.intellidentai.com/
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of the predicted segmentation and labeling in real-time deployment of the model along the
same lines of [35].
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