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Abstract—Detecting the tooth-gingiva trim line from a
dental surface plays a critical role in dental treatment
planning and aligner 3D printing. Existing methods treat
this task as a segmentation problem, which is resolved
with geometric deep learning based mesh segmentation
techniques. However, these methods can only provide
indirect results (i.e., segmented teeth) and suffer from
unsatisfactory accuracy due to the incapability of making
full use of high-resolution dental surfaces. To this end,
we propose a two-stage geometric deep learning framework
for automatically detecting tooth-gingiva trim lines from
dental surfaces. Our framework consists of a trim line
proposal network (TLP-Net) for predicting an initial trim line
from the low-resolution dental surface as well as a trim
line refinement network (TLR-Net) for refining the initial trim
line with the information from the high-resolution dental
surface. Specifically, our TLP-Net predicts the initial trim
line by fusing the multi-scale features from a U-Net with
a proposed residual multi-scale attention fusion module.
Moreover, we propose feature bridge modules and a trim
line loss to further improve the accuracy. The resulting
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trim line is then fed to our TLR-Net, which is a deep-based
LDDMM model with the high-resolution dental surface as
input. In addition, dense connections are incorporated
into TLR-Net for improved performance. Our framework
provides an automatic solution to trim line detection by
making full use of raw high-resolution dental surfaces.
Extensive experiments on a clinical dental surface dataset
demonstrate that our TLP-Net and TLR-Net are superior
trim line detection methods and outperform cutting-edge
methods in both qualitative and quantitative evaluations.

Index Terms—Dental surface, tooth-gingiva trim line,
geometric deep learning, LDDMM, template fitting.

[. INTRODUCTION

KEY step in computer-aided dental treatment planning

is to detect the trim line between teeth and gingiva.
This step provides valuable information for dentists and dental
technicians to conduct a variety of tasks. A typical one is
the 3D printing of aligners, where the trim line acts as
the key guideline. Other tasks include the visualization of
teeth, the use of perio tray model, the fabrication of dental
treatment supplies (e.g., dental crown, splint, and nightguard),
orthodontics, etc [1], [2], [3]. Therefore, accurate tooth-gingiva
trim line detection is of vital importance to successful dental
treatment.

Advanced 3D intraoral scanners provide vivid mesh
representations for dental surfaces [4]. Thereby, mesh-based
trim line detection has become a challenging research
problem. In particular, a number of works reformulate trim
line detection as a tooth (binary) segmentation problem,
where teeth are separated from the gingiva. Traditional
tooth segmentation methods often rely on manual or semi-
automatic techniques, which are time-consuming and easily
biased towards the expert’s experience [5], [6], [7]. These
issues are effectively resolved by automatic learning-based
tooth segmentation approaches, which learn the relationship
between dental surfaces and tooth labels. In particular,
those based on geometric deep learning (GDL) have shown
promising performance due to the powerful ability of GDL in
automatic feature learning, which provides more informative
features in comparison with the hand-crafted ones. Recently,
a number of automatic tooth segmentation methods have
been developed [8], [9], [10], [11], [12], [13], [14], [15],
[16], [17], [18], [19]. For instance, a typical 2D method was
proposed by Xu et al. [11], where a patch-based 2D network
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is utilized to learn tooth labels from the local geometric
features extracted from dental surfaces. However, this method
suffers from several limitations, e.g., the time-consuming
long pipeline and the overlook of the unique characteristics
of meshes. To overcome these limitations, more advanced
models, including those based on 3D GDL, are proposed.
Lian et al. [15] proposed MeshSNet to segment teeth from
dental surfaces in an end-to-end manner. MeshSNet employs
graph-constrained learning models to extract the geometric
features from dental surfaces and then predict tooth labels
using the local-to-global features. In addition, a number
of methods have been proposed for tooth segmentation
based on PointCNN [12], Mask R-CNN [14], and graph
CNN [18]. However, accurate tooth segmentation is still a
challenging task due to the quality issue of acquired dental
surfaces, differences between individuals’ teeth, and tooth
abnormalities [2], [11]. In addition, despite their advantages,
existing tooth segmentation methods tend to suffer from two
major limitations. First, no pooling operation is considered
in the network design. This restricts the size of receptive
fields, leading to limited context information. Second, existing
networks follow very simple architectures, analogous to fully
convolutional neural networks. There is a pressing need to
consider more suitable segmentation network architectures,
e.g., U-Net [20] that has shown remarkable success in
numerous medical image segmentation tasks [21].

Although tooth segmentation methods have shown great
potentials, it is worth noting that reformulating trim line
detection as a segmentation task is not an ideal solution
since it suffers from two inherent limitations. First, existing
tooth segmentation methods can only work with the low-
resolution (LR) dental surface that is simplified from the
original one [22]. Although the segmentation result on LR
surface is promising, it becomes unsatisfactory when mapping
the result back to the original high-resolution (HR) dental
surface. In addition, the vital information of HR dental
surfaces is not fully utilized in the segmentation models.
As shown in Fig. 1, significant information is lost during the
simplification of dental surface. Moreover, the tooth-gingiva
boundary becomes unclear in the LR dental surface, as the
region marked by blue arrow. Second, the tooth-gingiva trim
line is the final result demanded by a large number of real
applications, e.g., 3D printing of aligners. It allows easy
human innervation/correction in comparison with the vertex-
level segmentation result. Therefore, an end-to-end solution for
extracting tooth-gingiva trim line possesses more significant
application value and is greatly desired in practice.

To this end, we propose a novel geometric deep learning
framework for tooth-gingiva trim line detection, which is
capable of accurately detecting the boundary line between
teeth and gingiva by making full use of the HR dental surface
data. Our framework consists of two stages, where the first
stage, called trim line proposal, aims to generate an initial
trim line with a powerful trim line proposal network (TLP-
Net) from LR dental surfaces, and the second stage, called trim
line refinement, directly works on HR dental surfaces and is
able to refine the trim line for the final output. The first stage,
TLP-Net, utilizes convolution and pooling operations designed

LR Dental Surface

HR Dental Surface

Fig. 1. Comparison of high-resolution (HR) and low-resolution (LR)
dental surfaces. As shown in the region marked by a red arrow, the HR
dental surface provides more clear boundary information than the LR
one.

for meshes to extract robust features from dental surfaces, and
then segment the teeth for extracting the initial trim line. It is
based on an improved U-Net architecture with various novel
features, including a proposed residual multi-scale attention
fusion (RMAF) module for integrating the multi-scale features,
and multiple feature bridge module for filling the gap between
different levels of features. In addition, we propose a trim
line loss to force the network to emphasize more on the
tooth-gingiva trim line. As a result, our TLP-Net effectively
resolves the drawbacks in existing tooth segmentation methods
based on the elaborately designed network architecture with
large receptive fields and effective mesh pooling/convolution
operations. After segmentation, we extract the tooth-gingiva
boundary line as the initial line proposal for our second stage,
where we refine the trim line with our trim line refinement
network (TLR-Net). The TLR-Net is based on a deep learning
based LDDMM model, which refines the initial trim line with
the edge information extracted from the HR dental surface.
Furthermore, we introduce dense connections into TLR-Net
for improved performance.

In summary, our contributions lie in four folds.

1) We propose a novel two-stage framework to automati-
cally detect tooth-gingiva trim lines from dental surface.
Our framework directly provides high-quality trim line
prediction by making full use of the HR dental surfaces,
resolving the drawbacks of existing methods effectively.

2) We propose TLP-Net, an effective trim line proposal
network that fuses the multi-scale features from a mesh
U-Net with the proposed RMAF module. In addition,
we propose feature bridge and trim line loss to further
improve accuracy of trim line.

3) We refine the initial trim line with our TLR-Net, which
is a deep learning based LDDMM model with dense
connections and is able to improve the accuracy of trim
line by making full use of raw HR dental surfaces.

4) Extensive experiments on a clinical dataset consisting
of 200 dental surfaces demonstrate that our method
is capable of accurately detecting tooth-gingiva trim
line on dental surfaces and outperforms cutting-edge
methods. Further ablation studies demonstrate the

effectiveness of proposed modules and loss function.
Our paper is organized as follows. In Section II,

we review the related work. In Section III, we describe the
proposed framework in detail. In Section IV, we present our
experimental settings and the results. Finally, we conclude this
work in Section V.
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[1. RELATED WORK

Our framework is built upon geometric deep learning,
which is a collection of deep learning techniques designed
for non-Euclidean data, such as graphs and manifolds
[23], [24]. In general, the geometric deep learning models
can be classified into two categories, including those for
graphs and the others for manifolds. For the models designed
for graphs, graph neural networks (GNNs) are the main
approaches due to their superior ability to enhance node repre-
sentations by performing inter-node information propagation.
Scarselli et al. [25] introduced the concept of GNNs for the
first time in 2008. In their work, recursive neural networks are
extended for processing graphs. Li et al. [26] proposed gated
recurrent units (GRUs) to improve the representation capacity
of GNNs. Gilmer et al. [27] proposed a message passing neural
network to generalize the GNNs. Different GNN models were
also proposed to address the challenges associated with graph
learning, such as models for hyper-graphs [28], large-scale
graphs [29], deep architectures [30], etc. GNNs have also been
employed for medical image analysis, especially for disease
prediction [31], [32], [33].

For the models designed manifolds, they can be classified
into four major categories, including those based on voxels,
multiviews, spatial information, and point clouds [24]. Voxel-
based methods, such as 3D ShapeNets [34], first voxelize a 3D
object into 3D grid-sampled volumetric data and then employ
3D CNNs for feature learning. Similarly, multiview-based
methods, such as multiview CNN (MVCNN) [35], convert the
3D object into multiview data for feature learning with CNNs.
Spatial-based methods include geodesic CNN (GCNN) [36],
the first intrinsic variant of CNN on manifolds, anisotropic
CNN (ACNN) [37], a deep learning model that employs
anisotropic heat kernels as spatial weighting functions, mixture
model network (MoNet) [38], a unified framework that
extends CNN to non-Euclidean domains, etc. In particular,
MeshCNN [22] was proposed to perform convolution on
edges and pooling with an edge collapse mechanism. It shows
promising performance in comparison with the cutting-edge
models [22], [39]. Point-based methods are designed for
point clouds, such as PointNet [40], PointNet++ [41],
PointCov [42], etc. These geometric deep learning methods
have also been employed for processing and analyzing dental
surfaces. For instance, efforts have been dedicated to applying
PointCNN [12] and graph CNN [18] to tooth segmentation.
Our work differs from existing ones in terms of three aspects.
First, we propose a two-stage trim line detection framework,
which consists of a TLP-Net and a TLR-Net. Second, our
TLP-Net is inspired by the MeshCNN [22], but with three
improvements, including a proposed RMAF module, multiple
feature bridge modules, and a specially-designed trim line
loss. Third, we improve ResNet-LDDMM [43] with a residual
dense architecture for TLR-Net, which refines the initial trim
line provided by TLP-Net.

[1l. METHOD

In this section, we will first present the whole framework,
illustrated in Fig. 2, for tooth-gingiva trim line detection.
We will then detail the line proposal stage by explaining

the mesh convolution/pooling techniques, the architecture of
our proposal network, and the trim line loss. Finally, we will
provide detailed descriptions for the trim line refinement stage
and its role in the whole framework.

A. Proposed Framework

We propose a two-stage framework for tooth-gingiva trim
line detection. The overall framework is shown in Fig. 2.
In general, the proposed framework consists of two major
stages. The first stage, trim line proposal, aims to predict an
initial trim line from the LR dental surface with a proposed
mesh CNN, which is trained in a supervised manner with the
ground truth tooth segmentation results. The second stage, trim
line refinement, further refine the initial trim line with the HR
dental surface and a proposed deep learning based LDDMM
model. Finally, we are able to generate the high-quality trim
line prediction, which can be used in a large number of dental
applications in clinical settings.

B. Trim Line Proposal

1) Mesh Convolution and Pooling: As shown in Fig. 3(A),
any randomly selected edge (marked in red) on the dental
surface falls within a “one-ring” structure [22], where this
edge and its four neighboring edges constitute two faces.
This local structure is invariant on dental surfaces, which,
therefore, provides a good basis for performing convolution
and pooling on edges. We show the close-up view of the
one-ring structure in Fig. 3(B) and denote the target edge
and its neighboring edges as e and (a, b, ¢, d), respectively.
However, one potential issue is that the convolution value
will be different once the initial ordering of mesh elements
changes, e.g., from (a, b, c,d) to (c,d,a,b). This issue is
effectively resolved by a symmetric feature mapping, which
converts the original edge features [f(a), f(b), f(c), f(d)]
to new ones [f/(a), (D), f'(c), f'(d)] [22]. Therefore, the
convolution for edge e can be defined as

C(e) = wo f'(e) + wi f' (@) + waf'(b) + w3 f'(c) + waf'(d)
(H

where {wi|k =0, 1,...,4} are the weights to be learned.

The mesh pooling is based on an edge collapse
framework, where the edges with unimportant features are
collapsed/removed. This framework effectively preserves the
edges with significant features, while reducing the total
number of edges. As shown in Fig. 3(B), the edge collapse
operation removes the target edge ¢ and converts five original
edges (e,a, b, c,d) to two new edges (h,i). The features of
(h, i) are defined as

1

fh) = 3@+ fla)+ 1)), @
1

f@) =3 (fe) + f(c) + f(d)). 3)

The unpooling is realized as an inverse procedure of
pooling. Fig. 3(B) illustrates how collapsed edges are
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Fig. 2. A diagram of the proposed framework. In general, our framework consists of two stages, including one for trim line proposal and another for
trim line refinement. The trim line proposal provides the initial trim line prediction with LR dental surfaces. The resulting trim line is then refined by

trim line refinement by making full use of HR dental surface.

‘/Y ﬂ
TS

(B)

Fig. 3. Mesh convolution and pooling based on one-ring structure [22].
(A) shows the full view of dental surface and the close-up view of a local
region. (B) shows the close-up view of the one-ring structure and the
procedure of mesh convolution/pooling.

recovered back to (¢/,a’, b', ¢/, d’). The new edge features are
defined as

1
feh= S (F )+ £, “
f@)=f@")=f, &)
)= f@)=ra@. (6)

2) Network Architecture: An overview of our TLP-Net is
shown in Fig. 4. The backbone is a U-Net architecture,
which is popular in medical image segmentation tasks.
Compared with fully convolutional neural networks, U-Net
enlarges the receptive field significantly by the use of
pooling and an encoder-decoder architecture. In addition,
the by-pass connections concatenate low-level and high-level
features, which compensates for the fine-grained details lost
during pooling. These two key features improve the network
significantly and contribute to the promising performance
of U-Net. In addition, we improve the U-Net architecture
by introducing residual learning [44], which is particularly
effective for resolving the gradient vanishing problem.
Specifically, we replace the convolutional layers in the
conventional U-Net with multiple residual blocks, where
residual skip connections are introduced to ease the training.
Instead of using a single residual block, we adopt a cascaded
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Mesh Unpooling

1
1
K Res. Conv. Block ¥

-

Mesh Unpooling

ﬂ

K Res. Conv. Block

Mesh Pooling
= Conv. Block
Feature Bridge
<
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© Hadamard Product n
—> Feature Flow -F: ?z e Cading g
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Fig. 4. Anoverview of the proposed trim line proposal network (TLP-Net).
Our TLP-Net is based on a mesh U-Net with the proposed RMAF module
for effective fusion of multi-scale feature and feature bridge modules for
filling the gap between features at different levels. The number on the top
of each block indicates the number of channels of output features.

architecture consisting of K repetitive residual blocks
(K = 2 in our case). We further improve the network by
proposing an effective feature fusion module and the feature
bridge modules, which are detailed as follows.

a) Residual multi-scale attention fusion (RMAF): We propose
a multi-scale feature fusion module, called RMAF, to integrate
the features in the decoder branch so that rich multi-
scale features can be used to segment teeth effectively. The
RMAF module achieves effective feature fusion by making
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Convolution
with a Gaussian
Kernel

Tooth-Gingiva Boundary Line

Weight Map

Fig. 5. A weight map generated from the tooth-gingiva trim line. The
weight map is generated by convolving a Gaussian kernel with the tooth-
gingiva trim line so that large weights are assigned to the regions near
the trim line.

M RD-Blocks |

Full Connections
Full Connections
Full Connections
Concatenation
Full Connections

qs D" - g5

Fig. 6. An overview of our trim line refinement network (TLR-Net). The
TLR-Net is composed of M = 10 residual dense (RD) blocks. It learns
the deformation ®* between the smoothed initial trim line gg (red line
shown in bottom left) and the edges g1 (marked in blue color) extracted
from the dental surface. Based on ¢*, we transform gg and is able to
obtain the refined trim line ®* - gg.

full use of the attention mechanism and residual learning.
Existing works have demonstrated that the channel relationship
can be used to recalibrate the multi-channel features for
improved performance [45]. Inspired by this, we proposed
a mesh squeeze-and-excitation component, called MeshSE,
for exploiting the informative features with an attention
mechanism. The refined feature provided by the MeshSE
component is defined as follows

X = MeshSE(X) = Sigmoid(FC(FC(Pool(X)))) © X, (7)

where X, X € REXC are the input and output multi-
channel features with E and C denoting the number of edges
and number of channels. Sigmoid(-), FC(-), Pool(-), and ©
represent a Sigmoid function, a fully-connected layer, a global
average pooling layer, and Hadamard product (i.e., element-
wise multiplication along the channel dimension), respectively.

In our RMAF module, we first merge the refined multi-scale
features with a concatenation operation, i.e.,

m = MeshConv(Cat(X;, X2, X3)), (8)

where X, is the merged feature, {Xl , Xz, X3} are the
refined features provided by MeshSE components with inputs
{X1, X7, X3}, and MeshConv(-) denotes a mesh convolutional
layer. We then pass X, to a residual MeshSE component
followed by a MeshConv layer, a global residual connection,
and the final MeshConv layer. Mathematically, the final
prediction P € REX! is defined as follows

P = MeshConv(MeshConv(Xm + Xm) + X0),  (9)

where X, = MeshSE(Xpy) is the refined feature provided by
a MeshSE component, Xo € RE*3 is the input mesh features.

b) Feature bridge: U-Net directly concatenates low- and
high-level features without considering the gap between
different levels of features [46]. To resolve this issue, we first
feed low-level feature to a MeshSE component followed by a
MeshConv layer before passing it to the decoder branch so that
the gap between features at encoder and decoder branches can
be filled. Mathematically, given an input feature X, our feature
bridge module provides refined feature X', which is defined
as follows

X' = MeshConv(MeshSE(X)). (10)

This operation fills the gap between different levels of features,
which can improve the performance effectively.

3) Trim Line Loss: The main focus of our work is the tooth-
gingiva trim line. Therefore, we propose a trim line (TL) loss
to force our network to put more emphasis on the trim line.
The TL loss is based on a cost-sensitive learning strategy
that forces the model to pay more attention to hard/minority
samples (i.e., those on trim lines) by enlarging their weights
in the loss computation. Specifically, we first create a weight
map by convolving the tooth-gingiva trim line with a Gaussian
kernel N'(0,k x R), where R = +/SurfaceArea denotes the
radius of a dental surface area [47], and k is a tuning parameter
controlling the width of Gaussian kernel. An example of the
weight map is shown in Fig. 5. As can be observed, large
weights are assigned to the edges near tooth-gingiva trim
line. We then apply this weight map to the computation of
a weighted cross-entropy loss, i.e.,
—w; log(pi) if yi =1
—w; log(l — p;) otherwise,

WCE(pi, yi, wi) = [ 1D
where y; € {£1} is the ground truth label at edge i €
M, with M denoting the mesh surface, p; € [0, 1] is the
predicted probability for the class with label y; = 1, and w;
is the corresponding weight value in the weight map. Finally,
we define our loss function L(M) as

L(M) = > WCE(p;, yi, wi).
ieM

4) Trim Line Extraction: After obtaining the segmentation
results, we extract the trim line, which will be used as the
input for the next trim line refinement procedure. The trim line
extraction is performed in an efficient way, where we detect
the vertexes between segmented teeth and gingiva, which are
provided by our segmentation map P in Eq. (9). These vertexes
are then sorted and connected one-by-one to form the initial

(12)
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trim line. Due to the resolution issue associated with LR mesh,
the extracted trim line is not smooth and with large corner
angles, which is adverse to the dental treatment planning and
aligner 3D printing. Therefore, we smooth the trim line with
a Gaussian kernel before performing the trim line refinement
that is detailed in the following section.

C. Trim Line Refinement

1) Network Architecture: To refine the trim line with the rich
information from HR dental surface, we further develop TLR-
Net, a deep learning model based on residual dense network
(RD-Net) [48] aiming to mimic the LDDMM framework from
a deep learning perspective [43]. More specifically, we employ
an RD-Net to learn the deformation between the smoothed
initial trim line and the edges detected from HR dental surface.
Existing works have demonstrated that the edges detected
from a dental surface contain rich prior information on the
tooth-gingiva boundary line, but suffer from heavy noise [11].
Therefore, we employ the TLR-Net to register the smoothed
trim line to the detected edges so that the errors existing in
the trim line can be corrected. Thanks to the robust TLR-
Net, promising performance is achieved and the disturbance
of noise in detected edges is avoided. The overall architecture
of our TLR-Net is shown in Fig. 6. Mathematically, TLR-Net
aims to minimize a functional (as in LDDMM [43]) as follows,

* gk _ : 1 (C)
©", ®*(1) = argmin ~—D@°(1) - gs. qr)
O=(0"}i¢[0,1]

1! .
+§/0 I f1 (@) - g5, 0")|13de,  (13)

where @ = {0'},¢[0.1] are the parameters of TLR-Net; @O(1)
and ®©(¢) are the final and intermediate transformations,
receptively; f7(-, ") are time-dependant velocity vector fields
computed by the TLR-Net; gs and g7 are the smoothed trim
line and target edges. o is a tuning parameter balancing the
contributions of two terms; D, -) is a term measuring how the
deformed trim line fits the edges detected on the HR mesh, and
is defined following the work in [43]. The second term, i.e., the
regularization term, allow to achieve an optimal deformation
(in terms of kinetic energy).

2) RD-Block: As shown in Fig. 6, the RD-Block consists
of multiple fully connected (FC) layers densely connected
with each other, a feature fusion unit, and a residual skip
connection. Note that we use dash lines to denote the omitted
fully connected layers and activation functions. A novel feature
of RD-Net is the contiguous memory mechanism, which is
achieved by passing the output feature of the last RD-Block
to different layers of the current one. Mathematically, this is
defined as

X = o (FC(CatX™ 1), X\, ..., X" ), (14)
where X denotes the feature at nth layer of mth RD-
Block. o represents the ReLU activation function. Thanks to
the dense connections, the output feature of last RD-Block,
X('"_l), is considered in different layers of the current RD-
Block, allowing effective contiguous memory.

Features from Eq. (14) are then fed to a feature fusion unit,
which consists of a concatenation layer and an FC layer. After
that, a residual connection is introduced for better gradient
flow, which is able to alleviate the gradient vanishing problem
effectively. The final output feature of mth RD-Block, X,
is defined as

X = FC(Cat(X™ 1), X", ..., X" . X))

+X"7h.15)
Considering the trade-off between performance and efficiency,
we set N to 3 and M to 10.

3) Loss Function: Our loss function consists of two terms,
i.e., a data fidelity term and a regularization term. The former
one aims to narrow the difference between the initial trim line
gs = ®* - g5 and the edges gr by minimizing the distance
between two sets of point clouds. The latter one, defined as
the integration of instantaneous kinetic energy terms, controls
outputs of the RD-Blocks. Two terms are balanced using a
tuning parameter 6, which is defined in Eq. (13).

For the data fidelity term, we use Chamfer’s distance (CD),
which measures the squared distance between each point from
one set to the corresponding nearest neighbor point from the
other set and vice versa. Mathematically, it is defined as

A . 2 . 2
Lep(gs, qr) = E min |lx — y||© + E min [x — y[|°.
~ YE€qr YEqs
XEqs Xeqr

(16)

For the regularization term, inspired by the LDDMM
algorithm, we use a summation of all kinetic energies at
different time steps, i.e.,

1 1
0 = 5/0 & (f)de a7

with

t(f) =1 (@9 ). 0], . (18)
where || ||/%2 denotes the £, norm. Consistent with LDDMM,
TLR-Net minimizes the amount of energy spent to draw near
to gr from gg, while going along the Orbit of gg. The
regularization term allows to fit the initial trim line to the
detected edges while preserving its shape properties, i.e., being
resistant to the noise.

Our TLR-Net is a revisited variant of diffeomorphic active
contours in literature [49] using deep learning. The integration
of smooth and regular time-dependant velocity vector fields
computed on the original curve (trim line) allows to compute
a diffeomorphic deformation of the original trim line to fit the
target edges.

V. EXPERIMENTS

In this section, we first present the dataset, experimental
settings, baseline methods, and evaluation metrics. We then
describe the quantitative and qualitative results in detail.
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2:5 7 241 correspondence between the point sets of two lines, we first
perform Iterative Closest Point (ICP) algorithm with alignICP
2 - provided by vedo package.” The ASED is then defined as
1.68
1 . :
15 ASED = @ZIIPO)—G(UII%, (19)
ieQ
14 where €2 is the point set, P(i) and G (i) is ith point at predicted
and ground truth trim lines, respectively.
0.5
C. Experimental Results
0 1) Quantitative Results: We first evaluate the detected trim

ASED |
B Atlas O PointNet [ll ACM B PointNet++ ll TLP-Net [l TLR-Net

Fig. 7. ASED comparison. We compare our TLP-Net and TLR-Net
with competing models, including Atlas, ACM, PointNet, PointNet++-.
A smaller ASED value indicates better performance.

A. Dataset and Implementation Details

1) Dataset: Our dataset consists of 200 dental surfaces from
different subjects. All the surfaces were acquired using a
3D intraoral scanner. The original HR surfaces have around
200,000 faces, providing rich information for tooth-gingiva
trim line detection. Due to the memory limit, we simplify
each surface to 10,000 faces for the training and testing of
line proposal network. The ground truth labels are transformed
from the HR ones via a nearest neighbor search strategy.!
We randomly select 160 surfaces for training and utilize the
remaining 40 for testing.

2) Experimental Settings: In all experiments, we train the
TLP-Net using an ADAM optimizer [50] with an initial
learning rate of le-3 and an exponential decay rate of 0.95.
We set the batch size to 6 and the number of epochs
to 50. For the TLR-Net, we set the learning rate to le-5
and the number of epochs to 500. The networks are
implemented using Python with deep learning frameworks,
including PyTorch (TLP-Net) and TensorFlow (TLR-Net).
They are trained using an NVIDIA Tesla V100 GPU with
32GB RAM. It takes about eight hours for training the TLP-
Net and two minutes for testing with the trained model. The
refinement network takes about ten minutes for inference,
which is also efficient. The resources of this work are pub-
licly available at https://github.com/supergengchen/Automatic-
Trim-Line-Detection.

B. Baseline Methods and Evaluation Metric

To demonstrate its effectiveness, we compare Proposal-
Net with various popular methods, including an atlas-based
mesh segmentation method similar to [51], and [52], a 3D
activate contour model (ACM) based method [53], and a deep-
based point-cloud segmentation network, PointNet [40], and
its improved version, PointNet++ [41].

We evaluate the accuracy of predicted trim lines using
average squared Euclidean distance (ASED). To establish the

1https://www.cs.umd.edu/ mount/ANN/

lines using ASED. The corresponding results, shown in Fig. 7,
indicate that our proposal network, TLP-Net, outperforms
the competing methods remarkably. Specifically, compared
with the second-best method, PointNet++, our TLP-Net
reduces the ASED value by a large margin of 0.79. In contrast,
the baseline method, Atlas, provides the worst performance
with a large ASED value. PointNet and ACM, which show
comparable performance, outperform Atlas, but are still
unsatisfactory. After refining the trim line, the result is further
improved. Our TLR-Net outperforms TLP-Net in terms of
ASED value by a large margin of 0.23. This demonstrates the
effectiveness of the refinement network, which is able to make
full use of HR dental surfaces and improves the accuracy of
detected trim lines effectively. From a clinical perspective, the
accurate trim line provided by our model will significantly
improve a large number of dental applications, such as the
accuracy of 3D printing of aligners, tooth treatment planning,
etc.

2) Qualitative Results: We then show the qualitative results
for different testing subjects in Fig. 8. As can be observed,
both our TLP-Net and TLR-Net provide promising results,
which are close to the ground truth. In contrast, the baseline
methods, Atlas and ACM, show unstable performance. Atlas
tends to fail when there is a large gap between the template and
individual dental surface, while ACM suffers from the same
issue and is easily influenced by the noisy edges of the dental
surface, e.g., the results shown in the third row. Note that the
template here is obtained by finding the cluster center of the
trim lines of training data, i.e., the trim line that is closest to all
other trim lines in terms of ASED. PointNet and PointNet++
improve the stability of the results, but show unsatisfactory
performance in terms of the accuracy of trim lines. As shown
in Fig. 8, our TLP-Net resolves the drawbacks of baseline
methods and significantly improves the accuracy of detected
trim lines. Furthermore, our TLR-Net improves the results
given by TLP-Net, and is able to improve the smoothness of
trim lines in order to make the trim lines fit the dental surfaces
well. The final trim lines given by our method are very close to
the ground truth, providing valuable information for a number
of important tasks in dental treatment.

We also show a number of typical pathological cases in the
bottom four rows of Fig. 8. As can be observed, our models
consistently achieve the best performance when there exist
abnormal teeth, such as teeth with orthodontic brace (fifth

2https://vedo.embl.v:s/
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Fig. 8. Visual comparison of trim lines. Our TLP-Net and TLR-Net provide trim lines with significantly improved quality in comparison with competing

models, especially for the cases with abnomal teeth.

row), malpositioned teeth (sixth rows), and opsigenes (bottom
twWo rows).

D. Ablation Study

1) Trim Line Proposal Network: We perform extensive
ablation experiments to investigate the effectiveness of key
components of our TLP-Net, which include RMAF, feature
bridge, and trim line (TL) loss. The quantitive ASED results
are summarized in Fig. 7. It is worth noting that the model,
called “TL Loss (k = 7%),” is the full version of our TLP-Net
with default parameters.

a) Effectiveness of RMAF: To investigate the effectiveness
of RMAF module, we construct an ablated version, called
“w/o RMAF Module,” where we remove the RMAF module
and directly feed X3 (i.e., the final feature of U-Net)
to a MeshConv layer for the prediction P. The results,
shown in Fig. 9, indicate that the full version of our
model, “TL Loss (k = 7%),” outperforms “w/o RMAF
Module” by a large margin of 0.22, demonstrating that
the RMAF module is able to improve the accuracy of
detected trim line effectively. The superior abilities of RMAF
module owe to its effective fusion of multi-scale features
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Fig. 9. Ablation results for TLP-Net. The proposed modules contribute
to the superior performance of TLP-Net. The TL loss provides the best
performance when k = 7%. Note that the version “TL Loss (k = 7%)” is
the full version of our TLP-Net with default parameters.
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Fig. 10. Ablation results for TLR-Net. Both TLP-Net and TLR-Net are
the key factors determining the success of accurate trim line detection.

by making full use of the attention mechanism and residual
learning.

b) Effectiveness of feature bridge: We then construct the
second ablated version, called “w/o Feature Bridge,” to
investigate the effectiveness of feature bridge modules.
Specifically, we replace the feature bridge modules with
direct concatenation optations, which is used in the classical
U-Net model. The results, shown in Fig. 9, indicate that
the performance decreases after replacing feature bridge with
concatenation, i.e., “TL Loss (k = 7%),” outperforms “w/o
Feature Bridge.” This demonstrates that the feature bridge
is an effective module capable of improving performance by
filling the gap between different levels of features.

¢) TL loss and optimized k: Finally, we evaluate the TL
loss and investigate the optimized setting for parameter k,
which controls the width of the Gaussian kernel used to
generate the weight map. First, we replace the TL loss with a
classical binary cross-entropy (BCE) loss, which provides an
ablated version, called “w/o TL Loss.” As can be observed in

Fig. 9, classical BCE loss shows unsatisfactory performance
in comparison with TL loss, demonstrating the effectiveness
of TL loss sufficiently. By assigning different weights to the
dental surface, TL loss is able to enforce the network putting
more emphasis on the tooth-gingiva trim line for improved
performance.

Furthermore, we study the influence of Gaussian kernel
width by performing experiments with different & =
5%, 7%, 9%. The results, shown in Fig. 9, indicate that k =
7% provides the best performance with the lowest ASED
value. Therefore, we adopt k = 7% as the default setting for
our TL loss.

2) Trim Line Refinement Network: In this section, we investi-
gate the effectiveness of our TLR-Net by (i) performing exper-
iments with an ablated version without dense connections,
(i) comparing TLR-Net with an improved ACM model,
ACM* (i.e., ACM with the initial trim line provided by TLP-
Net), and (iii) studying the influence of initial trim lines
by comparing TLP-Net with a modified version, TLR-Net*,
where the initial trim line is the atlas trim line. The
corresponding experimental results are summarized in Fig. 10.

a) Effectiveness of dense connections: To demonstrate the
effectiveness of dense connections, we construct an ablated
version, called “w/o Dense,” by replacing dense connections
with a residual skip connection. The results, shown in
Fig. 10, indicate that “TLR-Net” outperforms “w/o Dense,”
implying that dense connections are able to improve the
performance effectively. This owes to the superior ability
of dense connections in terms of resolving the problem of
vanishing gradients.

b) Comparison with ACM: We then investigate the advan-
tage of our model over the ACM model. To establish a fair
comparison, we create an ablated version, “ACM*,” which
shares the same initial trim line (i.e., the one given by
TLP-Net) with our model. The results, shown in Fig. 10,
suggest two conclusions, including (i) TLP-Net is able to
improve the performance of ACM effectively by proving a
good initialization for it, and (ii) TLR-Net outperforms ACM
remarkably when they are using the same initial trim line from
TLP-Net, further demonstrating the effectiveness of both TLP-
Net and TLR-Net.

¢) Benefit of TLP-net: Finally, we investigate the benefit
of TLP-Net by using the results of Atlas as the initialization
for TLR-Net. As shown in Fig. 10, the corresponding ablated
version, called “TLR-Net*,” shows unsatisfactory performance
in comparison with the full version of our model. The results
demonstrate the benefit of TLP-Net, which is capable of
providing a good initialization for the TLR-Net and plays a
crucial role in the whole framework.

E. Model Size and Computational Efficiency

Furthermore, we perform experiments to compute the
model size, speed, and memory usage of our models and
representative deep learning models. The results, as shown
in Table I, indicate that our models outperform representative
models in terms of both model size and memory usage. Our
models also show promising performance in the evaluation of
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Fig. 11.

TABLE |
COMPARISON OF OUR TLP-NET AND TLR-NET WITH
REPRESENTATIVE DEEP LEARNING MODELS IN TERMS
OF THE MODEL SIzE, MEMORY, AND SPEED

Method | Model Size (M) | Memory (G) | Speed (FPS)
PointNet [40] 7.14 4.27 129.00
PointNet++ [41] 1.74 9.21 30.40
TLP-Net (Ours) 1.62 2.38 49.43
TLR-Net (Ours) 0.51 1.22 10.20

model speed. Although PointNet is with a high speed, it shows
unsatisfactory performance in the detection accuracy of trim
lines.

F. Failed Cases

Finally, we show two typical failure cases in Fig. 11. As
can be observed, our model may fail in some extremely
challenging cases. However, it is worth noting that our model
consistently outperforms the existing cutting-edge models in
these cases. In the future, we will explore improving the
performance of our models with more advanced trim-line-
aware network designs and larger-scale datasets covering
different challenging scenarios.

V. CONCLUSION

In this paper, we proposed a two-stage deep learning
framework for automatic tooth-gingiva trim line detection.
Our framework consists of two effective sub-networks, TLP-
Net and TLR-Net, for trim line proposal and refinement,
respectively. The TLP-Net is based on a mesh U-Net
architecture with various novel features, including the RMAF
module for fusing multi-scale features, the feature bridge
modules for filling the gap between different levels of features,
and the trim line loss for forcing the network to specifically
focus on the tooth-gingiva trim line. The TLR-Net refines
the initial trim line with a deep-based LDDMM model with
dense connections. Our method overcomes the limitation of
existing methods with a two-stage framework, which is able
to make full use of high-resolution dental surface information
for generating accurate trim lines. Extensive experiments on
a clinical dental surface dataset demonstrate that our method
outperforms various cutting-edge segmentation methods, both
quantitatively and qualitatively.
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Failed cases. We show the failed cases for two challenging scenarios here.
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