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The superior performance of deep learning in different domains has sparked significant interest in its
applicability to 3D computer graphics. Deep learning has become the dominant technical architecture
in current 3D mesh segmentation. However, learning-based 3D segmentation methods usually rely on
high-quality training datasets, which are not readily available in practical applications. How to segment
3D meshes without exhaustive label annotations remains a challenging problem, especially in the
context of deep learning. As a subset of unsupervised learning methods, self-supervised learning offers
a promising learning paradigm for unlabeled 3D mesh segmentation. In this paper, we introduce a self-
supervised clustering-Based network specifically for the segmentation of label-free 3D meshes. Our
self-supervised clustering-based 3D mesh segmentation network (SCMS-Net) employs a two-branch
architecture to learn effective feature representation. The two branches are unified into an end-to-end
framework using a self-supervised strategy. Finally, the label predictions of the parts are generated
by iterative clustering. We conducted ablation studies and comparative experiments on a standard
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benchmark to demonstrate the effectiveness of our approach.
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1. Introduction

3D shape segmentation is an essential topic in computer vision
and graphics, which aims to assign a category label to each part.
As the basis and prerequisite of 3D shape modeling and under-
standing, 3D mesh segmentation has a wide range of applica-
tions, such as augmented reality, scene understanding, and shape
generation [1-3]. Traditional segmentation methods focused on
decomposing a single shape into meaningful parts by leveraging
shape features. However, they are not robust enough to handle
the structural variations present in various 3D shapes, which
limits the ability of hand-crafted shape features to generalize in
large-scale 3D shape segmentation [4,5].

In recent years, the remarkable achievements of deep learn-
ing in image processing tasks have sparked great interest in its
application to 3D mesh segmentation. The availability of large
scale labeled datasets is one essential requirement for the great
success of deep learning in computer vision. Most supervised
learning methods derived from sufficient well-annotated data can
achieve promising segmentation results. However, the collection
and annotation of 3D meshes are time-consuming and laborious.
Moreover, humans hold different insights about the consistency
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of component annotation. These factors make it challenging to
obtain well-annotated 3D datasets for deep neural network train-
ing. Unlike the significant progress in supervised segmentation
methods, unsupervised segmentation methods for 3D meshes
are still under-researched. How to segment 3D meshes with-
out exhaustive label annotations remains a challenging problem,
especially in the context of deep learning.

More recently, as a branch of unsupervised learning, self-
supervised learning offers a promising learning paradigm for
unlabeled 3D mesh segmentation. In self-supervised learning,
models are learned by solving various pretext tasks, in which
the supervision signals are automatically acquired from data.
As a property-based pretext task in the self-supervised learn-
ing [6], deep clustering methods have attracted more attention.
Motivated by the remarkable performance of deep clustering in
unsupervised representation learning, we wondered whether it
could effectively solve the segmentation task of label-free 3D
mesh data. To the best of our knowledge, self-supervised clus-
tering methods for 3D mesh segmentation remain unexplored. In
this paper, we introduce a self-supervised clustering-based seg-
mentation network (SCMS-Net) specifically for the segmentation
of unlabeled 3D meshes.

In the absence of ground-truth labels, many deep cluster-
ing methods have achieved encouraging performances, such as
DEC [7], DAC [8], IIC [9]. These methods have the advantage of
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extracting useful representations from the data itself, but they
rarely consider the structural information of the data during rep-
resentation learning. However, for 3D mesh segmentation, both
geometric features and structural informations are important
for identifying different segments. Therefore, the deep cluster-
ing framework we use to implement the segmentation of 3D
meshes should have the ability to integrate structural informa-
tion. To arrive at this, we consider employing a latest work,
structural deep clustering network (SDCN) [10], as the basic
segmentation framework. SDCN uses the DNN, GCN, and dual
self-supervised modules to fusion structure and geometric infor-
mation.

Same with SDCN, our proposed end-to-end trainable mesh
segmentation network consists of two branches. One branch em-
ploys a classical autoencoder network to learn the latent repre-
sentations of geometric features. The other parallel branch is a
graph autoencoder for capturing long-range structural informa-
tions between segmentation parts. Unlike SDCN, we developed
an improved graph autoencoder branch that makes better use
of the adjacency and face features of 3D mesh. Considering the
presence of a large number of faces in the mesh, using fewer
graph convolution layers, e.g., two to three layers, is insufficient
to integrate structural information. Inverse, stacking more graph
convolution layers will lead to over-smoothing problems. Our
method introduces the skip connections in the encoder module to
mitigate this drawback. In addition, we add the decoder module
in the graph branch to reconstruct the structure information. The
loss function of the whole segmentation network is composed
of the reconstruction loss and the clustering loss. Different from
SDCN, we use the reconstruction objectives of both branches to
define the loss function to improve our segmentation network’s
capability.

An illustration of the overall framework is given in Fig. 1. Our
deep clustering-based mesh segmentation network (SCMS-Net)
employs a two-branch architecture to solve the unsupervised
segmentation task. One branch is a classical autoencoder network
for learning the effective representation of the feature space. The
information is learned from autoencoder branch layers by consid-
ering the local cues. On the other side, considering the variations
of structural information, we use an improved graph autoencoder
as the parallel branch to capture long-range semantic relation-
ships between parts. Then, we further integrate the geometric
features and structure informations extracted from two branches
to generate comprehensive representations. After that, the two-
branch network is unified into an end-to-end framework using a
self-supervised strategy. Finally, the label predictions of the parts
are generated by iterative clustering.

Our method does not require training data with manual an-
notation, which reduces tedious and time-consuming annotation
processing and is more practical than supervised learning-based
segmentation methods. We have conducted extensive compara-
tive experiments and ablation studies on the Princeton Segmenta-
tion Benchmark (PSB) dataset [11] and Shape COSEG dataset [12],
both of which are publicly available datasets for 3D mesh seg-
mentation. The experimental results show that our method can
achieve comparable performance to existing segmentation meth-
ods.

The main contributions of our method can be summarized as
follows:

e To the best of our knowledge, this is the first survey pa-
per to explore the self-supervised clustering methods for the
unsupervised segmentation task of 3D triangle meshes.

e In order to aggregate geometric features and structural infor-
mation of 3D shapes, we develop a two-branch architecture based
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on a structural deep clustering network. Rather than using the
graph convolutional network to reveal the underlying structure
of data, we use an improved graph autoencoder branch to get the
structure information of 3D meshes.

e The segmentation loss function consists of two components.
One is a clustering loss defined by using a self-supervised mech-
anism, and the other is a reconstruction loss function designed to
recover the geometric features and structural information of the
two branches.

We conducted extensive experiments and detailed analysis
on a benchmark dataset to validate the efficacy of the proposed
network. In the rest of the paper, we first review related work
in Section 2. Then, we describe the details of our SCMS-Net
framework in Section 3. Next, Section 4 compares our approach
with the current state-of-the-art methods and reports the exper-
imental results on benchmark datasets. At last, the conclusions
are presented in Section 5.

2. Related work

This section introduces the references related to our work.
We provide an overview of deep clustering, followed by a brief
introduction to mesh segmentation methods.

2.1. Deep clustering

Clustering is one of the most fundamental data analysis tasks.
Recently, the breakthroughs in deep learning have led to a
paradigm shift in artificial intelligence and machine learning, and
the deep clustering has caught significant attention [13-18]. The
basic idea of deep clustering is to integrate deep feature learning
with the clustering objective. Deep clustering has been applied
for self-supervised learning to relieve the burden of large-scale
dataset annotation.

Many deep clustering methods have been proposed in the
past few years, such as DEC [7] proposed a deep embedded clus-
tering algorithm that learns feature representations and cluster
assignments using deep neural networks. The clustering process
of DEC consists of two main stages: one is the parameter initial-
ization with a deep autoencoder, and the other is parameter op-
timization by iteratively computing between an auxiliary target
distribution and minimizing the KL-divergence. DAC [8] adopts
a binary pairwise-classification framework for image clustering.
In DAC, the similarities are calculated as the cosine distance
between label features of images which are generated by a deep
convolutional network. IIC [9] is proposed to learn a cluster-
ing assignment by maximizing the mutual information between
an image and its augmentations. DeepCluster method [19] it-
eratively between k-means clustering the features produced by
the convent and updating the weights by predicting the cluster
assignments as pseudo-labels. However, these deep clustering
methods only focus on learning the representation from the data
itself but ignore the structural information of the data during rep-
resentation learning. Recently, SDCN [10] integrates the structural
information into deep clustering by transferring the represen-
tations learned by the autoencoder to the corresponding GCN
layer. However, these deep clustering methods are mainly used to
handle image clustering or graph classification tasks and have not
been applied to 3D mesh data. Inspired by SDCN, in this paper, we
further explore whether similarity architectures can be applied
to 3D mesh data to achieve the segmentation of unlabeled 3D
meshes.
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Fig. 1. Overview of our Self-supervised clustering-based mesh segmentation network (SCMS-Net). The proposed segmentation network is a two-branch architecture.
One branch is a classical autoencoder model (AE), and the other is an improved graph autoencoder model (IGAE). Given a 3D mesh as input, we first preprocess
the mesh to compute the shape descriptor and the KNN graph. Then, the descriptor and graph are entered into the corresponding branches separately. Next, we
combine the graph structure and feature descriptor to generate robust semantic information. The two-branch network is unified using a self-supervised strategy to
perform end-to-end clustering. Finally, the predicted label of parts depends on the clustering category to which it corresponds. Our method does not require manual

annotation, so the prediction of the segmented labels is purely unsupervised.

2.2. Mesh segmentation

Mesh segmentation has long been studied in the field of com-
puter vision and graphics. Early researches for mesh segmen-
tation have a significant concern in finding practical features
for part decomposition of single mesh [20-22]. However, the
information in a single shape is insufficient to establish the cor-
respondence between shape components. Due to the excellent
neural network performance in image processing, various su-
pervised methods perform 3D segmentation using deep neural
networks trained on a large number of labeled 3D shapes or
scenes [23-28].

Kalogerakis et al. [29] introduced a deep architecture for
supervised learning, which maps the meshes to multiple 2D
projections, and performs view-based inference by repurposing
image-based deep networks. Liu et al. [30] explore the possi-
bility of segmenting 3D models by taking advantage of realistic
2D images freely available online. Hao and Fang [31] formalize
learning of a 3D shape segmentation function space as a meta-
learning problem. To alleviate the dependency of a well-labeled
dataset, Yuan and Fang [26] proposed a novel semi-supervised
approach, named robust learning of one shot 3D Shape Segmen-
tation, which only requires one single exemplar labeled shape for
training. In [25], Shu et al. propose a weakly supervised segmen-
tation method that uses sparse scribble-based labels instead of
full high-quality labels to train the mesh segmentation model.
Chen et al. [32] present a branched autoencoder for weakly
supervised shape co-segmentation. Hu et al. [33] presented an
unsupervised approach for co-segmentation by over-segmenting
the input models into primitive patches and then grouping sim-
ilar patches via a subspace clustering scheme. Wu et al. [34]
suggested a spectral clustering method that generates consistent
segmentation by performing spectral clustering in a fused space
of shape descriptors. Shu et al. [35] first propose a novel unsuper-
vised algorithm for automatically segmenting a single 3D shape
or co-segmenting a family of 3D shapes using deep learning.

Most learning-based mesh segmentation methods achieve
promising performance based on supervised and semi-supervised
learning from a large volume of a well-annotated dataset. How-
ever, it is time-consuming and laborious to have a large volume
of well-annotated shape segmentation datasets for training deep
neural networks. In this work, we explore how to apply deep
clustering to 3D mesh data. To alleviate the dependency on the
well-labeled dataset, we propose a novel unsupervised mesh
segmentation network based on the deep clustering method.
Although deep clustering has been used in 3D shape process-
ing with point clouds and voxel representations, to our best

knowledge, we are the first to apply deep clustering to 3D shape
segmentation with mesh-based representations.

3. Proposed method
3.1. Problem statement

Given a 3D shape depicted by mesh M = {V, F}, V = {vi|v; €
R3} is set of mesh vertices, F = {filfi € {1,...,|V|[}?} is set
of mesh faces. Our method aims to assign a pseudo label [; to
the face f; so that mesh faces with similar semantic informa-
tion are grouped into the same meaningful part. To resolve this
problem, We follow the deep clustering paradigm that predicts
pseudo-labels of mesh faces by iteratively clustering the semantic
features and updating the parameters of the neural networks.

We first pre-compute shape descriptors X to describe the
geometric features of the input mesh model; each row x; of X
is a feature descriptor of the triangular face f;. Then, we consider
x; as the nodes v; of the graph and construct an undirected graph
to encode the shape structure information. We use a two-branch
network based on the SDCN method to combine geometric and
structural information to generate robust semantic features, and
then unify the two-branch network into an end-to-end frame-
work with the help of a self-supervised strategy. Finally, the label
prediction of graph nodes is calculated by iteratively clustering,
and the segmentation label [; of the triangular face f; depends on
the final class of the graph node v; to which it corresponds.

3.2. Shape descriptor extraction

Extracting shape descriptors based on geometric features is an
efficient way to capture shape information. Considering that so-
phisticated feature computation will raise the time consumption
of preprocessing, we use several essential features to describe
the geometric information in the preprocessing step. Precisely,
we extract a 114-dimensional feature vector for each mesh face
containing: position (6-dim), average geodesic distance (3-dim),
curvature (40-dim), shape diameter function (20-dim), and eigen-
vector features (45-dim).

The position feature consists of the face normal and centroid.
The average geodesic distance (AGD) feature [36] of the face f;
is the vector composed of the average geodesic distance of the
three vertices. We employ the multiscale fitting algorithm [37] to
estimate vertex’s curvature feature: kq, ko, (k1+k2)/2, k1ks, d1, da.
Then, the curvature features of f; are composed of the curvature
features of three vertices concatenated with the average values.
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k1 and k, are the principal curvature values, d; and d, are the
principal curvature directions. This results in a 40-dimension
curvature feature. Same with [38], the SDF features [39] are
computed using cones of angles 30, 60, 90, and 120. For each
cone, we get the weighted average of the samples with different
normalizing parameters « = 1, = 2, « = 4, @ = 8. This yields
20 features representing different approximations of the local
shape diameter. We compute the Laplace-Beltrami matrix on the
mesh and generate the eigenvalues and eigenvectors by solving
the generalized eigenvalue problem using ARPACK [40]. We retain
each mesh vertex’s corresponding eigenvectors of the first 15
largest eigenvalues. The eigenvectors of face f; are computed by
concatenating the eigenvectors of three vertices. This yields a
45-dimension feature.

3.3. Graph construction

Given a triangle mesh M, we generate the shape descriptor
X = {x1, X2, ..., xny} € RVN*D after feature precomputation, where
N is the number of mesh faces, D is the dimension of the shape
descriptor. We use an undirected graph to encode the topological
structure of the input mesh. We treat x; as a graph node and
establish graph edges according to their feature similarity.

We employ the K-nearest neighbors (KNN) method [41] to se-
lect the top-k correlation neighbors for each node. The correlation
similarity of two graph nodes is calculated by the Gaussian kernel
function:

|12
Sj=e (1)
where 7 is the parameter in the heat conduction equation, we set
the value of t in our experiments to 0.5. For each graph node v;,
a graph edge e;; is added to connect it with its neighbor v;. Based
on this, we can generate the adjacency matrix A, which is a binary
matrix with the term A; = 0 if e; € E, and Aj = 1if e; ¢ E.

As defined above, we represent the input mesh M to a KNN
graph, which can be characterized by the similarity matrix S =
[S;j] and adjacency matrix A = [A;]. We set the value of k to 10 to
take into account the trade-off between computational efficiency
and segmentation performance.

3.4. SCMS-Net

This section presents a detailed description of our proposed
SCMS-Net. We apply a two-branch structure that combines geo-
metric feature and shape structure to predict part labels better.
One branch is an autoencoder branch for learning the effective
data representation of the feature space. The other is an improved
graph autoencoder branch for capturing long-range semantic re-
lationships between graph nodes. The input of the segmentation
network is the feature graph X with the adjacency matrix A, and
the output is the prediction labels for mesh faces. By utilizing a
self-supervised strategy, we can handle the mesh segmentation
task in an unsupervised manner.

We use the classical autoencoder to learn the geometric rep-
resentation of different kinds of mesh models. This autoencoder
consists of two parts: an encoder module and a decoder module.
The encoder module combines fully connected layers to map
the input geometric shape tensor to a low-dimensional latent
feature space. The decoder module reconstructs the input fea-
tures through several fully connected layers. In our approach, the
encoder and decoder modules have three layers each, and the
input of this branch is the shape descriptor X of the input mesh
with ReLU applied as the activation function. We use H to denote
the output of the decoder part of the autoencoder branches.

The autoencoder branch learns valuable shape representa-
tions from mesh model but disregards the relationships between
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shape parts. To this end, the SDCN method [10] uses multi-
ple graph convolution layers to learn structural information and
then takes a transfer manner to fuse structure and data rep-
resentation. Inspired by SDCN, we adopt a similar approach to
process the structural information of the meshes. However, unlike
SDCN, which uses graph convolution layers to form structural
branches, we use a modified graph autoencoding architecture as
the structural branch to get potential structure representations.

Specifically, the encoder part of the graph autoencoder branch
consists of three graph convolution layers. We combine the struc-
tural information generated by the graph convolution layer and
the geometric representation learned by the autoencoder branch
to produce a comprehensive representation, the equation can be
expressed by

GO =260 + (1 —a)HO (2)

where G is the structural information of the Ith graph convolu-
tion layer, and H" is the geometric representation of the corre-
sponding layer of autoencoder branch. A is a balance coefficient,
we uniformly set it to 0.5 in the experiments.

In experiments, we found that the three graphical convolution
layers cannot adequately represent the structural information of
the mesh model due to the presence of tens of thousands of faces
in the mesh model. We tried to increase the number of graphical
convolution layers, but this led to the problem of over-smoothing
of graphical convolution. As suggested by [42,43], we introduce
skip connection in the encoder module to obtain robust latent
representations. In our method, the layer in the encoder part of
the graph autoencoder branch is formulated as.

D =y (@0, F) + 1 (BY) 3)

where # is the general graph convolution operation, A is the
normalized adjacent matrix, h is the fully connection mapping to
facilitate the vertex-wise addition of layers of different dimen-
sions.

Symmetrically with the encoder module of graph autoen-
coder, the decoder consists of three layers. The encoder part
reconstructs the structural information matrix and the adjacency
matrix. As the initial kNN graph construction, we use the correla-
tion similarity of graph nodes to reconstruct the affinity matrix.
We use G to denote the output structure information of the
decoder module and A to denote the reconstructed adjacency
matrix. The extensive experiments on the mesh segmentation
task verify the impact of these ideas on various shape classes.

3.5. Self-supervised strategy

Now, we have associated autoencoder with graph autoencoder
in mesh segmentation network architectures. However, neither
of them can be immediately applied to deep clustering problems.
We apply the same self-supervised module as SDCN to unify the
branches of autoencoder and graph autoencoder into a unified
framework. For the autoencoder branch, we calculate the simi-
larity between ith sample h; and jth clustering center u; by using
the Student’s t-distribution as the kernel:

1+ || — u; | /v -
Y (1+ Ilh — w12 /) - @
S (Ul =P /v) 2

25/ > iz
> (/%)
In Eq. (7), h; is the ith row of H, K-means initialize u; on

representations learned by the pre-train autoencoder, and v are
the degrees of freedom of the Student’s t-distribution. z; indicates

qij = (5)
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the soft assignment probability of the ith node to the jth center.
The soft assignment probability of the ith node to the jth center is
represented by z;. In order to increase the confidence in cluster
assignment, we introduce Eq. (8) to drive all samples closer to
cluster centers. Q = [gs], 0 < g3 < 1 is an element of the
generated target distribution, which indicates the probability of
the ith sample belongs to the jth cluster center.

The clustering loss function of the autoencoder is defined by
adapting the KL-divergence in the following form:

=32, q"f"’g% (6)
i Y

By minimizing this KL-divergence loss, the target distributions
P and Q are iteratively updated by supervising each other. This
self-supervised mechanism assists the AE module in learning a
better representation for the clustering task.

For the graph convolution branch, we adopt a similar strat-
egy. We first calculate soft target distributions for the clustering
embedding G which has integrated the information from both
autoencoder and improved graph autoencoder. G is the encode
embedding layer of graph autoencoder with the softmax func-
tion. We consider G as a probability distribution. Then, we use
distribution Q to supervise distribution G as follows:

ley= 303 asloe 7)
i

8ij

where gj; € G indicates the probability sample i belongs to cluster
center j.

3.6. Network loss and training

In our method, the overall segmentation network loss function
consists of two parts. One is the clustering loss, and the other
is the reconstruction loss of two branches. Same with SDCN,
to train the network in a unified framework and improve the
representative capability of each branch, the clustering loss L¢ is
defined by using the self-supervised mechanism:

Lc =L¢, + Lc, (8)

Unlike SDCN defines the reconstruction loss functions only
for the autoencoder branch, our reconstruction loss function is
designed for both two branches. The reconstruction loss of the
autoencoder branch is given by

N
1 ~ 2
Lap = SN E] IX — Hllg 9
i=

For the graph autoencoder branch, we define the reconstruc-
tion loss of structural information based on the adjacency matrix
and feature matrix of the graph nodes.

N

1 ~ D
Licat = 5 le IAX — AG||; (10)
i=

where H to denote the output of the decoder part of the au-
toencoder branches, G is the output structure information of the
decoder module, and A is the reconstructed adjacency matrix, N is
the number of graph nodes. Then the reconstruction loss function
becomes Ly = Lar + Ligar. The whole segmentation loss Ls can be
formulated as follows:

Ls = alg + BLc (11)

where « and g are pre-defined hyperparameters that balance the
importance of reconstruction and clustering.
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In the segmentation loss formulation, KL divergence gently
updates the entire segmentation model to avoid significant dis-
turbances in the data representation. Two branches are unified in
the same optimization objective, making their results converge
during the training process. The detailed training process of the
proposed segmentation network is shown in Algorithm 1.

Algorithm 1 Training procedure of SCMS-Net.

Input: Shape descriptor X; Adjacency matrix A; Cluster number
K; Iteration number I; Hyper-parameters « and .
Output: Segmentation labels of mesh faces.
1: Initialize the network parameters of two branches with
uniform initialization method.
2: Initialized clustering centers u; with K-means for potential
representations in the pre-trained autoencoder branch.
3: fori=1toldo
Calculate latent representations of two branches;

5. Transfer the representations learned from H® into a
corresponding graph encoder layer by Eq. (2);
6: Generate the next layer representation of the graph

convolution by Eq. (3);

7: Compute loss function Lc;

8: Compute the loss functions Lg;

Update the whole network by minimizing Eq. (11).

10: end for

11: Generate the prediction labels of graph nodes with the final
output of encoder module of G by K-means.

12: Get the segmentation label of mesh face f; according to the
final cluster of the corresponding graph node.

13: return Segmentation labels of mesh faces.

4. Experiments
4.1. Datasets

We test our unsupervised segmentation model on the Prince-
ton Segmentation Benchmark (PSB) dataset [11], Shape COSEG
dataset [12], and the Human Body dataset [44]. The PSB dataset
contains 380 manually-labeled segmentation meshes in 19 cat-
egories, and each category contains 20 meshes with different
shape configurations. All models in the PSB have been carefully
re-meshed and reconstructed such that their mesh representation
is watertight with clean topology. The Human Body dataset con-
sists of 399 meshes from SCAPE [45], FAUST [46], SHRECO7 [47],
and the meshes are manually segmented into eight parts. The
COSEG dataset contains 190 segmented models in 8 small cate-
gories, plus 900 synthetic variations of those in 3 large categories.
We evaluate the performance of our approach on the three largest
sets: Vases (300 meshes), Chairs (400 meshes), and Tele-aliens
(200 meshes).

4.2. Evaluation metrics

We use the mean accuracy (mAcc), overall accuracy (oAcc),
and mean intersection over union (mloU) as the evaluation met-
rics. The mAcc is the mean of each accuracy per segmentation
part, and the oAcc is calculated as the total number of correctly
classified mesh faces divided by the total number of mesh faces.
The mloU is the mean of IoU calculated by the ratio of intersection
over the union of each segmentation part. We calculate the eval-
uation metrics for each shape and then average the evaluation
metrics for all shapes included in each category to obtain the
evaluation results. Since our method belongs to the category of
unsupervised segmentation, ground truth labels are only used to
evaluate the quality of the segmentation results, and they are not
involved in our training procedure.
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Table 1

Quantitative results by our method for each category of PSB
dataset. For all three metrics, higher values indicate better
performance.

Category mloU mAcc 0Acc

Airplane 0.5839 0.6703 0.6779
Ant 0.5183 0.6595 0.6627
Bird 0.5346 0.6219 0.6405
Bearing 0.6057 0.6521 0.7998
Bust 0.3668 0.4291 0.4449
Chair 0.6208 0.7635 0.8279
Fish 0.5523 0.6437 0.6882
Fourleg 0.4604 0.5529 0.6091
Cup 0.6724 0.8496 0.8789
Glasses 0.6204 0.7666 0.8897
Hand 0.5499 0.6772 0.6854
Human 0.4316 0.5636 0.5801
Plier 0.4612 0.6578 0.6972
Octopus 0.9556 0.9788 0.9799
Table 0.9591 0.9796 0.9855
Teddy 0.4652 0.5957 0.6343
Mech 0.6538 0.8424 0.8645
Armadillo 0.3628 0.4275 0.4658
Vase 0.6473 0.7343 0.7594

4.3. Network configuration

Our method is implemented with the PyTorch platform and
an NVIDIA RTX 2080Ti GPU. We pre-train the autoencoder in-
dependently for each mesh model with 50 epochs. Then, we
train the whole network, which integrates both branches for
200 epochs. Adam optimizer [48] with an initial learning rate
of 0.01 and stepwise rate decay schedule of 0.99 by ten steps is
applied for network optimization. The dimension of hidden layers
in the autoencoder branch is 112, 112, 56, 14, and the dimension
of the input layer is 114. The dimension of each layer in the
graph autoencoder branch is consistent with the autoencoder. We
use LeakyReLU as an activation function and implement batch
normalization [49] for the layers in the graph autoencoder. The
hyperparameters « and $ in Eq. (11) are set to 0.5 and 0.01 for
all mesh models.

4.4. Timings

We also estimate the time efficiency of the model. Here we
take a 3D mesh model with 15K as an example, the precom-
putation of shape descriptor takes about 85 s, and the most
time-consuming procedure are the calculation of SDF, which take
about 70% of the total extraction time; The KNN graph construc-
tion for the mesh took about 13 s. The training of segmentation
network takes about 48 s for 200 epochs.

4.5. Segmentation performances

Since the unsupervised method is not guaranteed in advance
to generate the same number of partitions as ground-truth. For
comparison, we manually count the number of segmentation
components for each model and assign it to the parameters of K-
means to generate the same number of segments as ground-truth.
The quantitative results per category of the PSB dataset evaluated
are provided in Table 1.

As shown in Table 1, there are seven categories that both
of mAcc and oAcc values are above 70%, and six categories in
them have mloU values above 60%. For example, our proposed
method performs well for the categories of Bearing, Octopus,
and Table. The categories with low evaluation values are Bust,
Human, Armadillo, and Fourleg. The main reason is that these
models have a great diversity of shapes and different gestures.
Segmentation network difficult to capture discriminative shape
and structure information.
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Table 2

The results of ablation experiments on the input features. no-
Position indicates the lack of positional features, the rest of these
cases are similar.

Features mloU mAcc 0Acc

no-Position 0.5164 0.6408 0.6946
no-Curvature 0.5238 0.6511 0.7027
no-SDF 0.5328 0.6768 0.6799
no-AGD 0.3799 0.5130 0.5433
no-Eigenvectors 0.3226 0.5211 0.5550
Ours 0.5803 0.7053 0.7230

4.6. Ablation studies

We perform three ablation studies (on the input geometric
features, the loss function, and the two branches of the net-
work) to justify some of the design and parameter choices in our
architecture.

Input features. Feature extraction is a necessary part of the
network model. Our segmentation network requires different fea-
tures to represent the local and global geometry of the triangular
faces of the mesh, respectively. For this purpose, we analyze the
ability of network segmentation with different combinations of
features. We evaluate the segmentation method using the aver-
age evaluation metrics for all categories of the PSB dataset. The
quantitative results are given in Table 2. The feature vectors and
AGD feature vectors are critical initial features that have the most
significant impact on the accuracy of the results. The reason is
that they represent the shape information and implicitly encode
the connectivity information of the shape.

Branches. Our segmentation network consists of Autoencoder
and Graph Autoencoder as the basic constituent structures. In
this part, we illustrate the effectiveness of each branch. We com-
pare our proposed network with the network using only autoen-
coder branch, the network using improved graph autoencoder
branch, and SDCN network with two branches. We abbreviate
them as AE-Branch, IG-Branch, and A&G-Branch, respectively.
Among them, AE-Branch and IG-Branch uses Lsr and Lig4 as the
loss function, A&G-Branch still use Ls as the loss function. We
perform experiments on the PSB dataset and the COSEG dataset.
The segmentation performance are summarized in Fig. 2. Based
on the results, our proposed network shows superior perfor-
mance against the compared methods in most circumstances.
Sae merely exploit node representations for clustering, it sel-
dom take structure information into account, leading to sub-
optimal performance. Sgsr and Sugc under-utilize abundant in-
formation from data itself and might be limited to the over-
smoothing phenomenon. our method incorporates geometric rep-
resentations learned by AE into the whole clustering framework,
and mutually explores structure information and geometric rep-
resentations with a fusion module for consensus representation
learning.

Loss function. The loss function of the whole segmentation
network is composed of the reconstruction loss and the clustering
loss. We evaluate the segmentation method using the average
of the evaluation metrics for all categories of PSB dataset. The
experimental results on the PSB dataset and the Human Body
dataset are shown in Tables 3 and 4. Lz and L represent the
reconstruction and clustering loss function, respectively. Ls is our
designed segmentation loss function as defined in Eq. (11). In our
experiments we found that for most categories, the reconstruc-
tion loss has a significant impact on the segmentation results,
due to the fact that this part contains the main information of
the mesh model. As described in Section 3, the clustering loss
function defined based on the self-supervised mechanism unifies
the branches of the autoencoder and the graph autoencoder
so that their results converge during the training process. For
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Evaluation results on the PSB dataset
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Fig. 2. The results of ablation experiments on different branches. AE-Branch
represents our proposed network using only autoencoder branch, IG-Branch
represents the proposed network using only improved graph autoencoder
branch, A&G-Branch represents the SDCN network.

Table 3

The results of ablation experiments of the loss function on PSB
dataset.

Loss function mloU mAcc 0Acc

Lg 0.5364 0.6782 0.7095
Lc 0.3904 0.5755 0.5915
Ls 0.5803 0.7053 0.7230
Table 4

The results of ablation experiments of the loss function on the
Human Body dataset.

Loss function mloU mAcc 0Acc

Lg 0.4525 05123 0.5543
Lc 0.3862 0.4751 0.5024
Ls 0.4934 0.5712 0.6401

diverse segmentation classes, the clustering loss function can
help improve the accuracy of segmentation in terms of average
performance.

4.7. Comparison with the state-of-the-arts

We compare our segmentation method with the state-of-the-
art segmentation methods on the COSEG dataset. Except for the
classical unsupervised method, we also compare our method
with several 3D shape segmentation methods, which employ
fully supervised deep learning techniques to segment shapes.
All the parameters are consistent with the experiments on the
PSB dataset. We use the segmentation accuracy per category
as the metric. Following [29], the accuracy is computed as the
percentage of the area of correctly classified faces over the area
of all the surfaces.
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Table 5
The comparison results on the
Human Body dataset.

Method Accuracy
MeshCNN [50] 0.8530
PD-MeshNet [51] 0.8561
HodgeNet [52] 0.8503
Ours 0.8582

Table 6

The comparison results of our method with other segmentation methods. The
performance of existing methods is based on publicly reported results in the
literatures [53-55], and “-” means the result was not reported.

Method Type Vase Chair Alien
MeshCNN [50] Supervised 0.9236 0.9299 0.9626
HodgeNet [52] Supervised 0.9030 0.9568 0.9603
Laplacian2Mesh [53] Supervised 0.9458 0.9658 0.9501
ShapePFCN [29] Supervised 0.9060 0.9110 0.9570
ShapeBoost [38] Supervised 0.8970 0.7650 0.8080
Guo et al. [56] Supervised 0.8010 0.8080 0.8000
SFCN [54] Supervised 0.9591 09117 0.9300
LaplacianNet [57] Supervised 0.9420 0.9220 0.9390
DCN [55] Supervised 0.9090 0.9570 -
Label Proposed Supervised 0.9348 0.9677 0.9614
Wu et al. [34] Un-supervised 0.8750 0.9060 0.7530
Sidi et al. [58] Un-supervised 0.6990 0.8020 -
Proposed Un-supervised 0.8744 0.9183 0.8215

Tables 5 and 6 show the segmentation accuracy per category
of the Human Body dataset and the COSEG dataset. The best re-
sults are marked in bold. In the supervised segmentation setting,
denoted by “label proposed”, we generate initial pseudo-labels
using our method, and use cross-entropy as the loss function
for training. Table 5 shows the experiment performance of the
proposed method on the Human Body dataset in supervised set-
ting, and the experimental results show that our method achieves
better segmentation results on this dataset. In Table 6, the perfor-
mance of existing methods is based on publicly reported results
in the literature, and “-” means the result was not reported.
Experimental results show that our unsupervised segmentation
method can achieve better-unsupervised segmentation results for
both Chair and Alien categories. The supervised experimental re-
sults show that our method can obtain competitive performance
compared to Laplacian2Mesh and HodgeNet.

4.8. Visualized examples

In this part of the experiment, we show the visualization
results of our method on the PSB dataset and the shape COSEG
dataset. Fig. 3 shows some samples of our segmentation results
on the PSB dataset. Figs. 4-6 shows some segmentation results
on the Shape COSEG dataset. The experimental results show that
our method performs well on most of the shape sets under the
condition that there is no training data with annotations, and
can achieve robust performance on various types of models with
different datasets. However, the edges between different parts are
not smooth, and our method has difficulty correctly classifying
their nearby locations.

5. Conclusion

In this paper, we focus on the problem of unsupervised seg-
mentation of a 3D model represented by a triangular mesh.
We use the shape descriptor and undirected graph to describe
the source mesh’s local geometric and shape structure informa-
tion. We developed a two-branch unsupervised segmentation
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Fig. 3. Segmentation results on the PSB dataset by our method.
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Fig. 4. Segmentation results on the Shape COSEG dataset (Aliens category) by
our method.

framework that accomplishes label prediction by employing a
self-supervised strategy. In contrast to supervised learning, our
approach does not involve annotation training datasets. We con-
duct extensive experiments on the benchmark datasets to eval-
uate our method. The experimental results demonstrate that our
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Fig. 5. Segmentation results on the Shape COSEG dataset (Chairs category) by

our method.
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Fig. 6. Segmentation results on the Shape COSEG dataset (Vases category) by
our method.

method can achieve comparable performance. For the 3D mod-
els with complex topology and complicated properties, such as
disconnected components, non-manifold edges, and self-
intersections, our method cannot be directly used to deal with
such meshes. We will consider how to handle such meshes
in our subsequent work. Another possibility for future work
is to investigate the mesh representation to hold for multi-
resolution structures. Finally, we would like to consider extending
our method to handle other related areas, such as point cloud
segmentation, shape retrieval and other exciting directions.
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