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Shape segmentation plays a vital role in shape analysis. Recent research uses fully-supervised learning
methods to achieve state-of-the-art performance. However, acquiring fully-labeled training data is
usually an extremely expensive process. In this paper, we present a novel semi-supervised algorithm
for 3D shape segmentation. In our method, users are only required to locate several seed faces
with a very simple interaction by using our soft density peak clustering method. Our method can
automatically learn the required label information and produce satisfactory segmentation results with
our novel optimization model. Various experimental results show that the presented method can
achieve superior segmentation performance over previous unsupervised methods and comparable
performance to the fully-supervised methods.

© 2021 Elsevier Ltd. All rights reserved.

1. Introduction

Segmenting 3D shapes into several meaningful parts, i.e., 3D
shape segmentation, is a fundamental problem in 3D shape anal-
ysis. Numerous geometry processing problems, such as 3D shape
retrieval, 3D shape classification, part-based 3D modeling, 3D
mesh simplification, and 3D shape skeleton extraction, benefit
from fast and robust 3D shape segmentation algorithms. Tradi-
tionally, a typical workflow of 3D shape segmentation algorithms
consists of three steps. In the first step, each face on 3D shapes
is mapped to a corresponding feature vector. As the second step,
the feature vectors are clustered into several clusters and given a
label in the feature space. Each face is given a label according to
its corresponding feature vector’s label in the final step.

Recently, learning-based approaches [1-5], especially the deep
learning-based ones [6], show their superior performance with
more 3D shapes available over non-learning based methods.
Moreover, they can be mainly divided into three categories:
supervise ones [7], semi-supervised ones [8], and unsupervised
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ones [9]. Most supervised 3D shape segmentation methods heav-
ily rely on high-quality training data to learn the prior knowledge,
which are usually fully-labeled 3D shapes. Although the perfor-
mance of supervised ones is usually better than the other two
categories of methods, fully labeling numerous 3D shape is a very
expensive, time-consuming, and extremely tedious task.

In this paper, we propose a novel and effective semi-
supervised method for 3D shape segmentation to avoid being
faced with the demanding task of preparing expensive fully-
labeled training data. Different from existing work, our method
labels 3D shapes in the feature space, instead of on the surfaces
directly. Our method ensures that the marked parts contain the
key features of each segment. Only a simple and efficient user
interaction is used in our method to assist in locating several ini-
tial labeled seeds. And the label information can be automatically
propagated to the unlabeled parts of 3D shapes with our novel
optimization model. Fig. 1 shows some examples of segmentation
results from our method. The overall workflow of our method is
shown in Fig. 2.

The main contribution of this work is our novel semi-
supervised 3D shape segmentation method, which significantly
reduces the necessity of preparing expensive fully-labeled 3D
shapes.
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Fig. 1. Example segmentation results of our approach.

The remaining parts of the paper are organized as follows. Sec-
tion 2 gives a brief review of related work on 3D shape segmen-
tation. Section 3 describes our novel semi-supervised 3D shape
segmentation method, our corresponding optimization model,
and the overall framework of our algorithm. In Section 4, we show
our experimental results, including the comparisons between our
method and the state-of-the-art. Finally, we discuss the limitation
and future work in Section 5 and conclude the paper in Section 6.

2. Prior work

Shape segmentation is one of the fundamental research
topics in computer graphics. It aims to segment a 3D shape,
usually represented by a 3D mesh, into semantic parts. Volume-
based segmentation [13], surface-based segmentation [14,15] and
skeleton-based segmentation [16] are the three main categories
of 3D shape segmentation techniques. Early surface-based seg-
mentation methods only process one single shape. Those methods
are divided into five classes in [17], including region grow-
ing [ 18], hierarchical clustering [ 19], boundary segmentation [20],
watershed segmentation [21] and iterative clustering [22].

In recent years, with the development of 3D shape reposito-
ries, learning-based methods show their superior performance in
shape analysis [9,23-25]. Thus learning-based segmentation tech-
niques differ from previous methods in processing a set of shapes
instead of a single one with more 3D models available. Learning-
based segmentation methods infer more cues from a set of 3D
shapes and result in better performance in shape segmentation.
There are two main categories of learning-based segmentation
methods, including supervised ones and unsupervised ones.

Generally speaking, the training data has both features and la-
bels in supervised learning, which means the connection between
features and labels can be learned through a training process.
Therefore, the labels can be predicted when facing data with only
features but no labels. Different from supervised learning, unsu-
pervised learning is to make the best use of unlabeled samples
and discover the structural knowledge in samples.

Supervised segmentation methods. The supervised methods re-
quire a lot of labeled 3D shapes as the training dataset. The pio-
neering work of Kalogerakis et al. [7] proposed a learning-based
method for 3D shape segmentation. With the meshes classified
and labeled in advance, the method optimized the parameters of
an objective function built upon a probabilistic framework and
used to label new meshes. Kaick et al. [26] proposed a similar
method which learns mesh segmentation features from labeled
training shapes. They introduce an objective function consisting
of three terms, a face label term, a face-face pair labels binary
term, and a probabilistic framework term. In this way, the seg-
mentation results consider not only the geometric features but
also the smoothness of the boundaries of different segments.

More recently, two kinds of supervised segmentation ap-
proaches have been developed: features-based ones and views-
based ones. Features-based methods generate the training data by
using 3D shape descriptors, such as Gaussian Curvature (GC) [10],
Average Geodesic Distance (AGD) [11], Shape Diameter Function
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(SDF) [12], Scale-Invariant Heat Kernel Signatures (SIHKS) [27],
and Heat Kernel Signatures (HKS) [28]. For example, Xie et al. [1]
proposed a fast supervised segmentation algorithm by using
multiple geometric feature descriptors and the extreme learn-
ing machine algorithm. Guo et al. [6] proposed a segmentation
method using deep convolution neural networks.

Instead of using geometric features of 3D shape as the training
data, view-based methods try to establish the linkages between
the 3D shape and its projections. In [29], a semantic segmentation
method is introduced by converting the 3D shapes to their 2D
projections. The input training data consists of labeled images
of projected shapes. According to the correspondences between
the pixels on 2D views and the faces of 3D shapes, 3D shape
segmentation can be accomplished as a 2D image segmentation
task which has been thoroughly studied. Le et al. [30] proposed a
mesh segmentation algorithm which uses both recurrent neural
networks and multiple 2D views. By introducing long short term
memory, the algorithm can handle the sequential multiple views
and obtain satisfactory results on the Princeton Segmentation
Benchmark dataset.

Unsupervised segmentation methods. As mentioned above, the
supervised segmentation methods demand a considerable la-
beled dataset. However, labeling is a time-consuming, costly,
and tedious process. Therefore, unsupervised segmentation meth-
ods have become a very active research topic in the last ten
years. This kind of method can be divided into two main cate-
gories: descriptor-based methods and alignment-based methods.
Descriptor-based methods use 3D shape descriptors to label sim-
ilar faces with a common label to segment mesh models. Sidi
et al. [31] introduced an unsupervised segmentation method for
non-rigid shapes. They establish the correspondence among faces
by using spectral clustering and diffusion maps. Due to the lack
of prior knowledge, their method is slightly inferior compared to
the supervised methods.

Zhuang et al. [32,33] proposed two semi-automatic methods
to segment a mesh into several patches whose boundaries are
aligned with ridge and valley lines by introducing a mesh em-
bedding approach or employing correlation clustering methods
respectively. Similar to [31], Wu et al. [34] proposed an unsuper-
vised method by using spectral clustering in the descriptor space.
To achieve better results, they employ the over-segmentation
method to divide meshes into patches. Besides, Zhang et al. [35]
presented an unsupervised segmentation method based on face-
level descriptors and soft clustering. Unlike clustering-based un-
supervised methods, Shu et al. [2] introduced a deep learning-
based segmentation method. Several different geometric feature
vectors are concatenated into one high-dimensional vector in
their method. Stacked auto-encoders are used in their method to
learn low dimensional feature vectors that represent geometric
features.

Alignment-based methods segment 3D shapes by utilizing the
global alignment of shapes. These methods can achieve better
performance by finding the correspondences among the mod-
els belonging to the same category. For example, Golovinskiy
and Funkhouser [36] introduced an unsupervised segmentation
method that consistently segments a set of 3D shapes using
graph clustering techniques. Their method establishes the cor-
respondences among parts of models and segments 3D shapes
simultaneously. Xu et al. [37] proposed an unsupervised method
to address global alignment and scaling of shapes in the 3D shape
segmentation process. They analyze shapes in the part-level to
decompose each shape into several semantic parts. Huang and
Koltun et al. [38] introduced a joint shape segmentation method
which is also entirely unsupervised. The results show that they
improved the segmentation quality by using a joint segmentation
technique.
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Fig. 2. The workflow of our proposed approach for 3D shape segmentation. Gaussian Curvature (GC) [10], Average Geodesic Distance (AGD) [11], Shape Diameter

Function (SDF) [12] are 3D shape feature descriptors.
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(a) Labeling methods

(b) Labels on the surface

(c) Labels in the feature space

Fig. 3. The results of the fully-labeling method and our labeling method. Column (a) shows the two different methods of labeling a 3D shape. And the labeled results
on the surface are showed in column (b), while column (c) shows the labeling results in the feature space. In column (c), all the feature vectors of faces of the 3D
shape are embedded into a two-dimensional space. In our approach, we label a 3D shape on the decision graph by selecting appropriate clustering centers, and the
labeled result (b) will present in real-time to help users adjust the selecting box.

Generally speaking, fully-supervised segmentation methods
usually perform better than unsupervised methods in shape seg-
mentation tasks. However, they do require lots of fully-labeled
training data to achieve satisfactory results. Unfortunately, fully
labeling numerous 3D shape is a very costly and time-consuming
task. To reduce the cost of preparing training data, our method in-
troduces the density peaks clustering algorithm into the

labeling process, which significantly reduces the time spent. As
shown in Fig. 3, instead of directly labeling faces on the surface of
3D shapes, we do it on the decision graph by adjusting the selec-
tion box. The second and the third column respectively show the
labeled results on the surface and in the feature space. After that,
our method establishes a semi-supervised model to convert the
initial labeling shapes into fully-labeled shapes. Different from
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other methods, our approach can naturally capture the important
seed faces, which helps achieve satisfactory performance.

3. Soft density peaks clustering and semi-supervised model

Shape segmentation can be seen as a face clustering task of
3D shapes. In our method, we propose an improved density peak
clustering algorithm and combine it with our novel objective
function. Based on that, we present our novel semi-supervised 3D
shape segmentation method, which greatly simplifies the labeling
process by users and ensures high-quality labeling at the same
time.

3.1. Labeling based on density peaks clustering

The density peak clustering (DPC, [39]) algorithm provides us
with a simple way of clustering by decision graphs. In the DPC
algorithm, two parameters are needed to calculate for each data
point, including the local density p; and the distance §;. In a data
points set S = {sq, S, ..., Sy}, the local density p; represents the
number of points near the data point s;, and p; is defined as:

pl:ZjX(dij_dC)’ (1)

where x(x) = 1if x < 0, otherwise x(x) = 0, d; denotes the
distance between point s; and s;, d. denotes a cutoff distance.
Higher local density p; means more data points are near the point
s;. The distance §; is defined as the Euclidean distance between
point s; and the nearest point s; which has a higher local density:

b = min (d;). 2)
where dj; denotes the Euclidean distance between point s; and s;.
One can plot all the data points on a two-dimensional decision
graph. The vertical axis and the horizontal axis represent the
distance §; and the local density p; respectively. In the graph, a
small set of points at the upper right corner of the decision graph,
which have big p; and big &;, are deemed as the cluster centers
according to the DPC algorithm. When cluster centers are fixed,
each point can be assigned to the corresponding class by finding
its nearest cluster center of higher density.

Based on a set of selected feature descriptors, we map each
triangular face into a point in the feature space. It seems that
the DPC algorithm can be used for clustering faces (mapped to
points in the feature space) into different groups while each
group defines a meaningful part of the 3D shape. However, there
are two difficulties:

1. Since the original DPC algorithm runs in O(n?) time, it
becomes impractical for our problem where n may amount
to tens of thousands.

2. The DPC algorithm does not provide the confidence to
assign a face with a label. Any samples assigned with the
same label are considered equal for the results of the DPC
algorithm.

A detailed 3D shape usually consists of 10K or even more
faces. As mentioned above, too many faces will make the DPC
algorithm unpractical. To overcome this problem, we employ the
over-segmentation method [20] to divide the 3D mesh model into
some small patches, where each one contains dozens of faces.
We calculate the feature vectors of all the faces in each patch,
and we choose the face closest to the mean level to represent the
patch. In this way, the number of input data points for the DPC
algorithm is greatly reduced, so that the results can be obtained
in reasonable computation time.
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To address the second issue, we extend the DPC algorithm in
this paper to produce probability distributions instead of exact
classification labels. Provided cluster center k; and its correspond-
ing label [;, we define the probability that k; belongs to category
I; as:

d2
Plf_exp< 202)7 (3)

where ¢ = tan~! (p;) and d;; denotes the distance between the
two feature vectors of patches k; and k,. As a post-processing
step, all P;; are normalized and regarded as the corresponding
probability distribution of k;. In this paper, we name our extended
DPC as soft density peaks clustering (SDPC) algorithm.

The training data of our method is obtained by employing a
fast marking method based on the SDPC. As shown in Fig. 4, we
label 3D shapes on the decision graph of the SDPC algorithm.
Users adjust the selection box from the top right to choose
appropriate clustering centers on the decision graph. The visually
labeled 3D shape will be updated in real-time on the right side,
assisting users during the selection process. In Fig. 4(a) and (b), if
the user selects insufficient clustering centers, the visually labeled
3D shape immediately indicates inadequate labeling. In this case,
the user should continue to expand the selection box. However,
if too many clustering centers are selected, as shown in (d), we
can find the shape is over labeled. When a satisfactory label is
marked, as shown in (c), we regard it as a part of the training data.
In this way, massive 3D shapes can be fast labeled with relatively
high-quality labels.

In our method, three well-known 3D shape feature descrip-
tors, including Average Geodesic Distance (AGD) [11], Shape Di-
ameter Function (SDF) [12], and Gaussian Curvature (GC) [10], are
selected and concatenated into 3-dimensional feature vectors. For
each patch getting from the over-segmentation step, we regard
the feature vector on the face selected by the policy mentioned
above as the feature vector of the patch. The experimental results
show that the three chosen feature descriptors perform well.

3.2. Objective function

With our extended soft density peaks clustering, we can get
the preliminary result of 3D shape segmentation according to
the probability distribution of each face belonging to each class.
Inspired by the previous work proposed in [40], to get the exact
label of each face, we further propose a novel objective func-
tion, which considers the adjacency relationship and geometric
features. By minimizing the objective function, each face can be
assigned an appropriate label.

There are four energy terms in our objective function:

E = Eqgpc (L) + Egnn (L, W) + AEgeq (L) + ¥ Esmooth (L) , (4)
where
Egpe (1) = Z Elpe (),
Eann (L, W) = ZEd,m (i, W),
5
Epa (1) = ZE (I, 1), ®)

Esmooth (L) Esliiooth 117 l

L represents all the labels of patches, W denotes the weights of
deep neural networks, and parameters X and y are empirically set
to 1.0 and 0.13 respectively. We minimize the objective function
to obtain our trained model.
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Fig. 4. The labeling process of our method. We label a 3D shape on the decision graph, inspired by the density peaks clustering algorithm [39]. Starting from the
top right of the decision graph, users choose the appropriate clustering centers according to the visual labeled 3D shape on the right side. The labeled model will

be updated in real-time as the different clustering centers are selected.

To make it clear, we assume that there is a 3D shape S, which
is divided into k patches sq, s,, ..., S¢ by the over-segmentation
method [20] in advance, and we want to segment S into n parts.
Let matrix P**" denote the probability distribution obtained from
the soft density peaks clustering, where P; ; represents the prob-
ability of the ith patch belonging to the tth part. For the objective
function, we have the following considerations.

First of all, the segmentation results should respect the prob-
ability matrix P**". We build an energy term Eépc to represent
the prior result of SDPC, which is a column vector defined as
follows. And the predicted results of our learned model should be
in agreement with the final segmentation results. Thus, we train
a deep neural network to learn the mapping between geometric
features of patches and their labels, which can be represented
by a term Eénn (li, W). And patches with similar feature vec-
tors should be classified into the same segment [40], which is
represented by a pairwise term Eg, (I, j) in our optimization
problem. In the end, we build an energy term Eg ., (1;. ;) for the
smoothness of the segmentation results.

Elpe (1) = —log Py, (6)

wherei=1,2,...,k,Iis the label of the ith patch, and P;, is the
value of ith row and Iith column of the probability matrix P**".
The smaller Eépc means that the label of the ith patch is more
consistent with the clustering results of our SDPC algorithm.

Eln (h, W) = —log Pre (I, W) , 7)

where i = 1,2,...,k W represents the weights of the deep
neural network, and Pre (I;, W) denotes the predicted probability
of the ith patch belonging to the [;-th part.

lss-s@IEY p L,
(li, lj) exp (— 5 J ) if 11 # l] (8)

ij —
Efea - .
otherwise,

where g(s;) and g(s;) denote the feature vectors of patches s; and
s;. The energy term E;;{l represents that there should be wide gaps

between the feature vectors with different category labels.

Esl;ioorh (li’ lj) = [0 log( b ) if l; # Ij o)

otherwise,

where 6(f;, f;) denotes the dihedral angle between neighboring
facets f; and f. Note that concave angles and convex angles
are weighted by 1 and 0.1 respectively. The energy term E;/ .
represents that the boundary between any two segments should
be aligned with the concave edges from people’s subjective cog-
nition.

It is worth pointing out that the training 3D shapes are natu-
rally segmented during the optimization process. Meanwhile, the
trained neural network can be used to predict and segment new
3D shapes. Note that our objective function contains two groups
of variables to optimize, L and W. The optimization process is
described in Section 3.3 in detail.

3.3. Optimization

Note that the objective function E can be divided into two
parts, where the first part {Egyc (L)+Efeq (L) +Egmoom (L)} is only re-
lated to the labels L, and the second part {E4, (L, W)} couples the
weights W and the labels L. We use the alternating optimization
technique to minimize the objective function E, which iteratively
fixes W to solve for L and then fixes L to solve for W.

Fixing L to solve for W is actually a training process of neural
networks. Neural networks try to learn nonlinear mapping func-
tions between the patches’ feature vectors and their labels. In this
paper, a deep neural network with four layers is used. The inputs
are feature vectors F = {fi,f>, ..., fx}, and the output are the
labels L.

Fixing W to solve for L is a process of adjusting the labels of the
patches. The first part {Egpc (L) + Efeq (L) + Esmootn (L)} is a simple
function depending on the labels L. We employ the graph cuts
algorithm [41] to efficiently solve this problem. The alternating
process repeats several times until the labels of patches do not
change anymore, or getting a satisfactory result after reaching
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(d) Iteration 3 (e) Final result

Fig. 5. The iterative optimization process for an Ant model. The top row shows the top view of the Ant model, while the second row shows the bottom view. We
start by over-segmenting it into patches. After the interaction with the user, we iteratively minimize the objective function (corresponding to Step4 and Step5 of
our algorithm), with segmentation results progressively becoming better. Finally, the satisfactory result is obtained when our algorithm finishes.

the user-given iteration count. An example of our optimization
process is shown in Fig. 5.

3.4. Algorithm

Our algorithm can be summarized as follows.

Semi-supervised segmentation algorithm

Inputs:
3D shapes

Outputs:
Labels of every face

Method:

Step1: Divide the model into small patches with the
over-segmentation algorithm.

Step2: Extract the feature vectors of patches.

Step3: Label the training shapes on the decision graph
of the Soft Density Peaks Clustering.

Step4: Optimize energy term Eg,, by training the
deep neural network.

Step5: Optimize energy term Egpe + Efeq + Esmootn
by employing the graph cuts algorithm.

Step6: Repeat Step4 and Step5 until labels do not change
or a user-given maximum iteration count is reached.

Our method provides a novel semi-supervised way to segment
3D shapes by combining soft density peaks clustering and opti-
mization of the objective function. The users only need to choose
the prominent points from the decision graph of density peaks
clustering throughout the whole process. Then, our method can
automatically obtain the desired segmentation results.

4. Evaluation

Experimental dataset. We evaluate our method on the Prince-
ton Segmentation Benchmark (PSB) dataset [42] and the Shape
COSEG Dataset [43]. The PSB dataset provides 19 different cat-
egories of shapes, and each category contains 20 shapes. The
PSB dataset [42] also contains ground-truth segmentation results
provided by human users. The Shape COSEG Dataset consists of

two main parts, including a small set and a large set. The small
one contains 8 different categories and 190 shapes in total. While,
the large one includes 400 Chair shapes, 300 Vase shapes, and 200
Alien shapes. The corresponding ground-truth is also provided
by [43].

Evaluation metric. The main evaluation metric used in this
paper is the Rand Index (RI) defined by [42], which is a com-
prehensive evaluation metric. The Rand Index counts for the dif-
ferences between the two segmentation results. The Rand index
value is usually computed by comparing segmenting results with
hand-labeled segmentation (ground truth). The lower the Rand
Index is, the more similar the two segmentations are, i.e., better
performance.

In this section, we exhibit the average Rand Index value of
each category of models and compare it with other supervised
and unsupervised methods. Besides, we also use Accuracy to
measure the segmentation performance. The Accuracy is defined
as the ratio of the correctly predicted area on the surface of
3D shapes over the whole area. Note that the labels of some
segments are reassigned appropriately in order to compute the
accuracies of predictions conveniently.

Parameters. The deep neural network used in this paper con-
tains 4 layers. The input layer is set to match the dimensions of
the input data automatically. And the output layer is set to the
number of clustering centers.

4.1. Results

As mentioned in Section 3, our method is a semi-supervised
one. In the first stage, we partly label the training dataset through
a very simple way which picks clustering centers on the decision
graph and trains a neural network model based on the cluster-
ing results. In the process, the segmentation results of training
shapes have been naturally produced. In the second stage, testing
3D shapes are segmented automatically by applying the learned
neural network model. Thus, our method produces two types of
segmentation results, one for the training 3D shapes and one for
the testing 3D shapes.

Figs. 6 and 7 show some segmentation results of training
3D shapes and testing 3D shapes, respectively. Note that each
category in the PSB dataset contains 20 different shapes. We
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(a) Ant

(b) Fish
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(c) Chair (d) AirPlane

Fig. 6. Representative segmentation results of our training process on the PSB dataset.
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Fig. 7. Representative segmentation results of our testing process on the PSB dataset.

Table 1

Comparison of our method and 6 other unsupervised methods on the PSB dataset with the Rand

Index scores.

Object categories Ours  WcSeg CoreExtra FitPrim NormCuts RandCuts RandWalks
Human 0.119 0.128  0.189 0.159 0.163 0.132 0.363
Cup 0.036 0.165 0.291 0.436 0.392 0.277 0.311
Glasses 0.150 0.175  0.287 0.225 0.147 0.105 0.395
Airplane 0.070 0.089 0243 0.172 0.185 0.130 0.283
Ant 0.016 0.021 0.062 0.128 0.097 0.044 0.092
Chair 0.059 0.105 0.185 0.214 0.113 0.189 0.202
Octopus 0.019 0.029 0.052 0.128 0.106 0.088 0.135
Table 0.035 0.089 0222 0.318 0.240 0.402 0.141
Teddy 0.050 0.057 0.114 0.138 0.122 0.067 0.116
Hand 0.054 0.112  0.155 0.196 0.165 0.116 0.236
Plier 0.087 0.086 0.094 0.194 0.208 0.126 0.277
Fish 0.118 0.203  0.268 0.433 0.387 0.299 0.381
Bird 0.050 0.103 0.124 0.204 0.192 0.124 0.250
Armadillo 0.098 0.080 0.133 0.102 0.199 0.086 0.200
Bust 0.157 0.264 0.314 0.313 0.340 0.247 0.338
Mech 0.106 0.173  0.327 0.343 0.337 0.327 0.241
Bearing 0.078 0.105 0.367 0.162 0.166 0.139 0.275
Vase 0.141 0.162 0231 0.281 0.326 0.162 0.253
Fourleg 0.150 0.153  0.184 0.198 0.220 0.183 0.431
Average 0.084 0.121 0202 0.229 0.216 0.171 0.259

randomly select 15 of 20 as the training shapes, and the remain-
ing shapes are regarded as the testing shapes. Compared with
the ground-truth segmentation results, satisfactory segmentation
results are achieved on both the training and testing shapes. And
on the testing set, a comparison of our method with and without
the graph cuts is shown in Fig. 8.

4.2. Comparison

To further evaluate the performance of our method, we com-
pare it with other unsupervised methods and supervised methods
on the PSB dataset and the Shape COSEG dataset.

Comparison with unsupervised methods. As shown in Table 1,
we compare our method with other 6 unsupervised methods, in-
cluding concavity analysis (WcSeg, [48]), Core extraction [49], Fit-
ting primitive [50], Normalized cuts [20], Randomized cuts [20],
and Random walks [51]. We calculate the average Rand Index
score of each category of shapes in the PSB dataset and list the
results of our method and 6 other unsupervised segmentation
methods. The detailed statistics of the Rand Index score are
shown in Table 1. We can see that most of our results achieve
the best performance with the lowest Rand Index score com-
pared with unsupervised methods. Our semi-supervised method
obtains an average Rand Index score of 0.084, which performs
better than the other 6 unsupervised algorithms. Fig. 9 shows a
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The comparison of Rand Index scores among our method, the fully supervised learning method proposed by Kalogerakis et al. (SB19, [7]), the two semi-automatic
mesh segmentation methods proposed by Zhuang et al. (SEMI-1, [32] and SEMI-2, [33]), and fully supervised deep learning method (FSDL, [6]) on the PSB dataset.
Note that the segmentation results for the training 3D shapes are also generated by our method in the first stage.

Algorithms Human Cup Glasses Airplane Ant Chair Octopus Table Teddy Hand
Our method (training models) 0.120 0.097 0.154 0.084 0.017 0.062 0.018 0.062 0.036 0.096
Our method (testing models) 0.128 0.112 0.165 0.123 0.019 0.103 0.031 0.096 0.045 0.111
SB19 0.120 0.090 0.135 0.079 0.018 0.055 0.019 0.062 0.033 0.101
FSDL 0.135 0.093 0.150 0.085 0.020 0.059 0.021 0.048 0.030 0.095
SEMI-1 0.185 0.103 0.181 0.121 0.050 0.094 0.051 0.074 0.056 0.118
SEMI-2 0.162 0.099 0.176 0.103 0.034 0.079 0.039 0.070 0.045 0.104
Algorithms Plier Fish Bird Armadillo Bust Mech Bearing Vase Fourleg Average
Our method (training models) 0.084 0.160 0.077 0.098 0.223 0.110 0.070 0.141 0.148 0.095
Our method (testing models) 0.106 0.166 0.079 0.106 0.233 0.116 0.103 0.163 0.154 0.114
SB19 0.054 0.128 0.078 0.069 0.241 0.109 0.070 0.150 0.136 0.092
FSDL 0.070 0.135 0.082 0.075 0.235 0.112 0.072 0.131 0.142 0.094
SEMI-1 0.103 0.196 0.098 0.132 0.341 0.178 0.101 0.184 0.167 0.133
SEMI-2 0.094 0.178 0.094 0.118 0.301 0.151 0.089 0.165 0.134 0.118

Table 3

The comparison of average segmentation accuracy (%) between our method and other methods, including the unsupervised

segmentation methods proposed by Sidi et al. [31], Hu et al. [44], Wu et al. [34], and weakly supervised segmentation method

proposed by Kim et al. [45] on the small Shape COSEG Dataset.

Algorithms Candelabra Chairs Fourleg Goblets Guitars Lamps Vases Irons Average

Our method 97.9 98.7 87.0 95.6 94.2 98.7 94.2 96.5 954

Sidi 84.4 84.8 77.3 98.2 87.2 94.3 87.4 N/A 87.7

Hu 93.9 89.6 88.7 99.2 98.0 90.7 80.2 N/A 91.5

Wu 97.2 87.6 87.7 98.7 97.4 98.4 834 79.4 92.7

Kim 87.9 98.4 87.1 98.1 96.5 97.6 83.2 N/A 92.9

Table 4 better than the results of FSDL and SB19. Meanwhile, the results

The comparison of average segmentation accuracy (%) between our method
and other two fully supervised segmentation methods proposed by Hanocka
et al. [46], Lahav et al. [47] for each category model on the large Shape COSEG
Dataset.

Algorithms Vases Chairs Telealiens Mean
Our method 95.5 98.2 97.3 97.0
MeshCNN 97.3 99.6 97.6 98.2
MeshWalker 98.7 99.6 99.1 99.1
( ( \
(@) (b) (©

Fig. 8. Comparison of our method on the testing set with and without the graph
cuts. (a) shows the results without the graph cuts. (b) shows the results with
the graph cuts. (c) shows the ground truth.

qualitative comparison of our method and the other methods on
the Airplane, Cup, and Bird models.

Comparison with supervised methods and semi-automatic mesh
segmentation methods. We make comparisons to two other fully
supervised 3D shape segmentation methods, including SB19 [7]
and FSDL [6], and two semi-automatic methods, including SEMI-
1 [32] and SEMI-2 [33]. As shown in Table 2, the Rand Index
scores of our method on training shapes for 4 categories are

on the training shapes getting from our method are better than
those from SB19 for 6 categories and those from FSDL for 8 cate-
gories. Also, the results on the testing shapes from our method are
worse than those from SB19 and FSDL for most categories. Note
that our method achieves slightly better performance than the
two semi-automatic mesh segmentation methods. We think the
main reason is that those two methods are more time-consuming
than our method, and it is not so easy for users to get satisfactory
segmentation results on the whole dataset in a limited time with
them.

Fig. 10 shows a qualitative comparison among our method
and the other two supervised methods on 6 models in the PSB
dataset. Our method obtains segmentation results comparable
to the two algorithms mentioned above, although our semi-
supervised method can utilize only very limited input from the
users.

Results on the Shape COSEG Dataset. To further evaluate our
method, we test our algorithm on the Shape COSEG Dataset.
Fig. 11 shows the segmentation result of our method on the
Candelabra models, Fourleg models, Guitars models, Vases mod-
els, and Irons models. We can see that satisfactory results can
be obtained with our segmentation algorithm. Additionally, we
compare our method with other methods, including the unsu-
pervised segmentation methods proposed by Sidi et al. [31], Hu
et al. [44], Wu et al. [34], the weakly supervised segmentation
method proposed by Kim et al. [45] and the fully supervised
segmentation methods proposed by Hanocka et al. [46], Lahav
et al. [47]. On the Shape COSEG Dataset, researchers prefer to
use an accuracy score for evaluation. Therefore, we calculate the
average segmentation accuracy score for each category of models,
including the training set and the testing set on the small Shape
COSEG Dataset. The comparison results on the small Shape COSEG
Dataset are shown in Table 3. We can see that our method’s
segmentation accuracies are all over 85% for every category of
shapes. The accuracy of our method for 5 in 8 categories is better
than other methods, and the other 3 in 8 categories are close
to the best results. From Table 4, we can see that although our
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Fig. 9. Comparison with other six segmentation algorithms. The approaches exhibited here include (a) Ground Truth; (b) Ours; (c) CoreExtra; (d) FitPrim; (e)

Normalized cuts; (f) Randomized cuts; (g) Random walks; (h) WcSeg.
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Fig. 10. Qualitative comparison of our method, fully supervised learning method FSDL [6], and SB19 [7]. (a) shows the ground truth; (b) The results of our method;

(c) The results of SB19; (d) The results of FSDL.
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Fig. 11. Representative segmentation results of our approach on the Shape COSEG Dataset.

b %

(a) n=50 (b) n=100 (c) n=500 (d) n=1000 (e) n=2000

Fig. 12. Over-segmentation results for the different number of patches n.

method performs better on the Shape COSEG Dataset than on the
PSB dataset, the other two supervised methods perform better
than us on the large Shape COSEG Dataset. We think the main
reason is that more training data are provided in the Shape COSEG
Dataset than in the PSB dataset.

4.3. Sensitivity to over-segmentation

In our method, all input 3D shapes are divided into n patches
by the over-segmentation algorithm in advance. To measure how
the segmentation results are affected by the different choices of
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Fig. 13. Our method’s average Rand Index scores by the different number of

patches n on four categories of testing models.
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Fig. 14. The average time that our SDPC algorithm consumed with the different
number of patches n.

the number of patches n, we test our algorithm with different
n for 4 categories of 3D shapes and compute the corresponding
average Rand Index scores. Additionally, we measure the average
amount of time SPDC takes for different n because increasing n
will lead to longer computation time.

Fig. 12 shows the over-segmentation results for varying n.
We test 10 different n varying from 50 to 2000. In order to
obtain an impartial result, we try our best to make the same
choices on the decision graphs. Fig. 13 shows the correspondence
between the average Rand Index score and n. Fig. 14 shows the
correspondence between the compute time and n. In Fig. 13, with
the increase of n, the average Rand Index score of all four kinds of
shapes decreases rapidly at first. However, when n is greater than
500, the downward trend becomes not so obvious. In Fig. 14, the
time that the SDPC algorithm consumes significantly increases
when n exceeds 1000. To balance the segmentation performance
and the time consumption, we set n = 750 in our method.

4.4. Performance

We implement the proposed algorithm in Matlab and C++.
The performance of our approach is measured on a PC with a
3.20 GHz Intel Core™ 12 Quad processor, 16 GB of RAM, and
NVIDIA GeForce GTX 2080 Ti GPU. Our semi-supervised method
consists of two main phases, the training one and the testing one.
For the training phase, the computation time is mainly spent on
density peaks clustering, neural network training, and iterative
optimization. On average, our algorithm takes about 3 min to
train a model. Segmenting an unlabeled model takes about 30 s in
the testing phase. It takes about 50 min to go through the pipeline
for a category model (20 shapes total, 15 training shapes and 5
testing shapes) on the PSB dataset.
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5. Limitation and future work

Our algorithm assumes that all similar shapes are classified
into one category in advance. We train and test our method
on one category of models because our method relies on the
correspondences between 3D shapes to learn neural networks.

Second, our method employs various 3D shape descriptors and
graph cuts algorithm to obtain segmentation results. Thus, the
input 3D shapes of our algorithm must be manifold. Besides, our
method still depends on user interactions, which needs to be
improved in the future. A possible way to strengthen our work is
to find the clustering centers automatically, which is one of our
future works.

6. Conclusion

In this paper, we propose a semi-supervised method for 3D
shape segmentation. It simplifies the full manual labeling process
that previous learning-based approaches employ. With a simple
selecting process on a decision graph of SDPC, our method dra-
matically reduces the time spent on manual labeling. We validate
our method on the Princeton Shape Benchmark and the Shape
COSEG Dataset and compare it with other segmentation meth-
ods. The experimental results show that our method performs
significantly better than the existing unsupervised algorithms and
achieves performance comparable to fully supervised algorithms
and other semi-supervised methods.
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