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a b s t r a c t 

Segmenting 3D shapes represented by meshes remains a challenging problem, due to the irregularity 

and complexity of meshes. Point cloud, on the other hand, can be considered as the simplest no-frills 

approximation for meshes. Therefore, in this paper, we regard the shape segmentation problem as a 

point labeling task: Given a shape, we first transform it into points encoding barycenters and normal 

vectors of faces. Then we construct a Barycentric Dual Graph (BDG) on the transformed points, and pro- 

pose a Barycentric Dual Graph Edge Convolution (BDGEC) to extract features from the graph. Based on 

the BDGEC, we further propose a novel point-based deep neural network (DNN) named local-global com- 

bined point-based network (LGCPNet). Our LGCPNet consists of three modules, of which the Local Module 

and Global Module capture local and global features respectively, while the Fusion Module uses a gate 

mechanism to aggregate local features and global features, and obtain the point labeling result. Com- 

prehensive experimental results on various datasets demonstrate that the proposed network inherits the 

merits of point-based DNNs and achieves the state-of-the-art performance. 

© 2021 Elsevier Ltd. All rights reserved. 
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. Introduction 

Shape segmentation, aiming to divide a 3D shape into meaning- 

ul parts, is one of the important steps for not only capturing shape 

roperties and structural characteristics, but also model analysis 

nd understanding [1,2] . Earlier techniques for shape segmentation 

re unsupervised, which focus on manually engineering geometric 

eatures [2] . These approaches always achieve partitioned results 

y employing optimization strategies on predefined hand-crafted 

eometric features such as curvature tensor [3] , normalized cut [4] , 

urface fitting [5] , spectral clustering [6] , and convexity [7] . Un- 

upervised methods are simple and able to achieve good perfor- 

ance in the case that the number of shapes are small. Neverthe- 

ess, with the scale of 3D data enlarging, these traditional unsu- 

ervised approaches can not satisfy the needs of shape analysis in 

niversality and efficiency. 

Due to the above limitation of traditional unsupervised ap- 

roaches, data-driven approaches become more and more appli- 

able and useful to shape analysis with the availability of 3D data 
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ncreasing [1,2] . In contrast to traditional unsupervised approaches, 

ata-driven methods mainly analyze sets of shapes in a supervised 

anner by learning from given shapes, which effectively reasons 

bout their properties and relationships without relying on prede- 

ned hand-crafted rules [1] . As a result, these supervised learn- 

ng methods can discover geometric and structural patterns among 

hapes, and facilitate high-level shape understanding. 

With the outstanding performance of deep neural networks 

DNNs) in image segmentation, data-driven methods recently con- 

entrate on how to improve the performance of shape segmen- 

ation by DNNs. Researchers leveraged DNNs as an optimization 

trategy to cluster hand-crafted geometric features, which en- 

ance the performance and functionality in shape segmentation 

11–14] . To better preserve original geometric information of 

hapes, some approaches [8,9,15] utilize DNNs as an end-to-end 

trategy to extract features of shapes and cluster them straightly. 

hereinto, the edge-based method [8] , shown in Fig. 1 (a), parti- 

ions shapes via a convolutional neural network (CNN) designed 

or triangular meshes. Tailored to the mesh structure, it perfor- 

ances well in segmenting boundaries, but it needs to generate 

xtra edge-level semantic labels. The view-based methods [9,15] , 

hown in Fig. 1 (b), project 3d shapes into multiple 2d views to 

mploy CNNs, and outputs of each view are mapped onto the 

D object surfaces. These methods fit datasets with face labels 
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Fig. 1. The illustration of various methods for shape segmentation. (a) MeshCNN 

is tailored to the mesh structure via the edge-based pretreating and convolution 

but achieves edge-level semantic labeling. [8] , (b) ShapePFCN renders the shape to 

shaded images in order to employ the CNN [9] , (c) PointNet++ is exploited to ana- 

lyze discrete point clouds [10] , and (d) LGCPNet(ours). Compared with other meth- 

ods, LGCPNet can attain face-level semantic labeling with an easy transformation of 

shapes. 
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h

n

ell and achieve outstanding segmentation results, but vast views 

ake view-based methods consume more memory and time. As 

 commonly-used 3D data format, point cloud based represen- 

ation defines a no-frills approximation for an underlying three- 

imensional shape [8] . Point-based DNNs directly take discrete 

oints as input and learn robust features, can obtain results effi- 

iently and effectively [10,16] , as shown in Fig. 1 (c). 

In this paper, we design a novel local-global combined point- 

ased network (LGCPNet) shown in Fig. 1 (d), for mesh segmenta- 

ion as point labeling. To convert the shape segmentation problem 

nto point labeling, the given shape is firstly processed into points 

onsisting of the barycenter and the normal vector of each face of 

he shape. For feature extraction, we propose the Barycentric Dual 

raph Edge Convolution (BDGEC) to extract edge features by oper- 

ting over the nodes of Barycentric Dual Graph (BDG) intrinsic for 

he given shape. Based on BDG, our LGCPNet contains Local Mod- 

le and Global Module to capture local and global features respec- 

ively, and the Fusion Module is designed to merge local features 

nd global features and obtain the point labeling result. Finally, the 

hape segmentation result will be achieved through the point la- 

eling result. 

By employing the proposed BDGEC and architecture with Lo- 

al, Global and Fusion Module, the proposed mesh segmentation 

ethod inherits the merits of point-based DNNs and achieves 

omparable mesh segmentation performance with state-of-the-art 

echniques on various challenging datasets. The key contributions 

f our work are as follows: 

• A simple and effective shape segmentation method which 

treats mesh segmentation as point labeling by converting each 

face into its barycenter and normal vector per shape with the 

spatial information of given shape preserving. 
• An intuitive and efficient operation, called Barycentric Dual 

Graph Edge Convolution (BDGEC), extracts edge features by op- 

erating over the nodes of Barycentric Dual Graph (BDG) intrin- 

sic for the given shape. 
• A novel LGCPNet is proposed for mesh segmentation, which can 

capture local and global features of shape efficiently and obtain 
satisfying segmentation performance. m

209 
The rest of the paper is organized as follows: Section 2 dis- 

usses related work, and we describe the proposed framework in 

ection 3. Experimental results are presented in Section 4 and the 

ast section concludes the paper. 

. Related work 

Aiming to improve the precision of segmentation efficiently, 

hape segmentation has experienced the development. In this sec- 

ion, unsupervised methods for shape segmentation are first briefly 

ntroduced for literature comprehensiveness. Then we mainly focus 

n DNNs methods for shape segmentation and point-based DNNs 

ethods for point cloud segmentation. 

.1. Unsupervised segmentation 

In some early studies, shape segmentation is implemented by 

asy, yet effective ideas in an unsupervised manner. Most ap- 

roaches are based on simple geometric features including cur- 

ature tensor [3] , spectral clustering [6] , Student-t mixture model 

17] , convexity [7] , surface fitting [5] , normalized cut [4] . Then, to

ackle large variations in terms of shape and topology, a large body 

f co-segmentation approaches [18–22] are proposed to investigate 

onsistent segmentation of a collection of shapes. Both singe- and 

o-segmentation methods rely on hand-crafted geometric features 

n an unsupervised manner, so that their performance in the final 

egmentation may be worsened by the large variations between 

ifferent shapes and the generality of the segmentation method is 

lso weak. 

.2. Supervised segmentation 

Supervised methods introduced here mainly focus on DNNs as 

heir outstanding performance in various fields. In the SFCN archi- 

ecture [11] , similar to convolution and pooling operations used on 

mage segmentation, three-dimensional shapes were firstly repre- 

ented as three low-level geometric features as input. Wang et al. 

12] trained the convolutional neural networks (CNNs) by using 

 large pool of classical geometric features. Similarly, Zhou et al. 

14] employed a large variety of shape-based mesh features, which 

re calculated with face areas and different scales in considera- 

ion. In SyncSpecCNN [13] , a shape graph equipped with vertex 

unctions by kernels is used to predict a per-vertex label. Nev- 

rtheless, the features of these methods were still hand-crafted 

ut not intrinsic. Instead of inputting hand-crafted features, some 

pproaches previously projected three-dimensional shapes to dif- 

erent two dimensional views. Kalogerakis et al. [9] proposed a 

ulti-view image-based Fully Convolutional Networks (FCNs) and 

urface-based Conditional Random Fields (CRFs) to yield coherent 

egmentations. Le et al. [15] reported the method to combine the 

ulti-view convolutional neural networks (CNNs) and a two-layer 

ong short term memory (LSTM). Whereas, these view-based DNNs 

eed more viewpoints to maximally cover the shape surface. Later, 

y leveraging their intrinsic geodesic connections, Hanocka et al. 

8] proposed MeshCNN to combine specialized convolution and 

ooling layers that operate on the mesh edges. Such convolutions 

re applied on edges, so specific pretreatment for edges is neces- 

ary. 

.3. Point-based DNNs 

Recently, using neural networks for point cloud shape analysis 

as been focused. PointNet [23] was presented as the first deep 

eural network that directly takes the discrete points as input for 

any tasks of point clouds. In its follow-up work, PointNet++ [10] , 
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n improved version of PointNet, exploited a hierarchical archi- 

ecture to capture local structures better. Similar to the PointNet 

rchitecture, Kd-networks [24] also worked directly with points, 

hile performs and shares parameters of multiplicative transfor- 

ations according to the subdivisions of the point clouds imposed 

nto them by kd-trees. Atzmon et al. [25] defined an efficient con- 

olution operator to makes the method invariant to the order of 

oints by mapping the point clouds functions into volumetric func- 

ions. PointCNN [26] learned an x -transformation from the input 

oints to permute unordered points into a latent potentially canon- 

cal order for feature learning. Recently, Wang et al. [27] took into 

ccount local point neighborhood information by dense sampling, 

nd carried out dynamic updates driven by forecasting the simi- 

arity distance between points in feature space. Based on the ar- 

hitecture of PointNet++, PointWeb [28] applied an impact map 

arrying element-wise impact between point pairs in each local 

egion to enhance local neighborhood features. Later, PointConv 

29] learned the weight functions with multi-layer perceptron net- 

orks and density functions through kernel density estimation. 

oint-based DNNs significantly reduce the model space and com- 

utational complexity, but the point cloud structure sampled from 

he origin meshes may lack the intrinsic structure of the meshes. 

. Proposed method 

From the literature review we can see the researchers applied 

NNs technologies to the shape segmentation in different way to 

btain perfect performance. Specially, segmentation of point-based 

NNs, which directly take the discrete points as input, learn spa- 

ial information from point sets more efficiently to achieve the 

hape segmentation. In this paper, we design a novel local-global 

ombined point-based network (LGCPNet) for mesh segmentation 

ased on point labeling, shown in Fig. 1 . The first step is to repre-

ent the mesh as a set of points that can be input into the network

or processing. We call this is the conversion of mesh to point. In 

GCPNet, we design Local Module and Global Module to capture 

ocal and global features respectively, and the Fusion Module is de- 

igned to concatenate two types of features to obtain the point la- 

eling result. In this section, we will describe the proposed method 

n details. 

.1. Conversion of mesh to point 

The main work in this part is the conversion of mesh to point. 

e need to input the mesh into the network for processing by 

he form of points. Both the barycenter and vertices of a mesh are 

he potential representations for shape transformation. Referred in 

30] , barycentric coordinates, which encode the location of a point 

ith respect to a planar polygon (or polyhedron in 3D), are intrin- 

ic(insensitive to isometric deformations) and fast to compute. As 

llustrated in Fig. 3 , barycenters are more well-distributed and have 

 greater number than vertices for a shape, which are desirable to 

eneralize original shapes to improve the performance of neural 

etwork. Moreover, each barycenter has the only one label since 

atasets provide ground truth segmentation per face, while each 

ertex is related with some edges, such as v 2 is related with five 

dges and it will has more than one label. As a result, we represent

 face by the barycenter of each face. Besides, the normal vector of 

ach surface not only uniquely defines the grid in Euclidean space, 

ut also greatly expresses the original geometric information of the 

hape. Therefore, the normal vector is also used as the characteris- 

ic data of mesh. 

As a result, given a mesh M , we donate the barycenter and 

he normal vector of each face to represent it as 3D coordinates in 

he Euclidean space. Namely, a given shape can be defined as 
210 
 = { p 1 , p 2 , . . . , p N } ⊂ R 

6 , where p i , i ∈ { 1 , . . . , N} is a 6-

imensional coordinate representing a barycenter point and a 

urface normal, N is the number of faces. 

According to the mentioned method, we can transform mesh 

ata into point set. Ideally, the number of faces from the given 

hape is in an appropriate range and all faces are involved in the 

ransformed point set. But, in some cases, the transformed point 

et is too massive to handle by networks straightly. Therefore, we 

ddress a strategy to prepare the input data by slicing them into 

egments. To cluster points from neighbor faces as far as possi- 

le, the transformed point set will be regarded as the Barycentric 

ual Graph (BDG) akin to [31] and sorted based on the Breadth- 

rst search(BFS) [32] . Our data slicing strategy not only obviously 

ugments the input data, but also effectively reduces the compu- 

ational expense and the memory usage of GPU. 

Given an 6-dimensional point set with N points, denoted by 

 = { p 1 , p 2 , . . . , p N } ⊂ R 

6 , it is sliced by Eq. (1) : 

P = { p 1 , p 2 , . . . , p N } ⇒ ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

S 1 = 

{
p 1 , p 2 , . . . , p j 

}
S 2 = 

{
p j+1 , p j+2 , . . . , p j×2 

}
. . . 

S � N/ j� = 

{
p j ×(� N/ j �−1)+1 , p j ×(� N/ j �−1)+2 , . . . , p j ×� N/ j � 

}
S � N/ j	 = 

{
p j ×� N/ j � +1 , p j ×� N/ j � +2 , . . . , p N , . . . , p m 

, p n 

}
, 

(1) 

here j is the number of elements in each input data slice. Re- 

erred to PointNet [23] , we set the value of j 2048. Slice S � N/ j	 
hould be complemented by randomly sampling once � N/ j	 
 = 

 N/ j� . After data slicing, for each point p i , i ∈ { 1 , . . . , N} in one

lice, its neighbor points are firstly fed into edge set E in or- 

er based on the Barycentric Dual Graph (BDG). If the number of 

eighbor points is less than three yet at least one, it will be added 

p to three by randomly chose the existing neighbor points. 

.2. Barycentric dual graph edge convolution 

After transforming meshes into points, it is a key to construct 

he graph of which nodes represent points. Most of classic point- 

ased DNNs [10,27–29] use k -nearest neighbor (KNN) algorithm to 

ompute a graph G = (V, E) representing local point cloud struc- 

ure, where V = { 1 , . . . , n } and E ⊆ V × V are the nodes and edges,

espectively. For each point, it is Based on the constructed graph, 

dge features are extracted via a nonlinear function with a set of 

earnable parameters and the aggregation operation (e.g., mean or 

ax ) is applied on the edge features associated with all the edges 

manating from each node, as shown in Fig. 4 (a). This operation 

as a good coverage of the entire point set, but its computational 

omplexity is O(N 

2 ) , which make it inappropriate for large scale 

oint sets. 

Refered in [31] , for a watertight shape, barycentric duals guar- 

ntee that the dual of each simplex lies within the simplex. To 

eep the simplex of original shapes, the Barycentric Dual Graph 

BDG), reflecting the relationship of faces based on their barycen- 

ers, is extracted to construct the graph of our network. The BDG 

f a mesh M is an undirected graph of which each node is the 

arycenter for each face of M and an edge between two nodes if 

he corresponding faces are adjacent in M . Since each face of the 

esh in our paper is represented by its barycenter, we can con- 

truct our graph G = (P, E ) by generating the BDG of the mesh. 

oreover, the computational complexity of constructing the BDG 

s only O(N) , which is less time-consuming than KNN Graph. We 

enote our BDG as B(M ) , and define edge features by utilizing a 

dge function to operate over the nodes of BDG as Eq. (2) 

 i j = g �
(
x i , x j 

)
, (2) 
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Fig. 2. The whole framework of the local-global combined point-based network. The input shape is firstly transformed into a point set, then fed into the Local Module and 

Global Module to generate local and global features of shape data in both space and structure, and lastly partitioned into different parts with corresponding point labels. 
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Fig. 3. Illustration of an airplane with four parts transformed into centers(top) and 

vertices(bottom). Since all datasets provide ground truth segmentation per face, 
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the number of centers, equaling to that of faces, is larger than that of vertices. 
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here x i and x j , j ∈ { 1 , 2 , 3 } are the current node and its con-

ected nodes respectively, and where g � : R 

F × R 

F → R 

F ′ is a non-

inear function with a set of learnable parameters �. Then we 

efine our Barycentric Dual Graph Edge Convolution (BDGEC) by 

pplying a max pooling operation on the edge features associated 

ith only connected edges emanating from each node, as shown 

n Fig. 4 (b). Consequently, the output of BDGEC at the i −th node 

s obtained by Eq. (3) 

 i = max g �
(
x i , x j 

)
. (3) 

ur BDGEC is not only a simple and effective operation faithful to 

he original mesh in terms of clustering of the mesh faces, but 

lso a lighter convolution than those using KNN to construct the 

raphs. 

.3. Local-global combined point-based network 

LGCPNet is designed for mesh segmentation based on point la- 

eling. A mesh of shape has been transformed into point set as 

he input data for the net. For three-dimensional shapes, their ge- 

metric features are not only manifested locally, but also on the 

lobal level. In the segmentation task, the local feature is an im- 

ortant criterion to separate given data into several subsets, and 

lobal feature is used to improve segmentation results. Combining 

wo types of features, the points can be classified into one of few 

redefined part category labels. So as is shown in Fig. 2 , our LGCP- 

et consists of three modules. The Local and Global Module are 

dopted to capture local and global features respectively, while the 

usion Module combines local and global features to label trans- 

ormed points. 

Local module. For segmentation task, local features are the im- 

ortant features extracted from the local areas of the data. The lo- 

al areas are always several subsets separated based on the graph 

onstructed from given data. In our Local Module, we use our 

arycentric Dual Graph Edge Convolution (BDGEC) as the basic op- 

ration to capture local features by taking into account from local 

oint neighborhood information to construct a local graph captur- 

ng semantic characteristics. Though the graph in the feature space 
211 
s fixed on each layer, the weights of edges for each node is dy- 

amically changing for each layer, so the features of each node will 

eep enlarging. To deactivate the activations of node features that 

re not deemed relevant by the higher-level information contained, 

e exploit the gate mechanism instead of classic concatenation to 

ggregate features from current layer and the last layer as akin to 

he proposed strategy referred in [33] . As shown in Fig. 2 , our Local

odule is implemented by three BDGEC layers (6 4, 6 4), (6 4, 128), 

128, 256), where two output features from current layer and the 

ast layer are aggregated via a gated fusion, and all output features 

n each layer are concatenated finally in Local Module. We denote 

he output features of layer l by f l 
i 
, l = 1 , 2 , 3 , and then the feature

rom two layers can be obtained by Eq. (4) 

ˆ 
 

l 
i 
= 

(
f l i � f l−1 

i 

)

= 

((
f l i � αl 

)
+ f l i 

)
, (4) 
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Fig. 4. Comparison of the edge functions operating over the nodes of two kinds of graphs to extract edge features. (a) The graph is computed by KNN and the edge function 

is calculated by aggregating the edge features associated with all the edges emanating from all the nodes. (b) The Barycentric Dual Graph (BDG) is intrinsic for the given 

shape and the edge function only take three neighbor nodes into account to extract the edge features. Note that computational complexity of KNN is O(N 2 ) , while that of 

BDG is only O(N) . 
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1 http://people.cs.umass.edu/kalo/papers/shapepfcn/ 
here αl is an attention map α ∈ R 

N by concatenating f l 
i 

and f l−1 
i 

ollowed by a combo consisting of Relu + Con v + Sigmoid: 

= Sigmoid 
(
C 1 ×1 

(
Relu 

(
f l i ‖ f l−1 

i 

)))
, (5) 

here ‖ denotes concatenation of feature maps, and C 1 ×1 is a nor- 

alized 1 × 1 convolutional layer. As a result, the activations of 

ode features on current layer can be deactivate which are not 

eemed relevant by the higher-level information contained. 

Global module. Global feature refers to the overall property of 

he data, global features are also beneficial to improve segmenta- 

ion results. To extract the global feature of given data, it is neces- 

ary to take all nodes into account, namely, the edge features as- 

ociated with all the edges emanating from each node. Inspired by 

ointNet [23] , we define NodeConv as the basic operation in our 

lobal Module, and apply max pooling as the symmetric aggrega- 

ion to accumulate features on all nodes. Consequently, our Global 

odule is implemented by two NodeConv layers (64, 128), (128, 

024) and two outputs of the PointConv are finally gatedly fused 

s a global feature map of the Global Module. The output features 

f layer l v l 
i 
, l = 1 , 2 in Global Module can be obtained by Eq. (6) 

 

l 
i = max 

j∈ N 
h �

(
x i , x j 

)
, (6) 

here h � denote MLPs mapping features of each node. And then 

he global feature map is attained by fusing outputs of two layers 

ia gate mechanism akin to that in Local Module. 

Fusion module. Although both local and global features are ex- 

racted, local features are more important than global features for 

egmentation task. Thus we consider the local feature as regular 

hile the global feature as gated. As a result, after computing local 

eature map F L and global feature map F G , they two are aggregated 

y a gated function to acquire the final score matrix, formulated as 

q. (7) 

ˆ 
 = 

(
F L � F G 

)
= 

((
F L � α

)
+ F L 

)
, 

(7) 

here α is computed as Eq. (5) . Finally, a MLP with two shared 

ully connected layers (512, 256), (256, 128) and a softmax layer. 

he prediction label of each face is the same as its correspond- 

ng point determined by the semantic component with the highest 

robability. At test time, the point label confidences are sequen- 

ially mapped to corresponding faces, which produces the same re- 

ults at once. 
212 
. Experiments 

In this section, we will present extensive experimental evalu- 

tion in different ways and verify the effectiveness of our method 

y comparing with state-of-the-art methods. Moreover, we conduct 

etailed ablation experiments to analyze the contribution of mod- 

les in our LGCPNet framework. 

.1. Experimental settings 

Datasets. We evaluate our method on the ShapeNetCore 

34] and Labeled-PSB (L-PSB) [35,36] datasets reported on the 

roject page. 1 These two datasets are trained and tested separately 

n each shape category using the same training and test splits per 

ategory. Thereinto, the original ShapeNetCore labelings were pro- 

ided in a point cloud format, which transferred the point labels 

o mesh polygon labels in ShapePFCN [9] via a nearest neighbors 

pproach combined with graph cuts. While the L-PSB, we used the 

rovided labeled meshes as-is. We also estimate our method on 

he COSEG [37] datasets provided by MeshCNN [8] . For fair com- 

arison, all datasets we used are based on the ground truth seg- 

entation per face. 

Implementation. Our LGCPNet is implemented in PyTorch. All 

ur experiments are performed on a PC with Intel i7 CPU, 32 GB 

AM and GTX 1080ti GPU. Our network is trained for 400 epochs 

ith the Adam algorithm with momentum, where the size of mini- 

atch, initial learning rate, momentum and weight decay are set 

o 10, 0.01, 0.9 and 0 respectively. All these parameters are fixed 

hroughout this paper. 

.2. Experimental results and comparison 

At first, we test the proposed method on the ShapeNetCore 

ataset. It contains 17,773 shape models across 16 categories, 

hich is a large-scale and challenging dataset and suitable for 

earning and evaluating deep learning-based methods. The per- 

ormance of state-of-the-art methods including ShapeBoost [36] , 

uo et al. [11] and ShapePFCN [9] is reported in Table 1 for the

hapeNetCore dataset. Moreover, EdgeConv [27] where k set 3 

s utilized to replace our Barycentric Dual Graph Edge Convolu- 

ion (BDGEC) in Local Module as the baseline, which is used to 

emonstrate the validity of the point-based network architecture 

http://people.cs.umass.edu/kalo/papers/shapepfcn/
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Table 1 

Comparison of labeling accuracy on the ShapeNetCore dataset. 

Train/Test Part Labels ShapeBoost Guo et al. ShapePFCN 

2 Ours(baseline) Ours 

Bag 38/38 2 93.1 91.0 94.9 90.8 91.1 

Cap 27/28 2 85.9 85.7 93.6 92.8 93.3 

Knife 196/196 2 81.2 77.1 83.8 90.4 91.8 

Laptop 222/223 2 86.1 82.7 95.1 97.2 97.2 

Mug 92/92 2 94.9 95.1 95.9 97.9 97.9 

Earphone 34/35 3 81.4 79.8 85.6 79.7 81.8 

Guitar 250/250 3 89.0 89.9 92.5 97.9 98.1 

Pistol 137/138 3 88.2 84.1 91.4 94.4 96.1 

Rocket 33/33 3 79.2 76.9 83.9 83.6 84.6 

Skateboard 76/76 3 91.0 89.6 92.1 88.2 89.7 

Table 250/250 3 74.5 77.8 87.8 90.2 90.3 

Airplane 250/250 4 85.8 87.4 91.2 92.1 93.6 

Car 250/250 4 79.5 80.1 87.5 92.8 93.0 

Chair 250/250 4 70.1 66.8 85.5 90.7 91.8 

Lamp 250/250 4 71.7 71.6 81.3 72.3 74.3 

Motorbike 101/101 6 77.2 80.1 87.4 93.5 94.7 

Category Avg. 83.0 82.2 89.4 90.3 91.2 

Category Avg.( > 3 labels) 76.9 77.2 86.6 88.7 89.8 

Dataset Avg. 81.2 80.6 88.8 90.7 91.6 

Dataset Avg.( > 3 labels) 76.8 76.8 86.5 89.6 90.6 
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Table 2 

Results of different pretreating strategies on the ShapeNetCore dataset. 

Number of Points Data Slicing Downsampling 

1024 2048 1024 2048 

Category Avg. 91.1 91.2 87.5 88.0 

Dataset Avg. 91.3 91.6 88.3 89.1 

Table 3 

Comparison of labeling accuracy on the PSB dataset. 

Train/Test ShapeBoost ShapePFCN 

2 Ours 

psbCup 2 94.0 93.8 99.1 

psbOctopus 2 98.2 98.3 99.1 

psbTable 2 99.4 99.5 91.1 

psbFish 3 95.7 96.0 88.6 

psbGlasses 3 96.9 96.6 92.6 

psbPlier 3 95.2 95.5 87.0 

psbChair 4 98.1 98.5 88.9 

psbAirplane 5 96.1 93.0 93.1 

psbAnt 5 98.7 98.6 90.4 

psbBearing 5 92.2 92.3 91.7 

psbBird 5 89.6 88.5 86.5 

psbMech 5 99.5 98.7 99.5 

psbTeddy 5 98.7 97.7 91.0 

psbVase 5 81.7 86.8 83.5 

psbFourLeg 6 83.3 85.0 86.1 

psbHand 6 94.4 84.8 95.5 

psbBust 8 63.4 68.4 88.3 

psbHuman 8 86.8 94.5 95.7 

psbArmadillo 11 92.6 92.8 95.3 

Category Avg. 92.3 92.6 91.2 

Category Avg.( > 5 labels) 89.8 90.1 90.5 

s

s

p

d

n shape segmentation task. In terms of the per-category accu- 

acy, our method achieves the best results in most categories on 

he ShapeNetCore dataset. Those cases, where our method has the 

oor performance, have a small size of either scale or number of 

hapes. For example, Bag, Cap and Earphone have less than 50 

hapes for training, while Skateboard and Lamp have the small 

cale with less than 5 k faces per shape. Faced with these two 

ases, mesh subdivision [38] can be employed before the con- 

ersion of mesh to point. For category average(Category Avg.) re- 

orted in Table 1 , the baseline performs 0.9 % better than the best-

erforming ShapePFCN [9] 2 by computing a simple average of the 

er-category accuracies. This implies that regarding shape segmen- 

ation as point labelling is an effective strategy to improve fi- 

al segmentation results. Moreover, our BDGEC further improves 

he performance of the baseline by 0.9 % increasing on accuracy. 

or dataset average(Dataset Avg.), another more objective mea- 

ure that weights each category by the number of test shapes, 

ur method improves upon the state-of-the-art by 3.2 % . Most im- 

ortantly, in categories with complex objects whose labels are 

ore than 3, our method has significantly higher performance, im- 

roves upon the state-of-the-art by 2.8 % and 4.1 % in category and 

ataset average respectively. Fig. 5 demonstrates human-labeled 

round-truth segmentations of ShapeNet shapes, along with seg- 

entations produced by ShapePFCN [9] and our method for test 

hapes originating from the ShapeNetCore dataset. We found that 

hapePFCN [9] , which relies on view-based DNN, may generate sig- 

ificant artifacts(including no, wrong or over-segmentation) high- 

ighted by black ellipses in Fig. 5 . In contrast, our LGCPNet, which 

s point-based DNN dependent on spatial features, has advan- 

ages on shapes with complex structure and topology, especially 

n edges. 

Then we analyze the effectiveness of the data slicing though 

ifferent pretreating strategies of input data with data slicing or 

ot. As reported in Table 2 , we set both the number of points for

ach slice and the number of downsampling points are 1024 and 

048 respectively. By comparison, pretreating with data slicing can 

chieve the better final segmentation results than that with down- 
2 The labeling accuracy per category cited here is better results for most classes 

nd on average in the case of consistent upright shape orientation and additional 

nput channel in rendered images for encoding the upright axis coordinate val- 

es(height from the ground plane). 

S

a

t

l

n

B

w

213 
ampling. While the number in each slice has little impact to final 

egmentation result, which implies the robustness of this strategy. 

We also evaluated labeling accuracy on the PSB dataset re- 

orted in Table 3 . The train/test ratio of every catagory in the PSB 

ataset is 12/8. Since the PSB dataset is much smaller than the 

hapeNetCore dataset in terms of scale, view-based methods can 

ugment data by increasing the number of views to achieve bet- 

er performance. But as mentioned in ShapePFCN [9] , even a shal- 

ow classifier may handle with high accuracy faced with a small 

umber of shapes with limited variability. As a result, even Shape- 

oost [36] can keep pace with ShapePFCN [9] among the shapes 

ith labels less than 5. In contrast, our method has outstanding 
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Fig. 5. Human-labeled ground-truth segmentations of ShapeNet shapes, along with segmentations produced by ShapePFCN [9] and our method for test shapes originating 

from the ShapeNetCore dataset. Significant artifacts(including no, wrong or over-segmentation) are highlighted by black ellipses. 

Table 4 

Comparison of labeling accuracy on COSEG segmentation. 

Method Vases Chairs Telealiens 

Edge-based methods 

MeshCNN [8] 92.38 92.99 96.26 

PD-MeshNet [39] 95.36 97.23 98.18 

Edge-based methods 

PointNet + + [10] 91.78 92.98 90.52 

DGCNN( k = 20 ) [27] 92.04 93.91 91.25 

LGCPNet(baseline) 93.30 95.39 92.52 

LGCPNet 96.21 98.62 93.09 
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c

erformance for the shapes of which segmentation parts are more 

han 5. With respect to the average accuracy, the performance of 

he ShapeBoost [36] is almost as good as that of the ShapePFCN 

9] , while our performance is the best for categories with more 

han 5 part labels. This obviously implies that the proposed 

ethod can deal with difficult shape labeling tasks in classes with 

omplex objects. 

For literature comprehensiveness, we evaluate the performance 

f our method on the task of segmentation on the COSEG 

37] datasets. For evaluation, the same shape categories and split- 

ing strategies for both datasets are exploited as MeshCNN [8] . Fol- 

owing PD-MeshNet [39] , the input meshes are divided into the 

ollowing three categories: i) Aliens with 4 class labels consist- 

ng of 198 samples (169 training set, 29 test set); ii) Chairs with 3 

lass labels containing 397 samples (337 training set, 60 test set); 

ii) Vases with 4 class labels including 297 samples (252 training 

et, 45 test set). For fair comparison, we measure performance ac- 

ording to the percentage of correctly-labelled mesh faces (face la- 

els) provided by PD-MeshNet [39] and the performance of vari- 

us methods is reported in Table 4 . Two classic point-based net- 

orks, PointNet++ [10] and DGCNN [27] respectively, are employed 

o label points transformed by faces of given shapes. From the re- 

ults, our method gets the best results on Chairs and Vases, while 

he baseline is even beaten by PD-MeshNet [39] on these two 
214 
ategories. This further demonstrates the validity of our BDGEC in 

erms of improving the performance of point-based DNN on shape 

egmentation. For Aliens, our method is even not up to MeshCNN 

8] , because it is the least number of training set among three cat- 

gories and the faces are simplified to 1.5 k per shape. To sum up, 

oth MeshCNN [8] and PD-MeshNet [39] , which focus on edge fea- 

ures, are stable on shape segmentation but complex on pretreat- 

ng, while our point-based DNN, which focus on face features, are 

imple and effective but dependent on the large size of either scale 

r number of shapes. Aggregating edge and face features will be 

urther considered to improve the final segmentation results. 

.3. Ablation study 

To analyze the effectiveness of modules in the LGCPNet, we also 

onduct experiments on three modules of our network, of which 

hree kinds of basic convolutions in Local Module are exploited 

or comprehensiveness. In detail, we use two kinds of EdgeConv 

27] , of which k sets 3 and 20 respectively, to replace our BDGEC 

n Local Module and selecting both two feature-extracted modules 

ithout Fusion Module means that local and global features are 

ggregated via classic concatenation. As demonstrated in Table 5 , 

he best performance appears under circumstance of employing all 

hree modules in our framework. For Local Module, note that our 

DGEC is actually a simple but effective case of EdgeConv referred 

n DGCNN [27] , so if the k of EdgeConv is large enough (e.g., 20

r 30), it can achieve segmentation results as good as BDGEC. Here 

lthough EdgeConv ( k = 20 ) can acquire segmentation accuracy as 

ood as BDGEC, but it consumes 8.4 s for an epoch while 3.4 s for

DGEC. Obviously, our BDGEC is more efficient. For Fusion Module, 

ated mechanism is beneficial to aggregate local and global fea- 

ures. 

.4. Incomplete shape segmentation 

Here we analyze and test the robustness of our network to in- 

omplete shape segmentation. In our method, we focus on the spa- 
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Table 5 

Ablation study of the proposed network on the ShapeNetCore dataset. 

Local Module Global Module Fusion Module Category Avg. Dataset Avg. 

BDGEC EdgeConv k = 3 EdgeConv k = 20 

� 89.5 90.0 

� 88.8 89.1 

� 89.5 89.9 

� 88.1 88.7 

� � 91.0 91.2 

� � � 91.2 91.6 

Fig. 6. Segmentation results for fragmentary objects from the ShapeNetCore 

dataset. (a) (c) are Motorbike, Car, and Airplane. From top to bottom are original 

incomplete shapes, labeled points, and labeled incomplete shapes respectively. 
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ial information by defining the point set as a no-frills approx- 

mation for an underlying three-dimensional shape. Since given 

hapes are firstly transformed into discrete points with the topol- 

gy skipping, our method can be utilized to process the incomplete 

hape which can not be processed with edge-based [8,39] or view- 

ased [9,15] networks. Actually, our network can learn from broken 

hapes so that it can also handle incomplete shape segmentation 

ince incomplete shapes can be transformed into points. To vali- 

ate that, we manually remove some parts of shapes from the test 

ataset of the ShapeNetCore and then partition them by our net- 

ork. As shown in Fig. 6 , our method can even carry out incom-

lete shape segmentation. 

. Conclusion and future work 

In this paper, we mainly regard shape segmentation as point 

abeling task taking into account the spatial information of shapes. 

o achieve this aim, we exploit the pretreating strategy that each 

ace of given shape is converted into its barycenter and normal 

ector, which focuses on the spatial information of shapes and 

ts datasets provided ground truth segmentation per face. In our 

rchitecture, we design a local-global combined point-based net- 

orks (LGCPNet) consisting of three modules, of which Local Mod- 

le and Global Module capture local and global features respec- 

ively, while the Fusion Module uses the gate mechanism to aggre- 

ate two types of features. Especially, in Local Module, Barycen- 

ric Dual Graph Edge Convolution (BDGEC) is addressed as the 

asic operation to capture local features by taking into account 

rom local point neighborhood information to construct a local 

raph capturing semantic characteristics. Compared with classic 

NN edge convolution, our BDGEC is more intuitive, simple and ef- 

cient when operating on nodes of graphs. From experimental re- 

ults, proposed method is valid for shape segmentation with point 

abeling taking the effect to shape segmentation and BDGEC taking 
215 
he importance of the geometric and spatial features into account 

or the Barycentric Dual Graph (BDG). 

However, our method also has some limitations. Firstly, the pro- 

osed method rely on the scale of datasets, namely that larger the 

umbers of shapes and their faces are, better the final results are. 

aced with the small scale datasets, the pretreating strategies for 

ata augment can be used, such as mesh subdivision [38] . Sec- 

ndly, our method mainly focuses on the spatial information of 

hapes, while the topology of the given shape is just taken into 

ccount the Barycentric Dual Graph (BDG), so more relationships 

etween edges can be considered referred to [8,39] . Last but not 

east, the attention mechanism [40] can be also utilized to improve 

he performance once more structural information of shapes will 

e exploited. 
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