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Semantic mesh segmentation and labeling is a fundamental problem in graphics. Conventional datadriven approaches usually employ a tedious ofﬂine pre-training process. Moreover, the number and
especially the quality of the manually labeled examples challenge such strategies. In this paper, we
develop a low-rank representation model with structure guiding to address these problems. The pretraining step is successfully eliminated and a test mesh can be labeled just using a few examples. As
consistently labeling a large amount of meshes manually is a tedious procedure accompanied by
inevitable mislabelings, our method is indeed more suitable for semantic mesh segmentation and
labeling in real situations. In additional, by introducing the guiding from geometric similarity and
labeling structure, and the robust ℓ2;1 norm, our method generates correct labeling, even when the set of
given examples contains multiple object categories or mislabeled meshes. Experimental results on the
Princeton Segmentation Benchmark show that our approach outperforms the existing learning based
methods.
& 2014 Elsevier Ltd. All rights reserved.

Keywords:
Semantic mesh segmentation
Labeling
Low-rank representation
Structure guiding

1. Introduction
A large number of tasks in shape analysis and automatic 3D
model generation depend on semantic part segmentation. Sometimes, the semantic segmentation itself is not enough. For example, when synthesizing texture for a human model, hands and
torso should be recognized and assigned with speciﬁed texture. In
addition, only using the low-level geometric features fails to
produce an ideal semantic segmentation which will beneﬁt from
the human-labeled examples and part recognition i.e. the process
of labeling.
Kalogerakis et al. [1] propose a data-driven semantic segmentation and labeling method which extends the supervised image
segmentation process to 3D meshes. The method achieves a
signiﬁcant improvement over previous segmentation algorithms.
However the number and the quality of the manually labeled
training meshes have a great impact on the segmentation performance. In practice, manually labeling a large amount of meshes is
tedious. Mislabeling and inconsistent labeling are inevitable, such
as the 15th human model of the Princeton Segmentation Benchmark, shown in Fig. 1. To reduce the amount of labeling required
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for training, Lv et al. [2] develop a semi-supervised approach
which incorporates knowledge imparted by both labeled and
unlabeled meshes. The information exploited from the unlabeled
meshes decreases the inﬂuence of the noisy supervision. However,
when the labeled examples are seriously mislabeled, it may over-ﬁt
the training data [2]. Moreover, these learning-based methods usually
learn prior knowledge from a single object category in the form of perlabel classiﬁers. Kalogerakis et al. [1] also consider learning from two
object categories. The learning procedure becomes more challenging
and time-consuming when the labeled examples are composed of
meshes from multiple object categories.
To effectively utilize prior knowledge from a collection of
labeled examples, we devise a structure pursuit model for semantic segmentation and labeling of 3D meshes based on low-rank
representation (LRR), which is a powerful tool to recover the
relationship between data [3–5]. Different from the meaning in
computer graphics, the “structure” above means the underlying
structure of the features. Fig. 2 outlines the proposed method, the
motivation and methodology of which are considerably different
from those of previous methods [1,2,6]. We integrate the label and
geometric information into the structure guiding collaboratively,
shown in Fig. 2. Thus time-consuming ofﬂine training step is
avoided. Low rankness with structure guiding captures the structure of data effectively, even if the samples are sparse. Our method
improves the labeling performance when the number of the
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Fig. 1. Our method is robust to mislabeled examples. (a) Three labeled examples with one mislabeled mesh. The lower leg marked by the circle is wrongly labeled as upper
leg. (b) The results of our method.

Fig. 2. Method overview. We oversegment each labeled example and unlabeled mesh into a set of patches and extract multiple features for each patch. In step (i), we
introduce the label information of the labeled examples into the structure guiding. The geometric similarity between the test mesh and labeled examples is introduced into
the guiding in step (ii). Incorporating these guidance into low-rank representation, we label the test mesh in step (iii). Then the unreliable regions are detected in step (iii) by
utilizing the label structure. We correct the guiding information by the detected results in step (v) and use the new guiding to label the test mesh again. This process is
iterated until there is no unreliable regions.

manually labeled examples is small. Besides those, by introducing
the ℓ2;1 norm which overcomes the distractions introduced by
both noises and outliers [3,7], robust results are generated even if
some of the given examples are mislabeled seriously, as Fig. 1
shows. Moreover, when multiple object categories clump together
in the labeled examples, the guiding structure introduced by
geometric information, which is regarded as a coarse matching
process, limits the relationship between patches from different
categories. Therefore our method generates reasonable segmentations and labelings even when there are multiple object categories
in the labeled examples, as shown in Fig. 3. The contributions of
our work are summarized as follows:
1. We propose a novel method for semantic segmentation and
labeling of 3D meshes based on low-rank representation. There

is only a convex programming in our method and the timeconsuming pre-training process in previous works has been
successfully removed.
2. By introducing structure guidance to incorporate label information into low-rank representation, our method generates
faithful labeling even when only a few labeled examples are
given. Therefore it is more suitable for real-word case in which
manually labeling a large amount of meshes is tedious.
3. Our method is capable of dealing with the complicated case
with multiple object categories because the guiding structure
introduced by geometric information limits the interference of
patches from different categories.
4. Our method generates stable and faithful labeling results even
if the labeled examples contain seriously mislabeled parts,
since the ℓ2;1 norm regularization is robust to outliers [3,7].
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Fig. 3. Merging categories. The top row is the given examples consisting of ants and teddy bears and the bottom row is the labeling results of our method.

2. Related work
2.1. Segmentation and labeling of 3D meshes
As an important research topic in computer graphics, segmentation and labeling of 3D meshes into semantic parts has attracted
much attention in recent years. A large variety of approaches for
mesh segmentation focus on ﬁnding simple criteria based on
geometric features of individual shape [8,9]. However, these
methods cannot always perform well for all models, since the
geometry of a single mesh may lack sufﬁcient cues to identify
all parts that would be perceived as meaningful to a human
observer [10].
To overcome the limitations inherent in individual shape
segmentation, researchers have turned to segment a set of 3D
meshes from the same family as a whole into consistent parts.
Graph clustering method is introduced to balance the intra-mesh
and inter-mesh segmentations by Golovinskiy et al. [11], which
builds the connection by matching points between meshes aligned
rigidly. It handles only limited model types for the requirement of
global rigid alignment. To deal with non-homogeneous part scales,
Xu et al. [12] classify the meshes according to their styles and then
establish part correspondences in each style group. However, the
group generation process is computationally expensive. Kraevoy
et al. [13] create a consistent segmentation by matching the parts
generated from an initial segmentation. Huang et al. [14] jointly
consider the segmentations of individual meshes and correspondences between segments on different meshes by a linear programming. However, the segmentations, generated by these two
methods, cannot guarantee the consistency across the whole set
even if they are mutually consistent. Sidi et al. [15] analyze the
descriptor space via spectral clustering to segment a set of shapes
with large variability. More recently, starting from oversegmentations of meshes, Meng et al. [16] cluster the primitive
patches to generate initial guess and improve the co-segmentation
results by the multi-label optimization. Based on the sparse
representation (SR), Hu et al. [17] generate the segmentations by
grouping the primitive patches of the meshes directly and obtain
their correspondences simultaneously. This method achieves some
success beneﬁting from the observation that patches belonging to
the same part are likely to be in one common subspace in the
feature space. We introduce the low-rank representation, which is
more robust and global, into the semantic mesh segmentation and
labeling. More importantly, a structure guiding item is employed
to incorporate the label and geometric information into LRR. Cosegmentation of a set of 3D meshes produces better segmentations than the single-shape algorithms because more knowledge
can be inferred from multiple meshes rather than an individual

mesh. However, for the difﬁculty of extracting appropriate knowledge inherent to multiple meshes without prior knowledge, the
unsupervised approaches cannot always achieve the desired
results, especially when the set of meshes exhibits signiﬁcant
variability. Furthermore, no label information is generated in the
above co-segmentation approaches.
Recently, inspired by the image segmentation, data-driven
semantic segmentation approaches are proposed. Kalogerakis
et al. [1] introduce a supervised method for simultaneous segmentation and labeling of parts in 3D meshes. However, this
method needs a large number of manually segmented training
meshes to learn prior knowledge and the performance drops
rapidly when the number of training meshes is reduced. Moreover,
the dataset must be labeled consistently, otherwise the results
may be undesirable. This learning method is further introduced
into identifying boundary edges by Benhabiles et al. [18] and part
correspondences by van Kaick et al. [6]. Incorporating knowledge
imparted by both labeled and unlabeled meshes, Lv et al. [2]
present a semi-supervised approach which reduces the inﬂuence
of the size of the training set. Meanwhile since information from
large sets of unlabeled meshes avoid over-ﬁtting of the model to
the labeled examples with possibly mislabeled outliers, it is more
robust to the noisy supervision. Instead of extracting the prior
knowledge from low efﬁcient ofﬂine training, Wang et al. [19]
obtain the semantic information through constraints speciﬁed
interactively by the users. However they just co-segment the
meshes without labeling their parts. Similarly, Wu et al. [20]
present a graph-based method for shape co-segmentation via
label propagation. Although the labeled set is changed by allowing
the user to interactively label some patches, the graph playing a
key role in label propagation is unchanged. In this way, the graph
is not constructed by sufﬁciently using the label information.
Different from their method, the graph we used in each iteration
is dynamically adapted by considering the label results of the last
previous iteration.
2.2. Low-rank representation
Low-rank structure has shown its enormous potential for data
analysis. Candes et al. [21] propose robust principal component
analysis (RPCA). Under the assumption that the underlying data
structure is a single low-rank subspace, RPCA recovers the principal
components of a data matrix even though a positive fraction of its
entries are arbitrarily corrupted. Low-rank representation (LRR) [3,7]
extends the recovery of underlying data structure from a single
subspace to multiple independent subspaces. Let X ¼ ½x1 ; x2 ; …; xN 
be a feature matrix, each column of which is a feature vector xi . In our
problem, the xi represents the feature vector corresponding to the
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patch pi generated by over-segmentation described in the following
section. LRR expresses each feature xi as a linear combination of other
features and uses the coefﬁcients to measure the similarities. Taking
the correlation structure of data into account, LRR ﬁnds the representation coefﬁcients by solving the following minimization problem:
min‖Z‖n þ λ‖E‖2;1
Z;E

s:t: X ¼ XZ þ E;

ð1Þ

where λ is a tradeoff parameter, ‖  ‖n represents the sum of the
singular values, ‖  ‖2;1 is the ℓ2;1 norm and deﬁned as the sum of ℓ2
norms of the columns of a matrix. The matrix E is an error term. Z is
the coefﬁcients matrix i.e. xi  ∑N
j ¼ 1 zji x j , and ðjzij j þ jzji jÞ is used to
measure the similarity between xi and xj , where zij is the (i,j)-th entry
of matrix Z. This technique has been widely used in computer vision
and exhibits good performance [22,4,5,23]. However, when the data
are not sampled from independent subspaces, LRR may fail. A more
practical framework is proposed by Zhang et al. [24], which provides
an effective way for disjoint subspace segmentation. The effectiveness
of this framework has been veriﬁed by the theoretical analysis of Tang
et al. [25]. Part of our research is inspired by this framework.

3. 3D mesh labeling and segmentation
With a collection of labeled examples T ¼ ½T 1 ; T 2 ; …; T ν , the
goal of our approach is to label each face i of the unlabeled mesh U
with a label l A C, where C ¼ fc1 ; c2 ; …; ck g is a predeﬁned set of
possible labels, such as “arm”, “leg”. For each face, six feature
descriptors are employed, including Gaussian curvature (GC) [26],
shape diameter function (SDF) [27], average geodesic distance
(AGD) [28], shape contexts (SC) [29], conformal factor (CF) [30],
and spin images (SI) introduced in [31].
3.1. Over-segmentation and feature extraction
Inspired by the idea of superpixels [32,33] in image segmentation, we perform an over-segmentation on each mesh to balance
the segmentation quality and computational cost. We employ the
normalized cuts (NCuts) [34] to generate roughly 80 patches for
each mesh in our experiments. The number of patches per mesh is
determined by the complexity of the model and the number of
possible labels.
For each patch, we deﬁne six histograms, each with d¼ 100 bins
in our implementation, for the six features depicted above. Putting
these histograms together, we deﬁne a feature vector for each
patch. With regard to GC, SDF, AGD, and CF, it is easy to compute
their histograms capturing the distribution of each feature on the
faces of each patch. Computing the histograms of SC and SI, due to
their high dimension, is difﬁcult. We develop the following
strategy to tackle the problem. We partition all face descriptors
of labeled examples into d groups by K-means and treat the
centers of these groups as a vocabulary of “geometric words”
[35] which is denoted as W ¼ ½w1 ; w2 ; …; wd . For each face
descriptor f, we deﬁne the feature distribution
Θðf Þ ¼ ½θ1 ; θ2 ; …; θd ;

ð2Þ

where θi ¼ 1 if the closest vocabulary element to f is wi in the
descriptor space, and θi ¼ 0 otherwise. Then, for each patch, the
histogram of SC (or SI) is deﬁned as
h¼

1
∑ Θðf i Þ;
jPji A P

ð3Þ

where P is the face set of the patch, jPj denotes the cardinality of
the set P, fi is the SC (or SI) feature descriptor for face i. It should
be noted that all the feature vectors described here are
normalized.

3.2. Labeling of 3D meshes
The feature vectors corresponding to the patches with label ci
form the matrix X i ¼ ½xi1 ; xi2 ; …; xini  and the feature vectors of
unlabeled patches form the matrix X μ ¼ ½xμ1 ; xμ2 …; xμnμ . We deﬁne
the feature matrix as the concatenation of the above matrixes,
i.e. X ¼ ½X 1 ; X 2 ; …; X k ; X μ . L ¼ ½l1 ; l2 ; …; lN  denotes the label of
patches, N ¼ ∑ki ¼ 1 ni þ nμ . lj ¼ ci means the label of patch pj is ci,
and lj ¼ 0 means pj is unlabeled.
Since LRR recovers the relationship between data effectively, it
achieves excellent performance in motion segmentation, image
segmentation and saliency detection [3–5]. Here we extend this
technology to the labeling and segmentation of 3D meshes and
attempt to recover the relationship Z of labeled and unlabeled
patches by solving Eq. (1). In the motion and image segmentation,
a symmetric nonnegative matrix S ¼ jZjþ jZ T j is deﬁned as the
afﬁnity matrix, where ZT is the transpose of matrix Z. Then the
segmentation is completed by applying the NCut method or
spectral clustering [3,4]. However, in our problem some label
information of the patches is known. If we segment the features
by applying the NCut method to the afﬁnity matrix directly, the
label information is lost and the segment results may conﬂict with
the information. Therefore, we assign a label to each unlabeled
patch by employing a reconstruction process [36]. Utilizing the
i-th column of Z, we can reconstruct an approximation to the
feature xi , i.e. xi  Xzi . By selecting the coefﬁcients associated with
cj, the reconstruction can be preformed over the Xj. For each label
cj, a characteristic function δj : RN -RN is introduced to select the
coefﬁcients associated with cj. It is deﬁned as
(
zmi if lm ¼ cj
j
m ¼ 1; 2; …; N;
ð4Þ
δ ðzi Þm ¼
0
if lm a cj ;
where zi and zmi denote the i-th column and the (m,i)-th entry of
Z, respectively. Then the residual between xi and its reconstruction
by class cj is deﬁned as
r ji ¼ ‖xi Xδj ðzi Þ‖2F :

ð5Þ

We assign patch pi to the label with the minimum residual.
However, when the structure of the feature space is complex,
LRR fails to recover the relationship and generates unfaithful
labelings. A toy example is shown in Fig. 4. As described in
Section 2.2, by solving the minimization problem, LRR approximately represents each feature vector xi as a linear combination of
other features xi  ∑N
j ¼ 1 zji xj , and the similarity between x i and xj
is measured by the coefﬁcients ðjzij j þ jzji jÞ. Ideally, the betweencluster afﬁnities should be zeros or close to zeros. If we have
known that xi and xj have different labels, a penalty term should
be added to reduce the value of coefﬁcients zij and zji . Therefore a
structure guiding is incorporated into the objective function:
min‖Z‖n þ β‖Ω  Z‖1 þ γ‖E‖2;1
Z;E

s:t: X ¼ XZ þ E;

ð6Þ

where β and γ are two parameters, ‖  ‖1 represents ℓ1-norm,
 denotes the Hadamard product, Ω is a guiding matrix and
0 r Ωði; jÞ r 1. The guiding matrix Ω has the property that the
samples from the intraclass contribute to a smaller weight
whereas the samples from interclass contribute to a larger weight.
It can be seen as prior knowledge and may be built by various
ways. We estimate Ω according to the labelings of the labeled
examples and the geometric similarity between the unlabeled and
labeled patches.
Eq. (6) is a convex optimization. The augmented Lagrange
multiplier (ALM) method [24,25] is employed to solve an optimal
coefﬁcient matrix Z A RNnN . The labels are generated by minimizing the residual (5). With the guidance of Ω, our method produces
a much better labeling than LRR, as illustrated in Fig. 4(b). After the
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enforceable connection, are deduced from the geometric and
topological properties of components Mj.
Algorithm 1. Evaluating the reliability of the labels.

1
2
3

Fig. 4. Labeling by LRR (a) and LRR with structure guiding (b).

labeling, we smooth the boundary of each region which is usually
a set of patches with the same label via fuzzy cuts [37].

4
5
6

3.3. Structure guiding

7

We ﬁrst construct the guiding matrix Ω utilizing the label
information from the given examples. Since the ideal Ω shall have
a smaller weight for the samples from intraclass and a larger
weight for those from interclass. For the labeled patches, we
compute the weight between them by weighting interclass data
as one and intraclass data as zero.
In order to incorporate more information into the guiding
matrix Ω, the similarity of geometric feature is introduced for
the unlabeled patches. Since the wave kernel signature (WKS) [38]
is a global shape descriptor and is stable under perturbations, we
integrate its afﬁnity into the construction of the guiding matrix Ω.
The WKS feature vector of patch pi is deﬁned as
w

fi ¼

1
∑ w;
jP i jj A P i j

ð7Þ

where P i is the face set of the patch, jPj is the cardinality of the set
P, wj is the WKS feature descriptor for face j. For any two patches
pi and pj, we compute the distance Dði; jÞ between them speciﬁed
by WKS:
w

w

Dði; jÞ ¼ ‖f i  f j ‖F 2 :

ð8Þ

Dði; jÞ represents the score of patches i and j belonging to different
labels. We set Ωði; jÞ ¼ 1 if Dði; jÞ is larger than a threshold τmax , and
set Ωði; jÞ ¼ 0 otherwise.

4. Iterative labeling optimization
Usually, the labeling procedure discussed above produces good
results. However, in some cases, better results are achieved by
introducing an iterative labeling optimization process. In this
process, ﬁve special properties of the labels, i.e. the label structure,
are taken into account to reﬁne the labeling. For instance, if a label
always appears at the extremities of a mesh in the training set, it
should appear at the extremities of the test mesh.
4.1. Extracting label structure
First, for each given example Ti, we deﬁne a graph Gi ¼ ½V i ; Ei ,
where the nodes Vi are patches of mesh Ti, and Ei are edges
between patches. Nodes i and j are connected if and only if they
are adjacent and have the same label. Usually the graph Gi is a
group of connected components in which all the patches have the
same label. Suppose that for each label cj, there are mj connected
components M j ¼ ½M j1 ; M j2 ; …; M jmj  in all labeled examples. The
properties depicting the label structure of each label cj, including
common number, termination, symmetry, potential connection, and

8

Input: The properties of component M μi : ter μi , symμi , and
conμi where i ¼ 1; 2; …; mμ ; the properties of label ci:
teri, symi, potConi, and enfConi where i ¼ 1; 2; …; k.
Output: The reliable and candidate unreliable components:
A and B.
initialize: A ¼ fM μi ji ¼ 1; 2; …; mμ g, B ¼ ∅.
for each component M μi (the label of it is cj) do
6
6 if ter j a ∅ && ter j a ter μ then
6
i
6
6 ⌊A ¼ A  M μi ; M μi -B:
6
6
μ
6 if symj a∅ && symj asymi then
6
6 ⌊A ¼ A  M μ ; M μ -B:
i
i
6
6
j
6 if conμ 2
=
potCon
then
i
4
μ
⌊A ¼ A  M i :

= A (the label of it is cj) do
for each component M μi 2
6
6 if exists a component Mμt A A; which is labeled cs ; not connected to Mμi
66
6 if enfCons ¼ 1 && conμ ¼ 0 then
j
11 6
i;s
66
66
6 ⌊M μi -B:
6
12 6
66
4 6 if enfConjs ¼ 1 && conμi;s ¼ 0 then
13 4 μ

9
10

14

then

⌊M i -B:

1. Counting the common number of label cj: We denote the
number of connected components which have the same label
with Mji and belong to the same mesh with it as numji. The common
number is deﬁned as numj ¼ max½numj1 ; numj2 ; …; numjmj . When
numj ¼ 1, we know that there is at most one component with label
cj in each mesh.
2. Determining whether components with label cj are termination
parts: The skeletons of meshes are extracted by [39]. In each
component Mji, we test whether there is a vertex belonging to a
skeleton node with degree one. If there is a vertex meeting the
requirement, we set ter ji ¼ f1g, otherwise set ter ji ¼ f0g. So the
m
termination of label cj is deﬁned as ter j ¼ \ i ¼j 1 ter ji . terj ¼ f1g or
f0g means that each component with label cj must or never be a
termination part, respectively. If ter j ¼ ∅, the components
labeled with cj can be either the termination parts or not.
3. Determining whether components with label cj are symmetry
parts: By the similarity of symmetry-invariant descriptors, we
extract the symmetric point pairs from shape extremities. If at
least one point in the component Mji has a symmetric point, we
set symji ¼ f1g, otherwise set symji ¼ f0g. The symmetry of label
m
cj is deﬁned as symj ¼ \ i ¼j 1 symji .
4. Guessing the potential connection of label cj: For each component Mji, we deﬁne a vector conji ¼ ½conji;1 ; conji;2 ; …; conji;k , where
conji;t A f0; 1g. If there is a neighbor component of Mji with label
ct, we set conji;t ¼ 1, otherwise conji;t ¼ 0. potConj ¼ fconji ji ¼
½1; 2; …; mj g represents all potential connections between label
cj and other labels.
5. Summarizing the enforceable connection of label cj: For each
j
j
j
j
label cj, we deﬁne enfCon ¼ ½enfCon1 ; enfCon2 ; …; enfConk ,
j
where enfCont ¼ 1 means that for each iA f1; 2; …; mj g we have
conji;t ¼ 1.

4.2. Detecting and correcting the unreliable labels
For the test mesh U, we ﬁrst assign an appropriate label to each
patch as described in Section 3.2. Then, similar to the process for
the labeled examples, we decompose the mesh U into a group of

104

X. Liu et al. / Computers & Graphics 46 (2015) 99–109

Fig. 5. Recognition rate scores for showing the effect of low-rank, structure guiding and iterative labeling optimization in our algorithm. Blue bar means the score of applying
our method without structure guiding and iterative labeling optimization. Red bar means the score of applying our method omitting iterative labeling optimization. Green
bar is the score of applying our full method. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

Fig. 6. Detecting and correcting the unreliable regions. The initial labeling result, detected unreliable labeling regions, and the corrected result are shown from left to right.

Fig. 7. Labeling and segmentation results by applying our algorithm to one mesh per category of the Princeton Segmentation Benchmark [10]. For each results, the labeled
examples are other 3 labeled meshes in the same class.

connected components M μ1 ; M μ2 ; …; M μmμ and extract numμi , ter μi ,
symμi , and conμi of each component M μi .
Supposing that the component M μi is labeled as cj, we deﬁne it
as a candidate unreliable component through comparing the
properties of label cj and component M μi described in Section 4.1.
The main steps of the procedure are illustrated in Algorithm 1.
Since the properties of candidate unreliable components could be
inﬂuenced by the other inaccurate labeled components around
them. Therefore, we modify their properties by the process
detailed in Algorithm 2. By repeating Algorithm 1, the modiﬁed

properties of component M μi are compared with the properties of
label cj and the unreliable components are detected.

Algorithm 2. Modifying the properties of unreliable components.
Input: The properties of component M μi : ter μi , symμi , and conμi
where i ¼ 1; 2; …; mμ ; the properties of label ci: numi,
teri, symi, and potConi, where i ¼ 1; 2; …; k; the reliable
and candidate unreliable components: A and B.
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1
2
3
4
5
6
7
8
9
10

Output: The modiﬁed properties of each component.
for each component M μi A B (the label of it is cj) do
6
6 if numj ¼ 1 and ( M μt A A with label cj do
6
6 ⌊continue:
6
6 if ter j ¼ 1 && terμi ¼ 0 and ( Mμt A B with terμt ¼ 1 connecting to it then
6
6 ⌊terμi ¼ 1:
6
6 if symj ¼ 1 && symμ ¼ 0 and ( Mμt A B with symμt ¼ 1 connecting to it then
i
6
6 ⌊symμ ¼ 1:
i
6
6 if conμ 2= potConj and ( M μ A B with label c connecting to it then
6
s
t
6 $ μi
4 coni;s could be either 1 or 0:
If

conμt;g

¼ 1;

conμi;g

could be either 1 or 0:

Once the estimated labels of some components are detected to
be unreliable, more label information can be added into the
guiding matrix Ω. If the estimated label cj of component M μi is
unreliable, we limit the connection between patches with label cj
and patches belonging to component M μi . For convenience, the
index of patches belonging to component M μi is denoted as
idest ¼ fi1 ; i2 ; …; ip g and the index of patches with label cj is denoted
Table 1
Recognition rate scores with 3 labeled examples. Scores of SUP, SSUP with 7, and 17
unlabeled meshes, and our method are listed from the second column to the last.
Dataset

SUP

SSUP(7)

SSUP(17)

Ours

Airplane
Ant
Armadillo
Bearing
Bird
Bust
Chair
Cup
Fish
Fourleg
Glasses
Hand
Human
Mech
Octopus
Plier
Table
Teddy
Vase
Average

91.2
97.4
83.7
61.3
76.3
52.2
97.1
96.3
94.1
82.0
94.4
74.9
83.2
82.4
98.3
92.2
99.0
93.1
74.3
85.4

94.2
97.1
86.6
79.2
82.1
58.2
97.9
93.8
94.8
87.2
96.3
95.4
86.7
81.9
98.6
94.7
93.2
92.1
79.8
88.9

95.9
98.3
87.3
82.4
77.5
63.4
98.3
95.3
95.7
88.1
97.1
94.7
87.3
85.6
98.7
94.2
89.1
97.9
81.2
89.9

90.5
98.4
89.2
81.1
91.3
60.0
97.2
99.1
94.1
81.2
96.4
81.4
87.2
90.6
98.5
94.5
98.3
96.3
83.8
90.0
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as idlab ¼ fd1 ; d2 ; …; dq g. We choose 70% elements of idlab randomly
denoted as idsel ¼ fds1 ; ds2 ; …; dsr g and set Ωðij ; dsm Þ ¼ 0:7, where
jA 1; 2; …; p and m A 1; 2; …; r. Then we solve Eq. (6) again and
compute a set of corrected labels. This correcting process is
iterated to further reﬁne the labeling results and terminated if
there is no unreliable components or the number of iterations is 5.

5. Results
In this section, we present a variety of experimental results and
demonstrate the performance of our algorithm. We test our
labeling method on Princeton Segmentation Benchmark [10] and
compare our method with both the supervised method [1] (SUP)
and the semi-supervised method [2] (SSUP). To quantitatively
analyze the results, we use the same measuring criterion deﬁned
in [1,2]
Acc ¼

∑ i ai

Iðyi ; yni Þ þ 1
2
;
∑i ai

ð9Þ

where ai is the area of face i, yi is the groundtruth label for face i, yni
is the estimated label for face i, and Iðy; yn Þ is an indicator function
that is 1 when y ¼ yn and  1 otherwise.
Validation of each module: Our method mainly comprises three
modules: low-rank representation, structure guiding, and iterative

Table 2
The parameters used for each category.
Dataset

γ

β

r

Dataset

γ

β

r

Airplane
Armadillo
Chair
Fish
Glasses
Human
Plier
Teddy
Bearing

0.3
0.5
0.3
0.1
0.3
0.3
0.3
0.3
0.5
1
0.1
1

0.5
1
0.7
0.3
0.7
1
0.7
0.7
0.5
0.05
0.03
0.001

10
10
30
30
20
10
20
20
10
30
10
30

Ant
Bird
Cup
Fourleg
Hand
Octopus
Table
Vase
Mech

0.3
0.3
0.5
0.3
0.5
0.07
0.1
0.3
0.1
0.3

0.7
0.3
0.07
1
0.7
0.3
0.7
0.1
0.7
0.07

20
10
30
10
30
30
10
30
10
30

Bust

Fig. 8. Recognition rate scores with 3 labeled examples. SSUP(7) and SSUP(17) denote the scores of SSUP with 7 and 17 unlabeled meshes, respectively.
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labeling optimization. To illustrate the importance and contribution of each component, Fig. 5 shows the results with certain
options disabled (Fig. 6). LRR gets ideal results when the shapes

are simple, such as Glasses and Octopus categories in Fig. 7. But for
most models LRR itself is not enough. As expected, structure
guiding and iterative labeling optimization signiﬁcantly improve

Fig. 9. Experiments where the labeled and unlabeled meshes come from different categories. (a) is the collections of given examples and (b) is the results of our method. Top
row: chairs are used to label tables; middle row: vases are used to label cups; bottom row: quadrupeds are used to label teddy bears.

Fig. 10. Experiments where the collections of given examples consist of multiple object categories. The given labeled meshes are framed by red rectangles and the test
meshes are framed by blue rectangles. The four labeled examples from two different object categories in set A are used to label the meshes in set B. The nine labeled
examples from three different object categories in set C are used to label the meshes in set D. (For interpretation of the references to color in this ﬁgure caption, the reader is
referred to the web version of this paper.)
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the labeling results, averagely 10.2%. It should be noted that the
iterative labeling optimization achieves a more remarkable
improvement for the categories with more labels, such as Airplane,
Fourleg, Bird and Chair.
Comparing with existing methods: The labeling results of our
method for one mesh each from every category in the benchmark
are shown in Fig. 7. Furthermore we compare our labeling results
with those from SUP and SSUP on the benchmark in Table 1 and
visualize them in Fig. 8. The labeled examples are chosen as the
ﬁrst 3 meshes or the 3 meshes with the highest segment accuracy
under the premise that all labels are included. Since the method
proposed by [2] is semi-supervised, 7 unlabeled meshes and 17
unlabeled meshes are included as examples as mentioned in the
paper [2]. As Table 1 shows, when the size of the training dataset is
small, our method gives much better results than the SUP and
achieves comparable performance with the SSUP which requires
extra knowledge imparted by a number of unlabeled meshes.
Furthermore, both the SUP and the SSUP require a tedious ofﬂine
process, which usually take hours, for model training. Our method
replaces the tedious ofﬂine training process by constructing a
guiding matrix that is extremely fast and usually takes 0.2 s only.
The labeling process, formulated as a convex problem, takes 6 s to
label a mesh averagely.
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Three key parameters in our method are γ, β and τmax . The
parameters γ and β are used to balance the three items in Eq. (6).
τmax described in Section 3.3 is the threshold used for constructing
the guiding matrix. It is deﬁned as τmax ¼ maxðDmin Þ, where Dmin
denotes the set of the smallest r percent elements in the matrix D.
By choosing different r, we get a different threshold τmax. If the test
mesh U has a very similar metric to the labeled meshes T, the
distances between patches are more reliable. Then we choose a
smaller value for τmax and larger value for β, and vice versa. When
the parts of meshes U and T have very different geometric features,
we should relax the ﬁtting restriction and decrease the value of γ.
The parameters are manually selected to obtain the results in
Table 1. For each category, the used values of the parameters are
shown in Table 2. Two sets of parameters are used for Bearing,
Mech and Bust categories because the models in these categories
vary signiﬁcantly. They even do not have meaningful correspondences between segmentations [17].
Generalizing to different categories: We introduce the afﬁnity of
geometric features into the guiding matrix. It can be regarded as a
coarse matching process and effectively reduce the inﬂuence
between different parts, especially when the labeled and unlabeled meshes belong to different categories or there are multiple
object categories in the labeled examples.

Fig. 11. Experiments where the given examples are mislabeled. (a) is labeled examples with mislabeled meshes which are marked by rectangle. (b) is the results of our
method. The meshes marked by rectangles in (b) are the relabeling results for the mislabeled examples marked by the rectangles with the same colors. (For interpretation of
the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)
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Table 3
Our method with noise-free labeled examples and mislabeled examples generates
comparable recognition rate scores.
Dataset

Noise-free

Noise

Dataset

Noise-free

Noise

Teddy
Cup
Chair

96.3
99.4
97.5

96.3
99.0
97.0

Ant
Bird
Table

98.2
90.8
99.2

97.7
90.4
99.0

Average

96.9

96.6

When the labeled examples come from one category and the
test meshes belong to another, our method produces reasonable
labeling results (Fig. 9). In general, parts with similar functions
tend to have similar features, even if they belong to the different
categories. For example, the tables do not have back and middle
parts of the chairs, while the support part or leg parts in both of
them owns similar functions and geometric features. Hence the
geometric similarity in the guiding matrix blocks out most
distractions and leads to reasonable results, as the top of Fig. 9
shows. Our method can also generate desired labeling even if the
given examples exhibit signiﬁcant shape variability, such as the
vases shown in the middle of Fig. 9, or are inconsistently labeled,
such as the quadrupeds shown in the bottom of Fig. 9.
Existing methods consider semantic segmentation and labeling
in a single category. Our method can label test models as desired
categories even when the given examples consist of multiple
object categories, see Fig. 10. It is more challenging, since the
features coming from different categories interact with each other.
In the top row of Fig. 10, the labeled examples contain four models
from Glasses category and Fish category. In the middle of Fig. 10
the number of the categories increases to three, and the labeling
results are shown in the bottom.
Robustness to mislabeled data: In practice, the mislabeling and
inconsistent labeling of the human labeled dataset is inevitable
due to the carelessness and the likelihood that different people
have different standpoints for the segmentation of the same
object [2]. Previous methods based on learning may over-ﬁt the
training data and therefore be inﬂuenced, especially for the
supervised method. The robust ℓ2;1 norm can effectively enforce
noise correction even if a number of outliers exist, which makes
our method robust for both mislabeling and inconsistent labeling.
As illustrated in Fig. 11, a large area of parts are mislabeled
manually, such as the ears of teddy bears mislabeled as heads,
the legs of chairs mislabeled as seats pervasive, the badly labeled
legs and antennas of the ants, the seriously confused parts of the
tables and cups. Our algorithm correctly segments and labels the
parts of these models. Table 3 further illustrates that the results of
our method with mislabeled examples and with noise-free examples are comparable. The statistics demonstrate that our algorithm
is insensitive to such interference. Moreover, if we relabel a
mislabeled mesh as a test one, the mislabeled parts could also
be corrected, such as the teddy bear in the red box and the ant in
the blue box as shown in Fig. 11.

6. Conclusion
We develop a low-rank representation model with structure
guiding for semantic mesh segmentation and labeling. The label
information and the similarity of geometric features are incorporated into the guiding matrix. Based on the guiding, LRR recovers
the relationship between labeled and unlabeled data faithfully,
even when the number of the given examples, which may be
mislabeled seriously, is small. The tedious ofﬂine training procedure is avoided and the labeling process only requires to optimize

a convex problem. Besides, it achieves preferable results when
multiple object categories exist in the set of labeled examples.
Several limitations and interesting directions for future work
remain.
Designing the label structure: The label structure in the iterative
optimization is deﬁned according to the Princeton Segmentation
Benchmark. To handle other datasets faithfully, some different
label structures may be considered.
Adaptive parameter selection: The parameters used in this paper
are manually adjusted by checking the results similar to [2]. As
mentioned in Section 5, they are related to the geometric similarity between labeled and unlabeled meshes. Some recognition and
retrieval technologies can be introduced to promote the adaptive
parameter selection in the future.
Choosing suitable examples: In general, performance gets
improved by leveraging more labeled examples with the sacriﬁce
of running time for solving Eq. (6). Actually, competitive results
can be achieved by choosing only several suitable labeled examples. Hence, we plan to design a retrieval process to reduce the
labeled examples while enhance the labeling quality.
Multi-feature: We weight all the features used to describe the
patches equally. But different features may play different roles in
the segmentation. Our method can be extended to a multi-feature
model which includes a feature selection scheme [4,17].
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