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Abstract 
Spectral clustering-based algorithms are powerful tools for solving subspace clustering 
problems. The existing spectral clustering-based subspace clustering algorithms use 
original data matrices to produce the affinity graphs. In real applications, data samples 
are usually corrupted by different kinds of noise, hence the obtained affinity graphs may 
not reveal the intrinsic subspace structures of data sets. In this paper, we presented a 
new subspace clustering algorithm termed central sample low rank representation 
(CSLRR). This algorithm will evaluate the centrality of samples, assign different weights 
to different samples, and finally introduce the centrality information of samples into the 
equality constraints of LRR algorithm, so as to make this algorithm more robust and 
improve its performance in data with noise and redundancy. The experimental results 
obtained on several benchmark databases showed that central sample subspace 
clustering algorithm outperformed some existing related methods. 
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1. Introduction 

In computer vision communities, high-dimensional data samples are often regarded as generating 
from a union of linear subspaces [1,2]. Up to now, many algorithms designed based on different 
assumptions have been proposed to explore the subspace structures of different data sets [3,4,5,6]. 
One of the essential problems in this research domain is to partition data samples into their 
corresponding subspaces, i.e., the subspace clustering problem. 

Generally speaking, a spectral clustering-based subspace segmentation algorithm consists of three 
steps: Firstly, they compute a reconstructive coefficient matrix for a data set, then construct an affinity 
graph by using the obtained coefficient matrix. Finally produce the segmentation result by means of 
a kind of spectral clustering (e.g., Normalize cut (N-cut[7]). It can be observed that the affinity graph 
usually determines the performance of a spectral clustering-based subspace segmentation algorithm. 

Among the existing spectral clustering-based methods, sparse subspace clustering (SSC) [8,9] and 
low-rank representation (LRR) [10,11] are the two most representative ones. SSC aims to calculate a 
reconstruction coefficient vector by 𝑙 -minimization [12] for each data sample and then construct a 
sparse affinity matrix by concentrating all the reconstruction coefficient vectors. It is easy to segment 
and also have a promising performance in motion segmentation experiments [13]. However, as SSC 
finds the sparsest presentation of each data vector individually, there is therefore no global constraint 
on its solution. Compared to SSC, LRR use nuclear form to find the lowest-rank representations of 
all data jointly. So, it better at capturing global structures of data and LRR usually achieves better 
results than those of SSC in subspace segmentation applications. 

Because of the excellent performances showed LRR, many LRR-related algorithms have been 
proposed in order to further enhance the performance of LRR. For instance, Zhuang et al. proposed a 
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kind of non-negative low-rank and sparse representation (NNLRSR) [14] which compels the 
coefficient matrices obtained by LRR to be sparse and non-negative. Zheng et al. introduced a locality 
constraint into LRR and proposed a so called low-rank representation with locality constraint 
(LRRLC) algorithm [15]. Tang et al. designed a structure-constrained LRR (SCLRR) [16] algorithm 
which was much similar to LRRLC and claimed that NNLRSR was actually a special case of SCLRR 
[16]. To overcome the difficulty of adjusting parameters in SCLRR, Wei et al. proposed an improved 
structured low-rank representation (ISLRR) [17]. Wei et al. analyzed the subspace segmentation 
procedures of LRR-based algorithms and developed a spectral clustering steered low-rank 
representation method (SCSLRR) [13]. SCSLRR could be regarded as an extension of SCLRR. 

In the task of subspace clustering, the above algorithms have achieved good results, but these 
algorithms do not take into account the similarity between data samples. In practice, the data sample 
is often destroyed by different noises, so the obtained affinity graph may not really reveal the inner 
subspace structure of the data set. In order to eliminate this effect, I evaluate the centrality of samples 
firstly, then assign different weights to different samples, and finally introduce the centrality 
information of samples into the equality constraint of LRR algorithm. It can be find that CSLRR is  
more robust in data with noise and redundancy. 

The rest of this paper is organized as follows: Section 2 briefly reviews SSC and LRR algorithms. 
Section 3 introduces the idea of CSLRR. And the optimization approach for solving CSLRR is also 
presented in this section. The extensive experiments performed to show the effectiveness of CSLRR 
are presented in Section 4. Section 5 gives the conclusions. 

2. Related Algorithms 
In this section, we briefly recap the sparse subspace clustering (SSC) algorithm and low rank 
representation. 

2.1 Sparse Subspace Clustering(SSC) 

For a data matrix 𝑋 = [𝑥 , 𝑥 , … , 𝑥 ] ∈ℛ ×  with 𝑛  data samples, sparse subspace clustering 
(SSC) expects to find a reconstruction coefficient matrix 𝑍 = [𝑧 , 𝑧 , ⋯ , 𝑧 ] ∈ 𝑅 × . 𝑍  satisfies 
𝑋 = 𝑋𝑍 + 𝐸  where 𝐸 = [𝑒 , 𝑒 , ⋯ , 𝑒 ] ∈ 𝑅 ×  indicates the reconstruction residual matrix. SSC 
hopes to minimize the 𝑙 −norms of 𝑍 . Hence the objective function of SSC could be precisely 
expressed as the following Problem (1): 

𝑚𝑖𝑛   |𝑍|| + 𝜆 |𝐸|| , , 

𝑠. 𝑡.  𝑋 = 𝑋𝑍 + 𝐸                                (1) 

where 𝜆 > 0 is a parameter which is used to balance the effects of the two terms and ||𝐸|| , =

∑ ∑ ([𝐸] )  

2.2 Low-Rank Representation (LRR). 

Unlike SSC, LRR hopes the coefficient matrix Z to have minimal rank. This sets up the following 
problem: 

min  rank(𝑍), 

s.t. 𝑋 = 𝑋𝑍.                                      (2) 

It is NP-hard to solve the above problem. Hence, a convex substitution of rank (𝑍), namely ||𝑍||* 
(the nuclear norm of 𝑍) is used to replace it. Moreover, because data points in real applications are 
usually corrupted with noise and outliers, the objective function of LRR could be finally formulated 
as follows: 

𝑚𝑖𝑛 ,   |𝑍||* + 𝜆 |𝐸|| ,  

𝑠. 𝑡.  𝑋 = 𝑋𝑍 + 𝐸                                    (3) 
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Augmented Lagrange multipliers (ALM) [18] method can be used to solve the problem(3). Once 𝑍 
is obtained, we can define 𝐺 = (𝑍 + 𝑍 )/2 (𝑍  is the transpose of 𝑍) as the affinity graph and use 
Ncut to get the final clustering results. 

3. Central Sample Low Rank Representation 

In daily life, due to the large scale of data, there must be some similarity between samples, so we can 
divide the subspace according to the size of the similarity, so that the samples in the same subspace 
have more similarity, but the samples belonging to different subspaces have less similarity.Similarly, 
due to the large size of data and the similarity between samples, data redundancy is inevitable. 

A sample corresponds to a specific point in a higher-dimensional space, and a data set corresponds to 
a series of points. Each point seems to be an isolated point, but in fact there is some kind of 
relationship between the points. Therefore, we can form a network of points in high-dimensional data. 
In a network, a node is in a central position when it is in direct contact with many other nodes. In 
other words, the wider the relationship between nodes and the more adjacent nodes, the more 
important and representative this node will be. Therefore, the degree centrality of network analysis 
was added to the constraint of LRR algorithm to make different samples have different 
representativeness, thus making LRR more robust and improving its performance in data with noise 
and redundancy. 

The degree centrality can be represented be following equations: 

                              (4) 

Then, we introduce the centrality information of samples into the equality constraints of LRR 
algorithm, we have: 

𝑚𝑖𝑛 , |𝑍|| + 𝜆 𝐸‖ ,  

𝑠. 𝑡.  𝑋 = 𝑋𝐷𝑍 + 𝐸                                   (5) 

Finally, we use ALM method to solve the problem (5). After we get 𝑍. we define 𝐺 = (𝑍 + 𝑍 )/2 
as the affinity graph and use Ncut to get the final clustering results. 

4. Experiments 

In this section, extensive subspace segmentation experiments will be conducted to verify the 
effectiveness of CSLRR. Some representative and related algorithms such as SSC, LRR, will also be 
evaluated for comparisons. Three face image databases (such as the extended Yale B database [19], 
AR database [20] and ORL [21] database will be adopted. 

AR database consists of over 4000 face images of 126 persons. For each individual, 26 pictures were 
taken in two sessions (separated by two weeks) and each section contains 13 images. These images 
include front view of faces with different expressions, illuminations and occlusions. In our 
experiments, the pictures from the first 20 persons (520 images) of AR will be taken. And each image 
is resized into 50×40 pixels. 

The extended Yale B face database contains 38 human faces and around 64 near frontal images under 
different illuminations per individual. Some images in this database were corrupted by shadow. We 
just selected images from first 10 classes of the extended Yale B database to form a heavily corrupted 
subset. In our experiment, each picture is resized to 32×32 pixels. Furthermore, for effective 
computation, the element value of each image vector was normalized into the interval [0,1] by being 
divided 255.  

ORL database contains 10 different images of each of 40 individuals. These images were taken at 
different times, varying the lighting, facial expressions (open/closed eyes, smiling/not smiling) and 
facial details (glasses/no glasses). 
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(a) Experimental results on the AR database 

 
(b) Experimental results on the extended Yale B database 

 
(c) Experimental results on the ORL database 

Fig. 1 The segmentation accuracies on the different databases. 
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We performed the subspace segmentation experiments on some sub-databases selected from the 
above two face image databases. Each sub-database contained face images from 𝑞 persons, where 
𝑞 is 2-20 in AR database, 2-10 in the extended Yale B database and 4-40 in ORL database. Then the 
three evaluated algorithms were performed to compute the subspace segmentation accuracies. In these 
experiments, we let the corresponding parameters in all evaluated algorithms vary in the interval 
[0.001,10], and chose the best values corresponding to the highest accuracy obtained by each of four 
evaluated algorithms. Finally, the segmentation accuracy of each algorithm versus the number of 
class 𝑞 are plotted in Fig. 1 on the three face image databases. 

Clearly, from Fig. 1, we see that: in most cases, the best results are almost obtained by CSLRR; 

5. Conclusion 

This paper presents a new subspace segmentation method Central Sample Subspace Segmentation 
(CSLRR). Different from the existing spectral clustering based subspace segmentation algorithms, 
CSLRR added a degree center matrix to equality constraints in LRR algorithm. Thus, more 
representative samples are selected from the data set to reconstruct the coefficient matrix, and the 
noise interference is relatively reduced. Therefore, the obtained coefficient matrix can better reveal 
the internal structure of the data set and the correlation between data point pairs, greatly improving 
the accuracy and robustness of subspace segmentation. Meanwhile, segmentation experiments were 
carried out on ORL, Extended Yale B, AR and other three face databases to prove the effectiveness 
of the algorithm proposed in this paper. 
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