
1660 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 12, NO. 8, AUGUST 2015

Multicluster Spatial–Spectral Unsupervised Feature
Selection for Hyperspectral Image Classification

Haichang Li, Shiming Xiang, Zisha Zhong, Kun Ding, and Chunhong Pan

Abstract—A new unsupervised spatial–spectral feature selec-
tion method for hyperspectral images has been proposed in this
letter. The key idea is to select the features that better preserve
the multicluster structure of the multiple spatial–spectral features.
Specifically, the multicluster structure information is obtained
through spectral clustering utilizing a weighted combination of the
multiple features. Then, such information is preserved in a group-
sparsity-based robust linear regression model. The features that
contribute more in preserving the multicluster structure informa-
tion are selected. Comparative experiments on two popular real
hyperspectral images validate the effectiveness of the proposed
method, showing higher classification accuracy.

Index Terms—Clustering, feature selection, hyperspectral,
spatial–spectral.

I. INTRODUCTION

R ECENTLY developed hyperspectral imaging technolo-
gies simultaneously acquire an image in enormous narrow

continuous spectral bands while covering a wide spectrum.
Thus, the obtained hyperspectral image is a cubic datum, i.e.,
two dimensions for the spatial domain and one dimension for
the spectral domain. This cubic datum has advantages in object
detection [1], change detection [2], classification [3], [4], etc.
However, the huge data also bring new challenges in applica-
tions, such as the Hughes effect, more computation, information
redundancy, and noise. Therefore, feature selection and feature
extraction [5] become necessary and important for hyperspec-
tral images. Compared with feature extraction, feature selection
preserves the original physical meaning of features. Meanwhile,
it provides convenience in the following test stage, where only
the selected features are involved. In the context of hyperspec-
tral images, if the features to be selected are restricted to the
spectral bands, the feature selection process is also called band
selection.

According to whether the class label information is previ-
ously available, feature selection methods are mainly divided
into two categories: supervised and unsupervised. The class
label information is known for the supervised methods while
missing for the unsupervised methods. Many supervised feature
selection methods have been proposed, such as [6] and [7]. As
the supervised information is a good guidance for feature subset
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searching, this type of methods can obtain better classifica-
tion or detection performances than the unsupervised methods.
However, sometimes, the required class labels are previously
unavailable. In this case, unsupervised feature selection meth-
ods are required.

Many unsupervised feature selection methods have been also
proposed for hyperspectral images. Some are criterion based,
such as [8] and [9]. In [8], by defining band correlation, the
bands that are most correlated to the entire hyperspectral images
are selected. Based on band similarity measurement, Du and
Yang [9] selected the bands that are most dissimilar to the
already selected bands. This strategy can conserve the most dis-
tinctive and informative bands. Clustering-based methods are
also proposed. Usó et al. [10] first partitioned the bands into
groups utilizing the minimum variance clustering. Then, the re-
presentative bands are selected from each group by the correla-
tion or the divergence criterion.

Recently, multiple features, e.g., spectral, shape, and texture,
have been introduced into hyperspectral image classification
to further improve the classification accuracies [11], [12]. In
general, the multiple features are utilized by concatenating dif-
ferent kinds of features into a long vector. On one hand, the
multiple features provide more detailed and complementary
information, such as texture and shape. This is helpful in im-
proving the classification accuracy. On the other hand, such
high dimensionality of the multiple features brings new chal-
lenges, i.e., more computation, redundancy, and noise. Feature
selection for multiple features becomes a new problem for hy-
perspectral images. Fortunately, the progresses of feature selec-
tion in machine learning have shed light on this problem, i.e.,
the group-sparsity-based feature selection methods [13]– [16]
have been proved effective.

Inspired from the combination of multiple features [11] and
group-sparsity-based feature selection [13], [14], we propose
a new unsupervised spatial–spectral feature selection scheme
for multiple features of hyperspectral images. In general, dif-
ferent categories have different clusters. Thus, preserving the
multiclusters provides us a feasible way to keep the clustering/
discriminant information in unsupervised feature selection. Our
scheme selects the features that better preserve the multicluster
information of the data via group sparsity in a linear regression
model. Specifically, the multiple features of the hyperspectral
images are first extracted separately, which are then concate-
nated into a long vector. Then, the separately extracted multiple
features are combined together via a weighting scheme [11]
to explore the multicluster structure information by spectral
clustering [17]. The obtained compact data by spectral analysis,
i.e., the multicluster representation of the original multiple
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features, are employed as the regression targets of the con-
catenated multiple features in a group-sparsity-based robust
linear regression model. The features that contribute more in
the regression are selected.

The main properties of this work are as follows.
• Group-sparsity-based robust linear regression for feature

selection model is extended to the unsupervised case. The
label vectors are replaced by the multiclusters that are
provided by spectral analysis. Thus, the selected features
can better preserve the multicluster structure of the data.

• The group-sparsity-based unsupervised feature selection
model is extended to multiple features of hyperspectral
images. Each category of features is adaptively weighted
by a combination scheme in clustering. Therefore, the
complementary information of the multiple features is
preserved well in clustering and feature selection. Sound
experimental results validate the effectiveness of the pro-
posed method.

II. MODEL

An unsupervised feature selection model for multiple fea-
tures of hyperspectral images is explored here. The mul-
tiple features include spectral features and spatial features:
the extended multiattribute profile (EMAP) and Gabor. Thus,
the problem is called spatial–spectral feature selection. The
features that better preserve the multicluster structure of the
multiple features are selected in a group-sparsity-based linear
regression model. Concretely, we first review the group-
sparsity-based feature selection model and extend it to the
unsupervised case. Then, the unsupervised model is extended
to the multiple features of hyperspectral images.

A. Multiple Features

Different kinds of features have been proved to cooperate
with each other in identifying objects [11]. In this paper, we uti-
lize three types of features: the spectral features, the geometric
and texture features (EMAP), and the texture features (Gabor).
The details are as follows.

1) Spectral features: the original spectral features of each
pixel. Suppose the hyperspectral images have n1 spectral
bands, the digital numbers for a pixel in all bands are
denoted by x(1) = [v1, . . . , vn1

]T . Then, the spectral fea-

tures for N samples are denoted by X1 = [x
(1)
1 , . . . ,

x
(1)
N ] ∈ R

n1×N .
2) Geometric features: the EMAP features [18], [19]. The

EMAP models the spatial information by morphological
attribute filters (area, diagonal of the box bounding the
region, etc.) using a multilevel analysis. Suppose the
dimension of this category of features is n2, and this type
of features for the N samples is denoted by X2 ∈ R

n2×N .
3) Texture features: the Gabor features [20], [21]. The 2-D

Gabor features on the first principal component (PC) of
the hypserspectral images are extracted in this letter. This
type of features for the N samples is denoted by X3 ∈
R

n3×N .

The multiple features for each sample can be concatenated
into a long vector. Then, the multiple features for all the m

type of features are denoted as follows: X = [XT
1 ,X

T
2 , . . . ,

XT
m]T ∈ R

(
∑m

t=1
nt)×N . Our task is to select the important

features for classification from the multiple features when there
is no class label.

B. Group-Sparsity-Based Feature Selection

Here, the group-sparsity-based robust linear regression
model for feature selection is reviewed, and then, the model is
extended to the unsupervised case.

1) Review: Supervised Form of Group-Sparsity-Based Fea-
ture Selection: The group-sparsity-based feature selection
method [13], [14] has been proved to have excellent perfor-
mances. The model can be described as follows:

argmin
W,b

‖Y −WX− b1T ‖2,1 + λ‖W‖2,1 (1)

where X ∈ R
d×N is the data matrix of N samples with d di-

mensions, 1 is a vector of all ones, Y ∈ R
c×N is the class label

matrix that consists of 0 and 1, λ is a parameter that controls
the degree of sparsity, b ∈ R

c is a bias term, W ∈ R
c×d is

the regression coefficients, and its �2,1-norm is ‖W‖2,1 =∑d
j=1

√∑c
i=1W

2
ij=

∑d
j=1‖wj‖2. Here, ‖wj‖2=

√∑c
i=1W

2
ij

is the l2-norm of the jth column of W. The �2,1-norm, instead
of the F -norm, for the regression term can alleviate the negative
effect of outlier samples. Thus, the model is robust to outliers.
As each column of W corresponds to a feature and the ‖W‖2,1
term penalizes each column as a whole, W is a feature selection
matrix. The features that have larger ‖wj‖2 are selected. The
reason that the method can select the discriminative features
lies in the incorporation of the discriminative regression term.

2) Unsupervised Form of Group-Sparsity-Based Feature Se-
lection: When no label information is provided, we introduce
a strategy to extend the aforementioned method to the unsuper-
vised case. Inspired from [22], the multiclusters of the data can
be utilized to replace the class labels, i.e., the label vectors Y in
(1) can be replaced by the multicluster structure representation
Ỹ ∈ R

c×N that is obtained by spectral analysis [22]. Ỹ is the
transpose of the c eigenvectors of L that correspond to small
eigenvalues. It is obtained by solving

arg
Ỹ
minTr(ỸLỸT ), s.t.ỸỸT = Ic (2)

where Ic ∈ R
c×c is an identity matrix, and L = A− S is a

graph Laplacian matrix. Here, S ∈ R
N×N is the affinity matrix,

with the element Sij denoting the similarity between the ith

sample xi and the jth sample xj , i.e., Sij = exp(−‖xi−xj‖2
σ ),

σ is a kernel width parameter. A is a diagonal matrix, and its
ith diagonal element is Aii =

∑N
j=1 Sij .

Through spectral analysis and robust linear regression, the
multicluster structure information is well preserved in the
group-sparsity-based feature selection.

C. Unsupervised Spatial–Spectral Feature Selection

Here, we will extend the preceding unsupervised feature
selection method to multiple features of hyperspectral im-
ages. First, we explore the multicluster structure representa-
tion for multiple features of hyperspectral images. Then, such
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representation is utilized in the group-sparsity-based unsuper-
vised feature selection model.

1) Multicluster Structure Representation for Multiple Fea-
tures: In order to well utilize the complementary information
contained in the multiple features, Zhang et al. [11] combined
the multiple features together to extract the low-dimensional
multicluster structure information by solving the following
optimization problem:

arg min
Ỹ,αt

m∑
t=1

αr
tTr(ỸLtỸ

T ), s.t. ỸỸT =I, αt>0,

m∑
t=1

αt=1

(3)

where m is the number of different categories of features, and
αt is the weight parameter for the tth category of features.
The αr

t with r > 1, instead of αt, is employed in [11]. This
aims at avoiding the problem in optimization that the weights
are all given to the type of features corresponding to the
minimum Tr (ỸLtỸ

T ), which is against the goal of combining
the multiple types of features to improve the classification accu-
racies. Ỹ ∈ R

c×N is the low-dimensional multicluster structure
representation of the original multiple features; Lt is the graph
Laplacian matrix of the tth category of features, and it is defined
as follows:

Lt = At − St (4)

where St is the affinity matrix of the tth type of features Xt.
2) Unsupervised Spatial–Spectral Feature Selection: With

the obtained multicluster representation Ỹ of the multiple fea-
tures, we propose a new unsupervised spatial–spectral feature
selection model via group sparsity, i.e.,

L=arg min
{Wt}mt=1,b

∥∥∥∥∥Ỹ−
m∑
t=1

(WtXt+b1T
t )

∥∥∥∥∥
2,1

+λ
m∑
t=1

‖Wt‖2,1

(5)

where λ is a balance parameter, and b is a bias term. Denote
W = [W1,W2, . . . ,Wm] ∈ R

c×d with d =
∑m

t=1 nt, and de-
note the multiple features as X = [XT

1 ,X
T
2 , . . . ,X

T
m]T ∈

R
d×N , it follows

argmin
W,b

‖Ỹ −WX− b1T ‖2,1 + λ‖W‖2,1. (6)

By utilizing the trace norm, the preceding optimization problem
can be reformulated as follows:

L = argmin
W,b

Tr(UVUT ) + λTr(WDWT ) (7)

where U=Ỹ−WX−b1T . Both V∈R
N×N and D∈R

d×d

are diagonal matrices with the ith diagonal elements Vii = (1)/

(2‖(Ỹ −WX− b1T )i‖2) = (1)/(2‖Ui‖2) and Dii = (1)/
(2‖wi‖2), respectively.

Fixing V and D, taking the derivative of L with respect to
W, we obtain

∂L
∂W

= −2(Ỹ −WX− b1T )VXT + 2λWD. (8)

Let (∂L)/(∂W) = 0, it follows

W = (ỸVXT − b1TVXT )(XVXT + λD)−1. (9)

Let (∂L)/(∂b) = 0, we obtain

b = (Ỹ −WX)V1(1TV1)−1. (10)

With the obtained W and b, we can calculate new V and D.
By iteratively updating W,b and V, D, the optimization pro-
cess converges. The problem (5) is a convex optimization prob-
lem; thus, we can get the global optimum value. The scheme is
summarized in Algorithm 1. As this method is based on mul-
tiple feature combination and the �2,1-norm group sparsity, we
call this method MFC-L21.

III. EXPERIMENTS

In order to validate the effectiveness of the selected features
by the MFC-L21 method, we first compare it with other unsu-
pervised feature selection methods on the spectral signatures.
Then, multiple features are employed to evaluate the effective-
ness of the MFC-L21 method. We compare MFC-L21 with the
following methods: 1) Baseline, using all spectral bands or all
multiple features; 2) MaxVar [22], maximum variance feature
selection; 3) LaplacianScore1 [23], which selects the features
that are able to preserve the local manifold structure; and
4) MCFS[22], another sparsity-based feature selection.

The selected features by different methods on the reference
data are then fed into a support vector machine (SVM) classifier
with radial basis function (RBF) kernel to test their classifica-
tion abilities. The features with higher classification accuracies
are considered better, and their corresponding feature selection
method is also better. Experiments are conducted on two popu-
lar real hyperspectral data sets: the University of Pavia and the
Indian Pines. Twenty independent tests are conducted for each

1http://www.cad.zju.edu.cn/home/dengcai/Data/ReproduceExp.html
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Fig. 1. Classification accuracies. (a)–(d) Spectral bands of the University of Pavia data. (e)–(h) Multiple features of the University of Pavia data. (i)–(l) Multiple
features of the Indian Pines data. (d), (h), and (l) OA versus different lambdas and different numbers of features.

data set by randomly selecting the training data to avoid the
biased results.

A. Data Description and Parameter Setting

The University of Pavia image is obtained by the Reflective
Optics System Imaging Spectrometer (ROSIS) during a flight
campaign over University of Pavia, northern Italy. The image
size is 610 × 340 pixels, with the spectrum spanning from
0.43 to 0.86 μm. After discarding the noisy bands, only 103
spectral bands are left. Nine classes of interest are labeled:
asphalt, meadows, gravel, trees, metal-sheets, bare-soil, bitu-
men, bricks, and shadows. The number of training samples for
each class is 30, whereas the numbers of testing samples are
6631, 18 649, 2099, 3064, 1345, 5029, 1330, 3682, and 947,
respectively.

The Indian Pines data are captured by the Airborne Visible/
Infrared Imaging Spectrometer. It has 145 × 145 pixels with
a spatial resolution of 20 m/pixel. After discarding the water
absorption and too noisy bands, only 200 spectral bands are em-
ployed in the experiments. In this data set, 16 classes of interest
are labeled. Details can be found in [5]. The number of training
samples for each class is 50, except alfalfa, grass-pasture-
mowed, and oats. The three classes have very small labeled
samples, and only 15 samples for each class are selected as
training samples. The rest are testing samples.

B. Experiments on Spectral Bands

We first evaluate the MFC-L21 method on spectral bands of
the University of Pavia data. The classification results with dif-

ferent numbers of selected spectral bands by different methods
are shown in Fig. 1(a)–(c). From Fig. 1(a)–(c), the classifica-
tion accuracies, i.e., OA, AA, and kappa, by MFC-L21 are
higher than that of the other methods in most cases. When the
number of selected features is less than 40, the performance
of MFC-L21 is consistently better than the other three feature
selection methods. When the number of selected features is
small, the classification accuracies of MFC-L21 are signifi-
cantly better, i.e., more than five points higher than that of the
other three feature selection methods. This demonstrates the
effectiveness of the MFC-L21 method on hyperspectral data.
Another interesting phenomenon is that, when the number of
selected spectral bands is between 20 and 40, the selected
features by MFC-L21 perform better than all the spectral bands.
This may be because of the fewer features, which alleviates
the Hughes phenomenon. Another possible reason is that the
features are redundant and noisy, which have negative effect for
object identification. In another sense, this also demonstrates
the effectiveness of the proposed MFC-L21 feature selection
method in excluding the noisy and redundant features of hyper-
spectral data.

C. Experiments on Multiple Features

The experimental settings for extracting multiple features are
as follows. For the EMAP features, four kinds of attributes are
employed, and each attribute is with four scales. The concrete
parameter settings of the attribute filters for the EMAP are the
same as that in [18]. The first three PCs are employed for the
University of Pavia data, whereas for the Indian Pines data,
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five PCs are used due to more spectral bands. For the Gabor
features, the 2-D Gabor features with five scales and eight
directions on the first PC are extracted in this letter.

The multiple features are extracted separately, and the di-
mensions of the multiple features on the University of Pavia
are as follows: the spectral feature vector vspectral ∈ R

103, the
EMAP feature vector vEMAP ∈ R

108, and the Gabor feature
vector vGabor ∈ R

40. The average accuracies (OA, AA, and
kappa) for the 20 tests on the multiple features of University of
Pavia are depicted in Fig. 1(e)–(g). In Fig. 1(e)–(g), the features
selected by MFC-L21 perform best for most cases. The MCFS
method follows. The MaxVar method and the LaplacianScore
method do not perform very well when the number of selected
features is less than 30. The reason behind this phenomenon
may lie in the fact that these two methods are greedy methods
and they do not consider the combination effect of different
features.

As for the Indian Pines data, the dimensions of the multiple
features are as follows: the spectral feature vector vspectral ∈
R

200, the EMAP feature vector vEMAP ∈ R
180, and the Gabor

feature vector vGabor ∈ R
40. The average classification ac-

curacies for the 20 tests on Indian Pines data are shown in
Fig. 1(i)–(k). We can observe that the MFC-L21 feature se-
lection method performs best for most numbers of selected
features. This also illustrates the effectiveness of the MFC-L21
feature selection method on hyperspectral data.

D. Parameter Settings

There are four parameters that are needed to be set in
combination of multiple features, i.e., the r in (3), the number of
neighbors k in constructing the affinity matrices St, the dimen-
sion c of the multicluster structure information, and the kernel
width σ in constructing the graph. According to [11], the first
three parameters are set to r = 10, k = 30, and c = 30. σ is set
to the variance of the distances of all data pairs. There is also a
parameter in the feature selection step, i.e., the parameter λ in
(5). It is set to λ = 0.1 for the experiment on the spectral bands
of the University of Pavia data. For the multiple-feature case,
both the University of Pavia data and the Indian Pines data, λ is
set to λ = 1. The overall classification accuracies with different
values of λ are shown in Fig. 1(d), (h), and (l).

There are two parameters in the SVM classifier with RBF
kernel, i.e., the regularization parameter C and the kernel width
γ. C and γ are selected from {22, 23, . . . , 210} and {2−10,
2−9, . . . , 2−2}, respectively, by fivefold cross-validation.

IV. CONCLUSION

Inspired from the scheme of combining multiple features
for hyperspectral image classification and the group-sparsity-
based feature selection in machine learning, we have presented
a new unsupervised spatial–spectral feature selection method
for hyperspectral image classification. Specifically, the features
that better preserve the multicluster structure of the combined
multiple features are selected via group sparsity. The selected
features are tested by the SVM classifier. Experimental results

on two real hyperspectral data sets demonstrate the effective-
ness of the proposed method.

REFERENCES

[1] M. Eismann, A. Stocker, and N. Nasrabadi, “Automated hyperspectral
cueing for civilian search and rescue,” Proc. IEEE, vol. 97, no. 6,
pp. 1031–1055, Jun. 2009.

[2] M. T. Eismann, J. Meola, and R. C. Hardie, “Hyperspectral change de-
tection in the presence of diurnal and seasonal variations,” IEEE Trans.
Geosci. Remote Sens., vol. 46, no. 1, pp. 237–249, Jan. 2008.

[3] M. Fauvel, Y. Tarabalka, J. A. Benediktsson, J. Chanussot, and
J. C. Tilton, “Advances in spectral–spatial classification of hyperspectral
images,” Proc. IEEE, vol. 101, no. 3, pp. 652–675, Mar. 2013.

[4] G. Camps-Valls, D. Tuia, L. Bruzzone, and J. A. Benediktsson, “Advances
in hyperspectral image classification: Earth monitoring with statistical
learning methods,” IEEE Signal Process. Mag., vol. 31, no. 1, pp. 45–54,
Jan. 2014.

[5] X. Jia, B. Kuo, and M. M. Crawford, “Feature mining for hyperspec-
tral image classification,” Proc. IEEE, vol. 101, no. 3, pp. 676–697,
Mar. 2013.

[6] G. Camps-Valls, J. Mooij, and B. Schlkopf, “Remote sensing feature
selection by kernel dependence measures,” IEEE Geosci. Remote Sens.
Lett., vol. 7, no. 3, pp. 587–591, Jul. 2010.

[7] H. Yang, Q. Du, H. Su, and Y. Sheng, “An efficient method for supervised
hyperspectral band selection,” IEEE Geosci Remote Sens. Lett., vol. 8,
no. 1, pp. 138–142, Jan. 2011.

[8] C. I. Chang and S. Wang, “Constrained band selection for hyper-
spectral imagery,” IEEE Trans. Geosci. Remote Sens., vol. 44, no. 6,
pp. 1575–1585, Jun. 2006.

[9] Q. Du and H. Yang, “Similarity-based unsupervised band selection for
hyperspectral image analysis,” IEEE Geosci. Remote Sens. Lett., vol. 5,
no. 4, pp. 564–568, Oct. 2008.

[10] A. M. Usó, F. Pla, J. Sotoca, and P. García-Sevilla, “Clustering-based
hyperspectral band selection using information measures,” IEEE Trans.
Geosci. Remote Sens., vol. 45, no. 12, pp. 4158–4171, Dec. 2007.

[11] L. Zhang, L. Zhang, D. Tao, and X. Huang, “On combining
multiple features for hyperspectral remote sensing image classifica-
tion,” IEEE Trans. Geosci. Remote Sens., vol. 50, no. 3, pp. 879–893,
Mar. 2012.

[12] Q. Zhang, Y. Tian, Y. Yang, and C. Pan, “Automatic spatial–spectral
feature selection for hyperspectral image via discriminative sparse mul-
timodal learning,” IEEE Trans Geosci Remote Sens., vol. 53, no. 1,
pp. 261–279, Jan. 2015.

[13] F. Nie, H. Huang, X. Cai, and C. Ding, “Efficient and robust feature
selection via joint �2,1-norms minimization,” in Proc. NIPS, 2010,
pp. 1813–1821.

[14] S. Xiang, F. Nie, G. Meng, C. Pan, and C. Zhang, “Discriminative least
squares regression for multiclass classification and feature selection,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 23, no. 11, pp. 1738–1754,
Nov. 2012.

[15] Z. Zhao, L. Wang, and H. Liu, “Efficient spectral feature selection with
minimum redundancy,” in Proc. AAAI, Atlanta, GA, USA, Jul. 11–15,
2010, pp. 673–678.

[16] C. Hou, F. Nie, X. Li, D. Yi, and Y. Wu, “Joint embedding learning and
sparse regression: A framework for unsupervised feature selection,” IEEE
Trans. Cybern., vol. 44, no. 6, pp. 793–804, Jun. 2014.

[17] U. von Luxburg, “A tutorial on spectral clustering,” Statist. Comput.,
vol. 17, no. 4, pp. 395–416, Dec. 2007.

[18] M. D. Mura, J. A. Benediktsson, B. Waske, and L. Bruzzone, “Extended
profiles with morphological attribute filters for the analysis of hyper-
spectral data,” Int. J. Remote Sens., vol. 31, no. 22, pp. 5975–5991,
Dec. 2010.

[19] M. D. Mura, J. A. Benediktsson, B. Waske, and L. Bruzzon, “Morpho-
logical attribute profiles for the analysis of very high resolution images,”
IEEE Trans Geosci. Remote Sens., vol. 48, no. 10, pp. 3747–3762,
Oct. 2010.

[20] D. Tao, X. Li, X. Wu, and S. J. Maybank, “General tensor discriminant
analysis and Gabor features for gait recognition,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 29, no. 10, pp. 1700–1715, Oct. 2007.

[21] P. Soille, Morphological Image Analysis. Berlin, Germany: Springer-
Verlag, 2004.

[22] D. Cai, C. Zhang, and X. He, “Unsupervised feature selection for multi-
cluster data,” in Proc. KDD, Washington, DC, USA, 2010, pp. 333–342.

[23] X. He, D. Cai, and P. Niyogi, “Laplacian score for feature selection,” in
Proc. NIPS, 2005, pp. 507–514.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


