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Abstract. In the existing feature selection methods, the ways of construct the
similarity matrix is: the first way to construct is give fixed value to two data,
and the second is to calculate the distance between the two data and use it as
the similarity. However, the above-mentioned method of constructing a similarity
matrix is usually unreliable because the original data is often affected by noise. In
the article, an adaptive feature selection method based on low-rank representation
was proposed. In the method, we would dynamically construct a similarity matrix
with local adaptive capabilities based on the feature projection matrix learned
by the method. This construction way can reduce the influence of noise on the
similarity matrix. To verify the validity of the method, we test our method on
different public data sets.
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1 Introduction

With the advent of the information age, how to accurately classify a large amount of high-
dimensional information has become an urgent problem for today’s research. Feature
selection is to extract features that have a greater impact on data classification from
high-dimensional data. The more representative supervised feature selection methods
are Relief-F [1] method proposed by K. Kira and L. A. Rendell. I. Kononenko extended
the Relief-F method two years later [2]. In 2010, F. Nie et al. proposed the adaptive
feature selection method [3]. In the same year, O. D. Richard et al. proposed a method
for scoring feature relevance [4]. In 2012, S. Xiang et al. proposed the discriminative
least squares regression method [5], which increased the discriminativeness of features
by increasing the distance between different classes. In recent years, the representative
semi-supervised feature selection methods include the method via spline regression
method [6] proposed by Y. Han et al. and the method via rescaled linear regression
method proposed by X. Chen et al. [7]. In the unsupervised feature selection method,
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because there is no label information available, the feature correlation is obtained by
calculating the feature similarity. The more representative methods are Laplacian Score
[8], RSFS [9] and SOGFS [10].

Among the proposed feature selection methods, the construction of similarity matrix
ismostly constructed once and then the similaritymatrix is unchanged. This construction
method is easy to ignore the class structure, which leads to inaccurate results. Most
unsupervised feature selection methods construct the similarity matrix by calculating
the similarity of the original data, but because the original data is usually susceptible to
noise, the way would learn the wrong feature structure.

Because the existing feature selectionmethods have the aboveproblems,weproposed
a feature selection method based on low-rank representation. Our method used iterative
learning to obtain the similarity matrix and feature projection matrix.When constructing
the similarity matrix, the low-rank representation is used as a constraint to measure the
similarity of features. Using this constraint condition can solve the influence of noise
on the learning feature projection matrix, so that it performs better in classification and
recognition tasks. To verify the validity of the method, we test our method on several
public data sets, and the experimental results are good. The main results of our paper
are as follows:

1. We proposed a feature selection method based on low-rank representation. The
method used low-rank representation constraints as a similarity measure. Using
this similarity measure can make our feature selection method more dynamic and
adaptability.

2. In our objective function, we also impose non-negative constraints on the low-rank
representation coefficient, to the coefficient could dynamically and adaptively.

3. In terms of solving the objective function, we use a Lagrangian multiplier algorithm
to solve the proposed method.

4. We have verified the validity of the method of our method on multiple public data
sets.

The structure of the article is as follows: The second part is a review of current feature
selection methods. The third part proposes our objective function and solution strategy.
The fourth part describes our experimental results and analyzes the experimental results.
The fifth part is a summary of this article.

2 Related Work

2.1 Low Rank Representation

Because low-rank representation can eliminate the influence of noise on sample data,
low-rank representation has been applied in many fields since it was proposed, such as
subspace learning, image processing and so on. The low-rank representation model is
as follows:

‖Z‖∗ + λ‖E‖2,1
s.t. X = XZ + E

(1)
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In the LRR, ‖•‖∗ is the nuclear norm and ‖•‖2.1 is the l21 norm. We assume
X = [X1,X2, . . . ,Xk ] is a matrix composed of raw data from k categories, Z is a
self-representation matrix, E is a noise matrix, and λ is a balance parameter. LRR not
only learn the subspace of the data in noisy environment, but also discover the potential
structure.

2.2 Linear Discriminant Analysis

The Linear Discriminant Analysis (LDA) method is widely used because it can find a
more discriminative feature subspace, which has the more discriminative subspace. In
this method, we let X ∈ Rd×n is a data set composed of n objects. The data set contains
a total of c categories. The method can be expressed as:

max
WTW=1

Tr(WTSwW )−1(WTSbW ) (2)

Among them, Sw is the inter-class scatter matrix, and Sb is the intra-class scatter
matrix.

Sw =
c∑

i=1

∑

xi∈yl
(xi − µl)(xi − µl)

T (3)

Sb =
c∑

i=1

(µl − µ)(µl − µ)T (4)

In the Sw and Sb,µ is the global eigenvector, andµl is the lth eigenvector. In the method,
Tr(•) represents the trace and W is the projection matrix. The LDA method can find a
more discriminative feature subspace.

3 Our Proposed Method

In this part, we will propose an adaptive feature selection method based on low-rank
representation and analyze the proposed method from the details. In order to solve our
proposed method, we will adopt a numerical strategy.

3.1 The Composition of Our Approach

As previously introduced, in the traditional methods based on the LDA framework, most
methods use label information to obtain the feature subspace with the more discrimi-
native subspace. These method of constructing feature subspace can be understood as
giving different sample data the same similar weight value. It is unrealistic to adopt this
construction method because of the influence of some practical factors, because in real
life, even data from the same category may be different due to the influence of some
factors. For example, in real life, human face images may be affected by different angles
and different lighting.
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Therefore we proposed an adaptive feature selection method based on low-rank
representation. In the method, we used the self-representation coefficient calculated
based on the original data as the weight coefficient to measure the similarity of the
samples. The objective function is:

min
W ,Z,E

‖Z‖∗ + λ‖E‖2,1 + 1
2

∑
ij
Zij

∥∥WT (Xi − Xj)
∥∥
2 + λ‖W‖2,1

s.t. X = XZ + E,Zij > 0,WTW = IW
(5)

In the Eq. (5), X ∈ Rd×n is a data set composed of n objects from c categories,
W ∈ d × m is a projection matrix, Z is a self-representation matrix, and E is a noise
matrix. In our objective function, the influence of noise on the data can be eliminated.∥∥WT (Xi − Xj)

∥∥
2 represents the distance between the samples after projected into the

feature subspace.As shown in the objective function,we useZij to constrain the structural
similarity of samples Xi and Xj. At the same time, we impose non-negative constraints
on Z to ensure the non-negativity of feature projection distance. If the similarity between
the two samples Zij is smaller, and vice versa Zij is larger. In addition, so as to reduce
the influence of redundant data on feature projection, we impose orthogonal constraints
WTW = IW on the projection matrix, IW is the unit matrix of W × W .

3.2 Optimization

In this part, we adopt a numerical strategy to solve the objective function we proposed.
Because the objective function minimization problem of all variables is a non-concave
problem, we use the inexact ALM algorithm to get an approximate solution. Moreover,
so as to better solve the minimization problem, we have introduced auxiliary variables
G and J .

min
W ,Z,E.J ,G

‖J‖∗ + λ‖E‖2,1 + 1
2

∑
ij Gij

∥∥WT (Xi − Xj)
∥∥
2 + λ‖W‖2,1

s.t. X = XZ + E,Gij > 0,WTW = IW ,Z = J ,Z = G
(6)

The augmented Lagrangian form of Eq. (6) is as follows:

L(Z,W ,M , J ,G) = ‖J‖∗ + λ1‖E‖2,1 + 1
2

∑
ij Gij

∥∥WT (Xi − Xj)
∥∥
2

+ λ2‖W‖2,1 + Tr(Y1(X − XZ − E)) + Tr(Y2(Z − G))

+Tr(Y3(WTW − IW )) + Tr(Y4(Z − J ))+
μ
2 (‖X − XZ − E‖2F + ‖Z − G‖2F + ‖Z − J‖2F )

s.t. Gij > 0

(7)

Among them, Y1, Y2, Y3 are Lagrange multipliers.
In the ALM method, the minimization problem can be solved iteratively by fixing

variables that have nothing to dowith the solving variables. In order to solve our objective
function, we first fixed G, so Eq. (6) can be transformed into:

min
G

∥∥∥∥Z
k+1 − G + Yk

2
µ

∥∥∥∥
2

F
+ ∑

ij
Gij

∥∥WT(xi − xj)
∥∥2
2

s.t. Gij ≥ 0

(8)
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In order to look more clear, Eq. (8) can be rewritten as:

min
G

∥∥∥∥Z
k + 1 − G + Yk

2
µ

∥∥∥∥
2

F
+ ∑

ij
(Rk ⊗ Gij)

s.t. Gij ≥ 0

(9)

Because each variable in formula (9) is non-negative and can be calculated inde-
pendently, the minimization problem of formula (9) is a weighted norm minimization
problem. This kind of problem can be mentioned in the literature [11] to solve.

In order to solve J , we eliminate variables unrelated to J , we can get

min
J

1

μ
‖J‖∗ + 1

2

∥∥∥J − (Zk + Y k
4 /μ)

∥∥∥
2

F
(10)

Equation (10) is a rank minimization problem, which could be obtained through the
singular value method in [8].

In order to solve W, we delete variables irrelevant to W, then we can get:

min
W

1

2

∑

ij

Gij

∥∥∥WT(xi − xj)
∥∥∥
2

2
+ λ‖W‖2,1 + Tr(Y3(W

TW − I)) (11)

Because ‖W‖2,1 in Eq. (11) is equivalent to
∑ d

l=1

√
Wl(Wl)T, Eq. (11) can be

rewritten as:

min
W

1

2

∑

ij

Gij

∥∥∥WT(xi − xj)
∥∥∥
2

2
+ λ

∑
d
l=1

√
Wl(Wl)T + Tr(Y3(W

TW − I)) (12)

Calculating the partial derivative of W in Eq. (11), we get

∂L(W)

∂W
=

n∑

i,j=1

sij
∂
∥∥WT(xi − xj)

∥∥2
2

∂W
+ 2λQW + WY3 (13)

Among them, each element in the similarity matrix is:

sij = 1

Gij
∥∥WT(xi − xj)

∥∥2
2

(14)

In Eq. (13), Q is a diagonal matrix:

qll = 1

Wl(Wl)T
(15)

When we solve W, Eq. (13) can be transformed into:

min
WTW

= I
[
Tr(WTXLSX

TW) + λTr(WTQW)
]

(16)

Therefore, solving W can be obtained by solving the m smallest eigenvectors of
XLSXT + λQ.
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Because, G and J are auxiliary variables, and there are constraints Z = J ,Z = G
on it, because after solving G and J , the objective function of Z about can be obtained
by fixing the remaining variables:

min
Z

Tr(Y1(X − XZ − E)) + Tr(Y2(Z − G)) + Tr(Y4(Z − J ))+
μ

2
(‖X − XZ − E‖2F + ‖Z − G‖2F + ‖Z − J‖2F )

(17)

Equation (17) is a second-order convex minimization problem. We only need to set
the derivative of to zero to solve it.

Finally, we omit the irrelevant variables to E obtain the objective function of the
noise matrix:

min
E

λ1

μ
‖E‖2,1 + 1

2
‖E − (X − XZ + Y1/μ)‖2F (18)

By setting � = X − XZ + Y1/μ, the minimization problem of the above formula
could be solved through the method mentioned in [9].

Algorithm:  feature subspace learning scheme

Input: training set X , 0Z J G   , E 1 2 3 4 0Y Y Y Y    , 

0.6,  10
max 10  , 1.1 

Output: W , 

While not convergence do

1. Update 1kG  using (9)

2. Update 1kJ  using (10)

3. Update 1kW  using (16)

4. Update 1kZ  using (17)

5. Update 1kE  using (18)

6 Update the 1
1
kY  , 1 1 1

2 3 4, ,k k kY Y Y   and ; 

end while



Adaptive Feature Selection Based on Low-Rank Representation 351

4 Experimental Results and Analysis

To prove the effectiveness of the method, we compared the proposed method with
the existing concentrated feature subspace learning methods. The comparison methods
include PCA, LDA, NPE, and LSDA.

In order to verify the effectiveness of the method, this paper uses three data sets to
evaluate the adaptive feature selection model based on low-rank representation. The data
sets are described as follows:

AR. AR dataset contains 3000 images of 120 targets, and each target has 26 images
from different angles and illuminations. A sample picture of the data set is shown in
Fig. 1(a). In the experiment, we chose 13 photos for each subject as the training set.

COIL20. The COIL20 data set contains a total of 20 objects. The camera takes pictures
of each object every 5°. The data set contains a total of 1440 photos. A sample picture
of the data set is shown in Fig. 1(b). When selecting training samples, the quantity of
training samples for every object is 10.

USPS. The USPS dataset contains 9289 images in 10 categories. The sample image of
the data set is shown in Fig. 1(c). In order to save data storage space and calculation
time, the images in the data set are cropped to 16 × 16 pixels.

Fig. 1. (a) is sample images of AR, (b) is sample images of COIL20, (c) is sample images of
USPS.

Next, we compared the ACC of the proposed method with the comparison method
on the k-nearest neighbor (KNN) classifier. In our lab, the K value is set to 1. Our
comparison experiment was carried out for each comparison method five times and then
the standard deviation of five times was calculated. The experimental results are shown
in Table 1.

According to the results, we can know that compared with the comparison, the
proposed method performs better under the same conditions. Our method can find the
structure of the data so as to perform label prediction on unknown label data.
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Table 1. The experimental results

Methods COIL20 AR USPS

PCA 85.41 ± 0.32 79.12 ± 0.97 78.35 ± 1.78

LDA 84.28 ± 0.74 83.28 ± 1.46 72.53 ± 0.74

NPE 85.54 ± 1.72 81.83 ± 1.69 62.32 ± 2.21

LSDA 83.32 ± 1.63 74.27 ± 0.52 56.18 ± 2.17

Ours 92.43 ± 1.2 85.49 ± 2.21 85.32 ± 0.38

5 Conclusion

This paper proposed an adaptive feature selection method based on low-rank represen-
tation for classification. In this method, we used low-rank representation as a measure
of sample similarity, and used low-rank representation as a constraint to increase the
adaptability of projection space. To solve the function, we used the ALM method to
solve each variable in the function. In order to verify the effectiveness of the method, we
compared the performance of our proposed method with comparison on different data
sets. The results show that our method performs better.
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