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A limited number of available training samples have become one bottleneck of face recognition. In realworld applications, the face image might have various changes owing to varying illumination, facial
expression and poses. However, non-sufﬁcient training samples cannot comprehensively convey these
possible changes, so it is hard to improve the accuracy of face recognition. In this paper, we propose to
exploit the symmetry of the face to generate new samples and devise a representation based method to
perform face recognition. The new training samples really reﬂect some possible appearance of the face.
The devised representation based method simultaneously uses the original and new training samples to
perform a two-step classiﬁcation, which ultimately uses a small number of classes that are ‘near’ to the
test sample to represent and classify it and has a similar advantage as the sparse representation
method. This method also takes advantages of the score level fusion, which has proven to be very
competent and usually performs better than the decision level and feature level fusion. The
experimental results show that the proposed method outperforms state-of-the-art face recognition
methods including the sparse representation classiﬁcation (SRC), linear regression classiﬁcation (LRC),
collaborative representation (CR) and two-phase test sample sparse representation (TPTSSR).
& 2012 Elsevier Ltd. All rights reserved.
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1. Introduction
As one of the most active branches of biometrics, face
recognition is attracting more and more attention [1–5]. In the
past, various face recognition algorithms have been devised [6–9].
However, up to now, face recognition is still faced with a number
of challenges such as varying illumination, facial expression and
poses [10–16]. It seems that more training samples are able to
reveal more possible variation of the illumination, facial expression and poses and are consequently beneﬁcial for correct
classiﬁcation of the face. However, in real-world applications,
there are usually only a limited number of available training
samples. This is mainly because a face recognition system usually
has limited storage space and captures training samples in a short
time. In some special cases such as the personal identity card
based face recognition, there is even only one training sample per

n
Corresponding author at: Bio-computing Research Center, Shenzhen Graduate
School, HIT Campus of Shenzhen University Town, Shenzhen 518005, China.
Tel.: þ86 755 26032458; fax: þ 86 755 26032461.
E-mail address: laterfall2@yahoo.com.cn (Y. Xu).

0031-3203/$ - see front matter & 2012 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.patcog.2012.11.003

subject. Non-sufﬁcient training samples indeed have become one
bottleneck of face recognition [17–20].
In order to obtain better face recognition result, the literatures
have proposed to synthesize new samples from the true face
images. For example, Tang et al. [21] used prototype faces and an
optic ﬂow and expression ratio image based method to generate
‘virtual’ facial expression. Thian et al. [22] used simple geometric
transformations to generate virtual samples. Ryu et al. [23]
exploited the distribution of the given training set to generate
virtual training samples. Beymer et al. [24] and Vetter et al. [25]
synthesized new face samples with virtual views. Jung et al. [26]
exploited the noise to synthesize new face samples. Sharma et al.
[27] synthesized multiple virtual views of a person under different poses and illumination from a single face image and exploited
extended training samples to classify the face. In order to overcome the small sample size problem of face recognition, Liu et al.
[28] represented each single image as a subspace spanned by its
synthesized (shifted) samples. From the viewpoint of applications, the ways to generate virtual face images can be categorized
into two kinds, i.e. the way to generate two-dimensional virtual
face images and the way to construct three-dimensional virtual
face images [29].
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The one training sample issue has also emerged as an active
research sub-area of face recognition in recent years, and many ad
hoc techniques have been proposed for this problem [30]. For
example, previous literatures have used probabilistic matching
[31–33] and neural network methods [34–36] for the one training
sample issue. Qiao et al. [37] and Liu et al. [28] proposed sparsity
preserving discriminant analysis and the single image subspace
method for the one training sample issue respectively. Moreover,
synthesizing virtual samples has also been used as a means to
cope with the one training sample issue [23,24,38,39].
We note that the face has a symmetrical structure. Not only
the facial structure but also the facial expression is symmetry
[39]. The symmetry property has been successfully applied to face
detection [40–42]. In face detection, the symmetry property of
the human face is very useful to quickly locate the candidate
faces [41].
In this paper, we propose to exploit the symmetry of the face
to generate new training samples and devise a representation
based method to perform face recognition. The new training
samples indeed reﬂect some possible appearance of the face.
The devised representation based method simultaneously uses
the original and new training samples to perform a two-step
classiﬁcation. This method also takes advantages of the score level
fusion, which has proven to be very competent and is usually
better than the decision level and feature level fusion.
The two-step face recognition (TSFR) algorithm proposed in
this paper is indeed a representation based classiﬁcation (RBC)
algorithm. A number of works have shown that the RBC algorithm
can obtain a very high accuracy for image classiﬁcation such as
face recognition [43–49]. However, the conventional RBC algorithm such as the one proposed in [43,44] has a relatively high
computational cost. Our TSFR algorithm is mathematically tractable and computationally efﬁcient. The ﬁrst step of our algorithm
aims at identifying and discarding the classes whose training
samples are ‘far’ from the test sample and the second step then
exploits the training samples of the remaining classes to determine the class label of the test sample. The experimental results
show that the proposed method can classify the face with a high
accuracy and outperforms the state-of-the-art face recognition
methods.

2. The proposed method
In this section we present the main steps of the proposed
method in detail. Suppose that there are c classes and each class
has n training samples. Let x1,y,xN represent all the N training
samples (N ¼nc).
2.1. Main steps of the proposed method
The proposed method includes the following main steps. The
ﬁrst step generates ‘symmetrical face’ training samples. The
second and third steps use the original and ‘symmetrical face’
training samples to perform two-step face recognition, respectively. The algorithm of two-step face recognition will be
described in Section 2.2. The fourth step combines the scores
obtained using the second and third steps to conduct weighted
score level fusion, getting the ultimate classiﬁcation result. We
present these steps as follows:
Step 1. Use every original training sample to generate two
‘symmetrical face’ training samples. Let xiARp  q be the i-th
training sample in the form of image matrix. Let y1i and y2i
respectively stand for the ﬁrst and second ‘symmetrical face’
training samples generated from xi. The left half columns of y1i

is set to the same as that of xi and the right half columns of y1i
is the mirror image of the left half columns of y1i . However, the
right half columns of y2i is set to the same as that of xi and the
left half columns of y2i is the mirror image of the right half
columns of y2i . The mirror image S of an arbitrary image R is
deﬁned as S(i,j)¼R(i,V j þ1),i¼1,y,U,j¼ 1,...,V. U and V
stand for the numbers of the rows and columns of R,
respectively. S(i,j) denotes the pixel located in the ith row
and jth column of S.
Step 2. Use the original training samples to perform two-step
face recognition. Let s1j denote the score of test sample z
with respect to the j-th class. For the algorithm, please see
Section 2.2.
Step 3. Use the ‘symmetrical face’ training samples to perform
two-step face recognition. Let s2j denote the score of test
sample z with respect to the j-th class. This step shares the
same algorithm as Step 2.
Step 4. Combine the scores obtained using the second and
third steps to conduct weighted score level fusion. For test
samplez, we use sj ¼ w1 s1j þ w2 s2j to calculate the ultimate score
with respect to the j-th class. w1 and w2 are the weights. Let
w1 þw2 ¼1 and w2 be smaller than w1.

2.2. The algorithm of two-step face recognition
In this subsection we present the algorithm of two-step face
recognition in detail. This algorithm ﬁrst coarsely determines a
small number of candidate classes of the test sample and then
ﬁnely identiﬁes the class that the test sample is the most
similar to.
Before this algorithm is employed, all the samples should be
converted into one-dimensional column vectors. We use x~ i ,y~ 1i , y~ 2i ,
z~ to denote the one-dimensional column vectors of xi,y1i ,y2i , z
respectively.
For simplicity of presentation, we describe only the algorithm
on the original training samples. The algorithm on the ‘symmetrical face’ training samples is the same except that the original
training samples are replaced with the ‘symmetrical face’ training
samples. The algorithm ﬁrst assumes that the following equation
is approximately satisﬁed:
z~ ¼ a1 x~ 1 þ. . . þ aN x~ N ,

ð1Þ

ai is referred to as the coefﬁcient. Let X ¼ ½x~ 1 . . .x~ N  and
A ¼ ½a1 . . .aN  T . We rewrite Eq. (1) as
z~ ¼ XA,



T

1

ð2Þ
T~

T

A is calculated using A ¼ X X þ mI
X z . A ¼ ½a1 ,. . .,aN  . m is a
small positive constant and I is the identity matrix.
Eq.(1) implies that the effect on representing the test sample of
the k-th class can be evaluated using
Xkn
dk ¼ 99z~ 
a x~ 99:
ð3Þ
i ¼ ðk1Þn þ 1 i i
It is clear that x~ ðk1Þn þ 1 ,. . ., x~ kn are training samples of thek-th
class and aðk1Þn þ 1 ,. . .,akn are the corresponding coefﬁcients. We
would like to point out that the effect on representing the test
sample of the k-th class is somewhat similar to the distance
between the test sample and the k-th class. As a result, the effect
on representing the test sample of the k-th class can be also
evaluated by others means such as the sum of the Euclidean
distances between the test sample and each training sample from
the k-th class.
If dr1 r dr2 :::: rdrc , then we say that the r1-th, r2-th,..,rt-th
classes are the ﬁrst t candidate classes of the test sample.
In other words, we can consider that the ultimate class label of
the test sample should be one element of D ¼ cr1 ,cr2 ,. . .,crt .
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cr1 ,cr2 ,. . .,crt are the class labels of the ﬁrst t candidate classes,
respectively. As the above steps roughly determine that the test
sample is from a small number of classes, we refer to them as
coarse classiﬁcation.
The algorithm then uses a linear combination of the training
samples of the ﬁrst t candidate classes to represent the test
sample. In other words, if the training samples of the ﬁrst t
candidate classes are denoted by x~ 1’ ,. . ., x~ tn
’ , respectively, then the
algorithm assumes that the following equation is approximately
satisﬁed:
z~ ¼ f 1 x~ 01 þ. . . þ f tn x~ 0in ,

ð4Þ

where fi is the coefﬁcient. We rewrite Eq.(4) as
z~ ¼ X 0 F,

ð5Þ
T

0

’ . F is calculated using
where F ¼ ½f 1 . . .f tn  , X ¼ ½x~ 1’ ,. . ., x~ tn

1
F ¼ X 0T X 0 þ gI
X 0T z~

ð6Þ

T

F ¼ ½f 1 . . .f tn  . g is a small positive constant and I also denotes the
identity matrix.
Suppose that x~ g’ ,. . ., x~ h’ stand for all the training samples of the


r-th class r A cr1 ,cr2 ,. . .,crt and the coefﬁcients are f g ,. . .,f h ,
respectively. The ultimate effect on representing the test sample
of the r-th class can be evaluated using
Xh
ur ¼ 99z~ 
f x~ ’99:
ð7Þ
i¼g i i
If k ¼ argmin ur , then test sample z~ is ultimately assigned to the
r
k-th class, which is also referred to as the result of ﬁne classiﬁcation. The code of the proposed method can be downloaded at
(http://www.yongxu.org/lunwen.html).

3. Analysis of the proposed method
In this section we show the rationales of the proposed method.
First, the ‘symmetrical face’ training samples in the proposed
method indeed reﬂect some possible appearance of the face,
which are not shown by the original training samples. Fig. 1
shows some original training samples from the ORL face database
and the ‘symmetrical face’ training samples generated from the
original training samples. Fig. 2 shows some original training
samples from the FERET face database and the corresponding
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‘symmetrical face’ training samples. Fig. 3 shows some original
training samples from the AR face database and the corresponding ‘symmetrical face’ training samples. We see that the ‘symmetrical face’ training samples not only seem to be different from the
original training samples, but also indeed somewhat reﬂect the
possible variation of the face in image scale, pose and illumination. Thus, ‘symmetrical face’ training samples are very useful to
overcome the issue of non-sufﬁcient training samples. In the real
world, the image scale is variable owing to the various distances
between the person and camera. Fig. 4 shows a test sample (4(a))
that is erroneously and correctly classiﬁed by the collaborative
representation (CR) method proposed in [47] and our method,
respectively. As the collaborative representation method exploits
only the original training samples and our method uses both the
original training samples and ‘symmetrical face’ training samples,
the ‘symmetrical face’ training sample is really beneﬁcial for
correct classiﬁcation of the test sample. During the register phase
in real-world applications, after the face image is obtained by the
face detection procedure, the ‘symmetrical face’ training samples
can be easily and efﬁciently generated. Since the ‘symmetrical
face’ training samples are complementary for the original training samples, the system can capture only a few original training samples and can still obtain enough information of the
face. To capture only a few original training samples will also
allow the system to take only a short time to complete the
register phase.
The second rationale of the proposed method is that it respectively uses the ‘symmetrical face’ training samples and the original
training samples to obtain the scores of the test sample with respect
to different classes and properly exploits a weighted fusion scheme
to combine them for ultimate face recognition. As the ‘symmetrical
face’ training samples contain less information than the original
training samples, it is very reasonable for the proposed method to
assign a smaller weight to the ‘symmetrical face’ training samples.
The third rationale of the proposed method is that it uses the
two-step face recognition, which is able to reduce the side-effect
on classiﬁcation, of the test sample, of the classes that are very
dissimilar to the test sample. Actually, the literature has shown
that the test sample is usually not from these classes [45]. As a
result, by eliminating these classes the ﬁne recognition can
increase the probability of the test sample being correctly
classiﬁed and can achieve a higher accuracy. The signiﬁcance of
every step of the proposed method can be brieﬂy described below.

Fig. 1. Some original training samples from the ORL face database and the corresponding ‘symmetrical face’ training samples. The ﬁrst row shows the original training
samples. The second and third rows respectively show the ﬁrst and second ‘symmetrical face’ training samples generated from the original training sample.
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Fig. 2. Some original training samples from the FERET face database and the corresponding ‘symmetrical face’ training samples. The ﬁrst row shows the original training
samples. The second and third rows respectively show the ﬁrst and second ‘symmetrical face’ training samples generated from the original training sample.

In order to assess the capability, to represent the test sample,
of our method, we deﬁne representation error as follows. Let z be
the test sample. For a RBC method, let P and s be the matrix
consisting of all the available training samples and the solution
vector of the corresponding RBC, respectively. dz ¼99z  Ps99 is
referred to as the representation error of z. Ps is referred to as
representation result ofz. It is clear that the smaller the dz is the
more the representation result approximates the test sample. The
analysis also shows that in our method, a lower representation
error usually does not mean a lower rate of classiﬁcation errors.
This is true for both the RBC on the original training samples and
the RBC on the ‘symmetrical face’ training samples. Figs. 5 and 6
show the representation errors of the test sample obtained using
the coarse classiﬁcation and ﬁne classiﬁcation based on the
original training samples and ‘symmetrical face’ training samples,
respectively. These ﬁgures are obtained under the condition that
the ﬁrst 14 face images of each subject in the AR face database are
used as original training samples and the remaining face images
are taken as test samples. We see that the coarse classiﬁcation
based on the original training samples and ‘symmetrical face’
training samples always leads to a lower representation error

than the corresponding ﬁne classiﬁcation. However, these two
ﬁgures show that the ﬁne classiﬁcation produces fewer classiﬁcation
errors than the coarse classiﬁcation. Actually, as shown in the
experimental section, the ﬁne classiﬁcation always obtains a lower
rate of classiﬁcation errors. This tells us that for a RBC, the key is not
to produce a low representation error but to make the class that the
test sample is truly from the most similar with the test sample,
having the minimum deviation from the test sample among all the
classes. Though the ﬁne classiﬁcation is not optimal for providing a
good representation for the test sample, it performs very well in
making the test sample more similar with the test sample. As shown
early, it achieves this by discarding the classes that are ‘far’ from the
test sample. Usually, there is also a large probability of the test
sample being not truly from these classes.

4. Experimental results
We used the FERET, AR and ORL face databases to conduct
experiments. For the FERET and ORL databases, we show the
experimental results under the conditions that the weights of the

Y. Xu et al. / Pattern Recognition 46 (2013) 1151–1158
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Fig. 3. Some original training samples from the AR face database and the corresponding ‘symmetrical face’ training samples. The ﬁrst row shows the original training
samples. The second and third rows respectively show the ﬁrst and second ‘symmetrical face’ training samples generated from the original training sample.

Fig. 4. A test sample that is erroneously and correctly classiﬁed by the collaborative representation and our method, respectively. (a) Test sample. (b) Original
training sample which is the nearest to the test sample. (c) ‘Symmetrical face’
training sample which is the nearest to the test sample among all the ‘symmetrical
face’ training samples.

Fig. 6. Representation errors of the test sample obtained using the coarse
classiﬁcation and ﬁne classiﬁcation based on the ‘symmetrical face’ training
samples. The green and purple lines respectively depict the representation errors
obtained using the coarse classiﬁcation and ﬁne classiﬁcation. In the horizontal
axis, the red circle and blue ‘þ ’ respectively means that the corresponding test
sample is erroneously classiﬁed by the coarse classiﬁcation and ﬁne classiﬁcation
based on the ‘symmetrical face’ training samples. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version
of this article.)

Table 1
Experimental results on the AR database.

Fig. 5. Representation errors of the test sample obtained using the coarse
classiﬁcation and ﬁne classiﬁcation based on the original training samples. The
blue and red lines respectively depict the representation errors obtained using the
coarse classiﬁcation and ﬁne classiﬁcation. In the horizontal axis, the red circle
and blue ‘þ’ respectively means that the corresponding test sample is erroneously
classiﬁed by the coarse classiﬁcation and ﬁne classiﬁcation based on the original
training samples. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)

Number of the original training samples per class

13

14

15

16

The proposed method (w1 ¼0.75) (%)
CR on the original training samples (%)
CR on the ‘symmetrical face’ training samples (%)
Coarse score fusion (%)
SRC (%)
TPTSSR (%)
LRC (%)
Feature space-based representation method
(s ¼1.0e6) [49] (%)
Combination of two-step classiﬁcation and the
feature space-based representation method
(s ¼1.0e6) (%)

23.72
28.97
36.15
28.33
32.37
24.81
34.36
39.36

9.93
14.86
27.15
14.44
16.74
9.72
13.13
25.07

8.03
11.82
22.27
11.74
16.82
8.33
12.58
24.47

6.83
9.83
18.83
9.58
17.42
7.17
13.25
25.42

39.23 25.07 24.47 25.33
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score fusion were set to w1 ¼0.85 and w2 ¼ 0.15,w1 ¼0.75 and
w2 ¼0.25, w1 ¼0.65 and w2 ¼0.35, respectively. For the AR database, because the experiment is very time consuming, we conduct
only the experiment on w1 ¼0.75 and w2 ¼0.25. Both m and g
were set to 0.01. Each sample was converted into a unit vector
with length of 1 in advance. Tables 1, 2 and 3 show the rate
of classiﬁcation errors under the condition that 0.3*c candidate
classes were used. Besides our proposed method was tested, several
state-of-the-art face recognition methods such as two-phase
test sample sparse representation (TPTSSR) [45], collaborative
representation (CR) proposed in [47], the feature space-based
representation method proposed in [49], sparse representation
classiﬁcation (SRC) proposed in [50] and linear regression classiﬁcation (LRC) [51]were also tested. As the performance of the
feature space-based representation method is directly related to
parameter s, we set it to different values and show the best
classiﬁcation result and the corresponding value in the table.

Table 2
Experimental results on the ORL database.

In the experiments, we performed ‘coarse score fusion’ as follows:
CR was respectively ﬁrst implemented for the original and
‘symmetrical face’ training samples and then the scores generated
from the original and ‘symmetrical face’ training samples were
fused for ultimate face recognition by using the same weight
fusion scheme as our proposed method. When implementing
TPTSSR, we set parameter M ¼N/2, where N is the number of all
the original training samples. We also tested the combination of
two-step classiﬁcation and the feature space-based representation method proposed in [49]. Speciﬁcally, the feature spacebased representation method ﬁrst respectively uses the original
and ‘symmetrical face’ training samples to perform coarse classiﬁcation and then respectively uses them to conduct ﬁne classiﬁcation. The ﬁne classiﬁcation was also implemented under the
condition that 0.3*c candidate classes were exploited. Finally,
the weighted fusion scheme (w1 ¼0.75 and w2 ¼0.25) in our
method was used to combine the scores generated from the ﬁne
classiﬁcation on the original and ‘symmetrical face’ training
samples and the combined score was used to ultimately classify
the test sample.
4.1. Experiments the AR face database

Number of the original training samples per class

1

2

3

The proposed method (w1 ¼ 0.85) (%)
The proposed method (w1 ¼ 0.75) (%)
The proposed method (w1 ¼ 0.65) (%)
CR on the original training samples (%)
CR on the ‘symmetrical face’ training samples (%)
Coarse score fusion (%)
SRC (%)
TPTSSR (%)
LRC (%)
Feature space-based representation method(s ¼1.0e7)
[49] (%)
Combination of two-step classiﬁcation and the feature
space-based representation method (s ¼ 1.0e7) (%)

24.72
24.17
24.72
31.39
34.72
30.28
26.67
26.39
32.50
27.22

10.31
10.31
10.63
16.56
23.13
16.25
15.00
13.44
20.94
11.87

10.00
8.93
9.29
15.00
20.71
13.57
14.29
11.43
18.21
10.71

27.22 11.25 10.71

Table 3
Experimental results on the FERET database.
Number of the original training samples per class

1

2

3

The proposed method (w1 ¼ 0.85) (%)
The proposed method (w1 ¼ 0.75) (%)
The proposed method (w1 ¼ 0.65)
CR on the original training samples (%)
CR on the ‘symmetrical face’ training samples (%)
Coarse score fusion (%)
SRC (%)
TPTSSR (%)
LRC (%)
Feature space-based representation method(s ¼1.0e6)
[49] (%)
Combination of two-step classiﬁcation and the feature
space-based representation method (s ¼ 1.0e6) (%)

50.42
48.75
48.08
55.67
58.33
55.67
50.25
52.17
55.08
56.25

35.30
34.80
32.80
41.60
39.20
40.00
35.20
38.70
36.80
43.40

41.88
41.63
38.25
55.63
41.38
52.25
40.00
46.88
42.88
50.50

54.25 41.70 48.50

From the AR face database [52], we used 3120 Gray images
from 120 subjects, each providing 26 images. These images were
taken in two sessions. Every image was resized to a 50  40
image. We respectively took the ﬁrst 13, 14, 15 and 16 face
images of each subject as the original training samples and
treated the remaining face images as the test samples. The
experimental results were shown in Table 1. We see that our
method obtains a lower rate of classiﬁcation errors than all the
other methods. For example, when the ﬁrst 13 face images of each
subject were used as the original training samples and the
remaining face images were taken as the test samples, the rates
of classiﬁcation errors of our method, CR on the original training
samples, SRC, TPTSSR, LRC and the feature space-based representation method are 23.72%, 28.97%, 32.37%, 24.81%, 34.36% and
39.36%, respectively. The fact that coarse score fusion also obtains
a higher rate of classiﬁcation errors than our method also means
that to discard the classes that are ‘far’ from the test sample is
really beneﬁcial for the correct classiﬁcation of the test sample.
Moreover, we see that the combination of two-step classiﬁcation
and the feature space-based representation method also performs
worse than our method.
4.2. Experiments the ORL face database
The ORL database [53] includes 400 face images taken from 40
subjects, each providing 10 face images. For some subjects, the
images were taken at different times, with varying lighting, facial
expressions (open/closed eyes, smiling/not smiling), and facial
details (glasses/no glasses). Each image was also resized to an
image with one half of the original size by using the down-

Table 4
Variation of the rate of classiﬁcation errors of our method (w1 ¼0.75 and w2 ¼ 0.25) with the number of candidate classes.
The ORL database (3 training sample per subject)
Number of candidate classes
The rate of classiﬁcation errors (%)
The FERET database (3 training sample per subject)
Number of candidate classes
The rate of classiﬁcation errors (%)
The AR database (13 training sample per subject)
Number of candidate classes
The rate of classiﬁcation errors (%)

10
10.00

20
9.29

30
8.93

40
12.50

50
40.75

100
45.25

150
47.13

200
51.25

30
23.40

60
24.42

90
25.64

120
28.21
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sampling algorithm. We respectively took the ﬁrst 1, 2 and 3 face
images of each subject as the original training samples and
treated the remaining face images as the test samples. The
experimental results were shown in Table 2. It shows again that
our method performs better than all the other methods. For
example, when the ﬁrst face image of each subject and the
remaining face images were respectively used as the original
training samples and the test samples, the rates of classiﬁcation
errors of our method (w1 ¼0.75 and w2 ¼ 0.25), CR on the original
training samples, SRC, TPTSSR, LRC and the feature space-based
representation method are 24.17%, 31.39%, 26.67%, 26.39%,
32.50% and 27.22% respectively. We also see that the combination
of two-step classiﬁcation and the feature space-based representation method obtains a higher rate of classiﬁcation errors than our
method.
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samples. The experimental results show that the proposed
method can outperform a number of state-of-the-art representation based methods.
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