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Data Uncertainty in Face Recognition
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Abstract—The image of a face varies with the illumination,
pose, and facial expression, thus we say that a single face image
is of high uncertainty for representing the face. In this sense, a
face image is just an observation and it should not be considered
as the absolutely accurate representation of the face. As more
face images from the same person provide more observations
of the face, more face images may be useful for reducing the
uncertainty of the representation of the face and improving
the accuracy of face recognition. However, in a real world face
recognition system, a subject usually has only a limited number
of available face images and thus there is high uncertainty. In this
paper, we attempt to improve the face recognition accuracy by
reducing the uncertainty. First, we reduce the uncertainty of the
face representation by synthesizing the virtual training samples.
Then, we select useful training samples that are similar to the
test sample from the set of all the original and synthesized virtual
training samples. Moreover, we state a theorem that determines
the upper bound of the number of useful training samples.
Finally, we devise a representation approach based on the selected
useful training samples to perform face recognition. Experimental
results on five widely used face databases demonstrate that our
proposed approach can not only obtain a high face recognition
accuracy, but also has a lower computational complexity than
the other state-of-the-art approaches.
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I. Introduction

DATA UNCERTAINTY is common in real world ap-
plications due to various factors, including imprecise

measurement and sampling errors [1]. There have been various
methods of processing uncertain data, such as uncertain data
management [2], uncertain data mining, and uncertain data
clustering [3]. There are two main ways to represent the data
uncertainty. The first way is to represent the data by probability
distributions rather than deterministic values. The second way
is to represent the data by statistical information, such as the
mean and variance.

Now, we briefly present previous significant studies in
designing models to represent the uncertainty. When modeling
the uncertainty, Ghaoui et al. [4] used intervals explicitly given
for each data point to bound the covariates. Lanckriet et al. [5]
proposed a robust minimax probability machine (MPM) to
model and classify the binary data of which the mean and
covariance matrix of each class are supposed to be known.
Bhattacharyya et al. [6] proposed a convex optimization model
to deal with the uncertainty. In order to generalize the re-
sults of Bhattacharyya et al., Shivaswamy et al. [7] devised
a second order cone programming (SOCP) formulation for
coping with the distributions with finite mean and covariance.
Bi and Zhang [8] derived a total support vector classifying
(TSVC) machine to tackle the uncertain data. Yang and Gunn
[9] extracted adaptive constraints from uncertain inputs and
exploited them to perform classification. Yang et al. [10]
proposed the method for automatically assigning soft labels
to related exemplars, in which the noisy labels (not exactly
matched labels) were used for classification.

As one of the most attractive biometric techniques, face
recognition is still a challenging task [11]–[12]. This is mainly
owing to the varying lighting, facial expression, pose, and
environment. These factors cause the uncertainty in face
recognition problem. As a result, one training sample of a face
is just an observation of this subject and cannot reflect its all
possible variations. As we know, for a face, if we can capture
training samples as much as possible, we usually can obtain
a very high recognition accuracy. The main reason is that
more training samples reflect more possible variations of the
face, and mean less uncertainty of the face. However, in real
world applications, only a few training samples are available
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for a subject owing to the limitation of the storage space and
image acquisition time, etc. If a method can properly model
all possible variations of the face, this method will play an
important role in reducing the uncertainty of the face and thus
a high recognition accuracy can be obtained.

In many practical face recognition applications, such as
law enhancement, ID card identification, and e-passport, there
is only a single sample per person enrolled or recorded in
the systems. In addition, face recognition approaches suffer
from the problem of very limited training samples. Many
popular face recognition methods fail to work well in this
case. To address this problem, some attempts to increase
training samples by synthesizing virtual training samples have
been made. Since more training samples may provide more
observation of the face, more training samples play a role of
reducing the uncertainty of the face. For example, Vetter [13],
[14] described a new technique for synthesizing images of the
face from new viewpoints, when only a single 2-D image is
available. Sharma et al. [15] synthesized multiple virtual views
of a person under different poses and illuminations from a
single face image and exploited extended training samples to
classify the face. Liu et al. [16] represented each single image
as a subspace spanned by its synthesized (shifted) samples.
The way to exploit virtual samples to reduce the uncertainty
has also been applied to other pattern recognition issues.
For instance, Dahmen et al. [17] exploited the pixel shift to
create virtual test samples and used the virtual test samples
to improve the performance of handwritten digit recognition.
It should be noted that, in this paper, there are n ≥ 2
(n represents the number of training samples per person)
training samples per person available for representing the face.
This is different from the conditions in [13]–[16]. Though we
can reduce the uncertainty of the face by synthesizing virtual
training samples, large amount of virtual training samples can
lead to high computational cost and they might contain a lot
of redundant information.

We note that recently proposed sparse representation-based
algorithms [18]–[22] perform well in face recognition and
verification [23]–[25]. They have also been used to solve
misalignment or pose change [26]–[28]. Sparse representation
requires a test sample to be sparsely represented by a weighted
sum of all the training samples. In these algorithms, the
classification is performed by evaluating the representation
ability on the test sample of each class and by assigning
the test sample to the class that has maximum representation
ability. Sparse implies that the coefficients of some training
samples are equal to zero and the extent of sparsity of the
representation coefficients can be measured by the �1-norm
of the coefficient vector [29]. Specifically, a smaller norm
means a stronger sparsity. Conventional sparse representation
algorithms are indeed viewed as a problem of minimizing the
�1-norm of the coefficient vector. A main drawback of con-
ventional sparse representation algorithms is that they are very
time consuming. In contrast, the �2-norm-based representation
algorithm has gained reputation as a powerful and attractive
algorithm showing excellent results in terms of recognition
accuracy and computational efficiency in face recognition
[29]–[30].

With this paper, we attempt to produce and exploit rea-
sonable virtual training samples for more accurate recognition
of faces. The reasonable virtual samples not only can properly
model the variation of the face, such as pose, expression et al.,
but also are useful for obtaining a higher recognition accuracy.
This paper has the following main contributions.

1) It first proposes a very simple means to produce virtual
training samples and to reduce the uncertainty of the
face. It then proposes to exploit the test sample to
determine the most useful training samples from the
original and synthesized virtual training samples.

2) The selection of the most useful samples is completely
compatible with the used classification algorithm, which
enables the proposed approach to obtain promising
recognition results.

3) We propose a theorem that determines the upper bound
of the number of useful training sample. That is, the
number of the useful training samples should be not
greater than that of the original training samples.

4) The computationally efficient �2-norm-based representa-
tion algorithm is used for classification, so the proposed
approach is very easy to implement and has a much
lower computational complexity than the conventional
sparse representation method. Moreover, in our approach
the virtual training samples will not greatly deviate
from the true training samples from the same subject
(see Fig. 2).

This remainder of this paper is organized as follows. The
proposed approach is described in Section II. The rationale
and advantages of the proposed approach are presented in
Section III. Experiment setup and results are presented in
Section IV. Finally, our conclusion is offered in Section V.

II. Proposed Approach

Our proposed approach includes three steps. The first step
proposes a way of synthesizing virtual training samples. The
synthesized virtual training samples are useful to reduce the
uncertainty of the face. The second step devises a good scheme
to determine the most useful training samples from the set
of all the original and synthesized virtual training samples.
The key of this step is to make the determined useful training
samples helpful for correctly classifying the test sample. The
third step applies the �2-norm based representation algorithm
to classify the test sample. We assume that Xi ∈ �m×l

represents the matrix of the training samples of the ith class,
and each column of Xi is a training sample of the ith class.
Suppose that there are c classes and n training samples in
total. We define A as A = [X1, X2, ..., Xc] ⊂ �m×n.

A. First Step of Proposed Approach

This step has the following motivation: random uncertainty
of the face might be incurred by several factors. Limited
training samples of each subject mean that they provide
insufficient observations of the face. That is, these limited
training samples of each subject cannot comprehensively re-
flect different variations of the face. A reasonable way to
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reduce random uncertainty is to use these limited training
samples to synthesize virtual training samples, which are able
to reflect more possible variations of the face.

The first step of the proposed approach works as follows:
suppose that Xi is composed of l training samples, and let
Xi = [x1

i , ..., x
l
i]. Every two samples of these l samples are

exploited to synthesize one virtual training sample and thus
C2

l = (l(l − 1))/2 virtual training samples are generated for
this ith class. If xs

i and xt
i are two original training samples

from Xi, then the corresponding virtual training sample will
be

xj
v = (xt

i + xs
i )/2 (1)

where j = 1, ..., C2
l . The C2

l virtual training samples of the ith

class are x1
v, ..., x

C2
l

v , respectively. We take i as the label of the
original training samples of the ith class and the corresponding
synthesized virtual training samples. All the original training
samples and synthesized virtual training samples of all the
subjects are combined to form a blend training sample set
(BTSS).

B. Second Step of Proposed Approach

The samples obtained in BTSS have different representation
abilities in representing the test sample. We referred to these
training samples that have negative effects in representing
the test sample as improper training samples. Therefore, in
practice, we just need to select these training samples that
have positive effects in representing the test sample. Previous
studies have shown that the training samples that are close
to the test sample are very helpful for correct classification of
the test sample [30]. We propose to select the training samples
that are similar to the test sample from BTSS as useful training
samples and use them to represent and classify the test sample.

We would like to point out that there are many measure-
ments to select useful training samples from BTSS. In this
paper, for convenience, we merely take the Euclidean distance
as the measurement.

The second step of the proposed approach works as follows:
suppose that in BTSS there are f training samples from c

classes and xj(j = 1, ..., f ; f > n) stands for the jth training
sample in BTSS. Once a test sample y ∈ Rm comes, we
calculate the distance between y and xj by using

distj =‖ y − xj ‖2 . (2)

Equation (2) can be somewhat viewed as a measurement of
the similarity between xj and y. A small distj means that xj

is similar to test sample y. We identify the K useful training
samples that have the first K smallest distances and treat the
remaining training samples as improper training samples and
discard them. Let H = {h1, ..., hd}, a set of some numbers,
stand for the set of labels of the K useful training samples.
The label is defined as follows: if a useful training sample is
from the ath class (a = 1, ..., c), we take a as the label of
this useful training sample. H must be one subset of the set
{1, ..., c}, i.e., H ⊂ {1, ..., c}. If no useful training sample is
from the pth class (p = 1, ..., c), then number p must not be
an element of H . Consequently, the test sample will not be
ultimately classified into the pth class.

C. Third Step of Proposed Approach

The conventional sparse representation based algorithms are
so time consuming that they might not satisfy the efficiency
requirement of some real world applications. In contrast,
the �2-norm-based representation algorithm is a very simple
and computationally efficient algorithm. The third step of
the proposed approach represents the test sample as a linear
combination of the selected K useful training samples and
requires that the �2-norm of the vector of the representation
coefficients should be minimized. Thus, the objective function
is as follows:

min
̂β

‖ y − X̃β̂ ‖2
2 +λ ‖ β̂ ‖2

2 (3)

where X̃ = [x̃1, ..., x̃K] are the selected K useful training
samples and β̂ = [β̂1, ..., β̂K] are the representation coef-
ficients. The regularization parameter λ is useful to make
the least square solution stable and to impose a weaker
sparsity constraint on the solution [29]. The least square
approach is usually used in some practical applications due
to its mathematical tractability and computational efficiency
[29]–[31]. For example, Yang et al. [31] applied the least
square approach to perform multifeature fusion and obtained
very good results. We also use this approach to solve (3) and
obtain the following solution:

β̂ = (X̃T X̃ + λI)−1X̃T y (4)

where I is the identity matrix. Since the K useful training
samples might be from different classes, we calculate the sum
of the contribution to represent the test sample of all the
useful training samples from each class and exploit the sum to
classify the test sample. For example, if all the useful training
samples from the rth class are x̃s

r, ..., x̃
t
r, then the sum of the

contribution to represent the test sample of the rth class will
be

gr = β̂sx̃
s
r+, ..., +β̂t x̃

t
r (5)

where β̂s, ..., β̂t are the coefficients of x̃s
r, ..., x̃

t
r, i.e., the

corresponding entries of β̂, respectively. We calculate the
residual of gr from y by using

Dr =‖ y − gr ‖2 . (6)

A smaller residual Dr means a greater contribution to
representing the test sample. Thus, we classify y into the class
that produces the smallest residual. In summary, the main steps
of the proposed approach are as follows.

Step 1: Convert each image into a column vector and use (1)
to synthesize virtual training samples for each class.
Then, BTSS is constructed.

Step 2: Normalize each training sample in BTSS and the test
sample to a unit vector with length of 1.

Step 3: Use (2) to select K useful training samples for the
test sample.

Step 4: Exploit the selected K useful training samples and (4)
to obtain β̂ .

Step 5: Use (5) and (6) to calculate residual Dr(r ∈ H) for
the test sample.
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Step 6: Classify the test sample into the class that has
the minimum residual. In other words, if Dq =
minDr(q, r ∈ H), the test sample is classified into
the qth class.

III. Analysis of Our Approach

This section analyzes the rationale and advantages of the
proposed approach and gives meaningful conclusions.

A. How to Obtain Good Virtual Training Sample

In this section, we discuss how to obtain a reasonable
virtual training sample. If the synthesized virtual training
sample is too similar with the original training sample, it
cannot well play a role of a training sample. However, if the
difference between the synthesized virtual training sample and
the original training sample is too great, which may result in
the case that the synthesized virtual training sample is more
similar with the training sample from another class, which
of course brings side effect to the subsequent classification.
Therefore, a good virtual training sample should have a proper
difference with the corresponding original training sample. In
our approach, as the mean of two original training samples is
taken as a virtual training sample, it seems that the synthesized
virtual sample and the original training sample have proper
difference. Let α and β be two original training samples of
the same class (face), then γ = (α + β)/2 is the corresponding
synthesized virtual training sample. The difference between
the original training sample α and the synthesized virtual
training sample γ is ε =‖ α − γ ‖2=‖ (α − β)/2 ‖2. As
α and β not only are images of the same face but also are
somewhat dissimilar owing to varying illumination, pose, and
facial expression, the value of ‖ (α − β)/2 ‖2 is usually not
too small or large. However, we say that in our approach the
synthesized virtual sample and the original training sample
have proper difference. Moreover, In order to neglect the
training samples that are very different from the test sample,
our approach just uses the training samples that are near to
the test sample to represent and classify it. This is indeed a
good scheme and can somewhat reduce the side effect of the
outlier in the training samples. Since the virtual and original
training samples are simultaneously included in the BTSS, our
approach indeed applies this scheme to both of them.

B. Analysis on BTSS

This section demonstrates that it is not necessary to use all
training samples in BTSS to represent and classify the test
sample from the viewpoint of numerical computation. The
main reason is that the matrix corresponding to the BTSS
has the same rank as the original training sample matrix A.
Actually, for high-dimensional image data, we usually have
the following theorem.

Theorem 1: If a virtual training sample is a linear combi-
nation of the original training samples and we add the virtual
training sample into matrix A as a new column, then the new
matrix has the same rank as the previous matrix.

From the viewpoint of numerical computation, we can show
that if a virtual training sample b is a weighted sum of the

original training samples, then it is not useful for improving
the representation ability on the test sample of the whole
training samples. Let Ax = b and Bx, = t (x, =

(
x

y

)
,

B = [A b]), respectively, denote the problem models of the
original representation method and the representation method
based on the original and virtual training samples. t stands
for the test sample. According to Theorem 1, Bx, = t can be
converted into [A, 0]x, = t,. As a result, we have A,x+0y = t,,
which means that y, i.e., the weight corresponding to the
virtual training sample indeed can be set to an arbitrary value.
Thus, we say that the use of the virtual training sample b

does not bring any certain information for determining the
problem model of the approach. However, the use of the
virtual training sample can increase the sample density of the
original sample space. What is more, synthesizing the virtual
training sample may be appropriate for representing some
variations, such as the variations of pose, lighting, expression,
etc. We can say that the opportunity of selecting the useful
training samples for the test sample is increased. Moreover,
the similarity between the test sample and the selected useful
training samples from BTSS is greater than that between the
test sample and the selected useful training sample from the
original training set. When we use an algorithm to solve
Bx, = t, a label will also be assigned to the test sample
by the rule of the algorithm. Theorem 1 also tells us that
we should select at most useful training samples as many
as the original training samples from BTSS. In other words,
Theorem 1 gives the largest possible number of the useful
training samples for our approach. Furthermore, as among
the original and virtual training samples the samples that are
very far from the test sample usually have side effect on
the classification of the test sample, to select and exploit
fewer useful training samples to represent and classify the
test sample can obtain a good recognition accuracy. Theorem
1 also implies that the representation-based classification is
usually an over-determined problem. Therefore, the equation
has more the unknown variables. As a result, it is very
reasonable to obtain the least-squares solution of the equation.

C. Relationship Among Three Steps

The three steps in our approach are closely linked. The first
step of our approach uses all of training samples to synthesize
virtual training samples. In this step, the virtual training
samples can reflect the some variations of the face. This is
of great benefit to the approach in the second step. In the
second step, we select K useful training samples from BTSS
and discard remaining training samples. In other words, the
second step of our approach neglects some training samples
that are far from the test sample and the third step exploits only
K training samples to represent the test sample. The second
and third steps can be regarded as a supervised sparse method.
The sparseness is reflected by the following facts.

Our approach starts with the problem to use all training
samples from BTSS to represent the test sample but it finally
uses only K useful training samples selected from BTSS to
obtain the representation of the test sample. In other words,
it takes a linear combination of the K useful training samples
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as the representation of the test sample. Suppose that the
representation is

ŷ = x̃1β1+, ..., +x̃KβK. (7)

Equation (7) can also be rewritten as

ŷ = x̃1β1+, ..., +x̃KβK + x̃K+1βK+1+, ..., +x̃f βf (8)

where x̃1, ..., x̃f are all training samples from the BTSS and
β1, ..., βf are the corresponding representation coefficients. ŷ

is the test sample. x̃1, ..., x̃K still stand for the K useful training
samples. The values of βK+1, ..., βf are zero, This implies that
if we view the representation of the test sample obtained using
our approach as a linear combination of all training samples
from the BTSS, then the representation coefficients in our
approach are sparse. Supervised means that our approach uses
the procedure in the second step to produce the sparseness,
and the sparse extent of the coefficients is controlled by the
size of K. In other words, a smaller value of K means a
high extent of sparseness. When the second and third steps
of our approach select K useful training samples to represent
and classify the test sample, it has the following underlying
rationale: the test sample and its nearest neighbors usually
belong to the same class. Therefore, to use the neighbors of
the test sample to represent and classify it is a good way and
is useful for achieving high recognition accuracy.

IV. Experimental Results

We conducted a number of experiments on the ORL [32],
AR [33], FERET [34], [35], GEORGIA TECH (GT) [36],
and LFW [37] face databases. The code of the proposed ap-
proach is available at http://www.yongxu.org/lunwen.html. We
compared the proposed approach with other appearance-based
methods, including the principal component analysis(PCA),
linear discriminant analysis(LDA), K-nearest neighbor(KNN),
collaborative representation based classification(CRC) [29],
linear regression classification(LRC) [38], nonnegative least
squares classification (NNLS) [39], and the sparse methods
proposed in [28] and [40], and support vector machine (SVM).
In all the experiments, the regularization parameter λ of our
approach is set to 0.01.

For the FERET face database, we only used a consisting of
1400 images from 200 subjects with each subject providing
seven images [30]. This subset is composed of images whose
names are marked with two-character strings: ba, bj, bk, be,
bf, bd, and bg. The images in this subset have pose variations
of ±15°, ±25°, and also the variations of the illumination
and expression. For the FERET database, we constructed
two cases to evaluate different approaches. In the first case
(Case 1), we used the first four images of each subject
as training samples and took the remaining images as test
samples. In the second case (Case 2), we used the first five
images of each subject as training samples and took the
remaining images as test samples. We simply cropped all
images and resized them to 40×40 pixels. The GT database
consists of 50 subjects with 15 images per subject. The images
were taken with several variations such as pose, expression,

cluttered background, and illumination. We also use two cases
to test different approaches. We used the first seven images
of each subject as training samples and took the remaining
images as test samples in the first case (Case 1). In the
second case (Case 2), we used the first eight images of each
subject as training samples and took the remaining images as
test samples. All images were cropped and resized to 50×60
pixels. The ORL database includes 400 face images taken
from 40 subjects, with each subject providing ten 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).
For the ORL database, we tested different approaches in two
cases. In the first case (Case 1), the first five images of each
subject were used for training samples and the remaining
five images served as test samples. In the second case (Case
2), we used the first six images of each subject as training
samples and the remaining four images as test samples. We
resized each face image from the ORL database to a 46 by
56 matrix by using the downsampling algorithm presented in
[41]. For the AR face database, we used 3120 gray images
from 120 subjects with each subject providing 26 images.
These images are generated from frontal view faces with
different facial expressions, conditions of illumination, and
occlusions (sun glasses and scarf). These images were taken
in two sessions, separated by intervals of two weeks. For the
AR database, we tested different approaches in two cases.
The first case (Case 1) takes the first eight images of each
subject as training samples, while the remaining images are
designated as test samples. In the second case (Case 2), for
each subject, the seven images (with only illumination and
expression changes) from Session 1 were used as training
samples, with the other seven images from Session 2 for
test samples [29]. All images were cropped and resized to
20×20 pixels. The LFW database is designed for studying
the problem of unconstrained face recognition. It contains
more than 13 000 images of faces collected from the web.
Each face has been labeled with the name of the person
pictured. 1680 of the people pictured have two or more distinct
photos in the dataset. The only constraint on these faces is
that they were detected by the Viola–Jones face detector. In
our experiments, we choose 1251 images from 86 people.
Each person has 11–20 images [37]. Each image was man-
ually cropped and resized to 32×32 pixels. We constructed
two cases to evaluate different approaches. In the first case
(Case 1), we used the first seven images of each subject
as training samples and took the remaining images as test
samples. In the second case (Case 2), we used the first eight
images of each subject as training samples and took the
remaining images as the test samples. Fig. 1 shows some face
images from the five databases.

A. Comparison of Our Approach, CRC, and SRC(l1−ls)

This section shows the experimental comparison of our
proposed approach with the CRC and the SRC (l1 ls). Fig. 2
shows five original training samples of the 14th subject from
the ORL database and the corresponding ten synthesized
virtual training samples. We can see that the synthesized
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Fig. 1. Some face images from the (a) FERET, (b) GT, (c) ORL, (d) AR,
and (e) LFW database.

virtual training samples and original training sample have
proper difference in lighting and expression (especially in the
position of the mouth). Fig. 3 shows four test samples of the
14th subject from the ORL database and the corresponding
representation results obtained using different approaches.
Here, the representation result of our proposed approach is
calculated as follows: First β̂ is obtained by using (4); then,
X̃β̂ is taken as the representation result. In [29], Xρ̂ was
taken as the representation result, where X and ρ̂ are the
matrix of the original training samples and the corresponding
representation coefficients, respectively. We can see intuitively
that representation results (shown in the second row) produced
by our proposed approach are better than the ones (shown in
the third and fourth rows) obtained by using the CRC and
the SRC (l1 ls), respectively. Fig. 4 shows residuals of the
four test samples shown in the first row in Fig. 3. For ease of
observation, the red line marks the residual value of the 14th
class. The residual of each class of our proposed approach
(shown in the first column) is obtained by using (6). The
residual of each class of the CRC and the SRC (l1 ls) (shown
in the second and third columns, respectively) are obtained by
‖ y − Xiρ̂i ‖2, where y is the test sample and Xi and ρ̂i

are respectively the matrix of the ith class original training
samples and the corresponding representation coefficients. We
can see that the smallest residuals in the first column are
smaller than those in the second and third columns. In other
words, our proposed approach is easier to correctly classify the
test sample. We also noted that most of the residuals in the
first column are equal to 1 which indicates that representation
coefficients of our proposed approach have sparsity. That is
induced by the scheme of selecting and exploiting the useful
training samples from BTSS to represent and classify the test
sample. Moreover, for the four test samples, our proposed

Fig. 2. Five original training samples (the first row) of the 14th subject from
the ORL database and the corresponding synthesized virtual training samples
(the second and the third rows).

Fig. 3. Four test samples of the 14th subject from the ORL database and
the corresponding representation results obtained by different approaches.
The images shown in the first and second rows are the test samples and
the corresponding images of the representation results obtained using our
proposed approach, respectively. The images shown in the third row are the
representation results produced by the CRC. The images shown in the fourth
row are the representation results produced by the SRC(l1−ls).

approach correctly classifies all of them, but the CRC and SRC
(l1 ls) do not. For example, the CRC only correctly classifies
the first and fourth test samples (As shown in the second
column, the second and third test samples are erroneously
classified into the first and third class, respectively.) The SRC
(l1 ls) erroneously classified the third test sample into the
25th class (see the third column).

B. Experiments on Five Face Databases

In this section, we conducted experiments on the FERET,
GT, ORL, AR, and LFW face databases to compare different
approaches. Fig. 5 shows the variation of the recognition
accuracy with K, the number of the useful training samples.
From this figure, we can see that when K becomes small, our
proposed approach trends to obtain better performances. This
is because when K is small, many improper training samples
that have side effect on the classification of the test sample are
excluded from our approach. Generally, we set the range of K

as [0.05 × (	f ), 0.2 × (	f )], where 	f is the number of the
original training samples. For real world applications, we can
first shrunken the range of K to [0.05 × (	f ), 0.2 × (	f )].
Then, we can use cross validation approach to select the
optimal value of K. The experimental results show that, in
this range, we can always choose the optimal value of K for
our approach. Fig. 5 shows this setting works well on the
five databases, which indicates that too many useful training
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Fig. 4. Residuals of four test samples shown in the first row in Fig. 3. The four sub-figures in the first, second and third columns are the residuals of the four
test samples obtained using our proposed approach, the CRC and the SRC(l1−ls), respectively. The horizontal coordinate shows that there are forty classes
and vertical coordinate shows the corresponding residual of each class.

TABLE I

Recognition Accuracy and Running Time of Different Methods on FERET Database

samples do not help to improve the recognition accuracy. We
also see that to take all the training samples from BTSS as
useful training samples always obtains an lower recognition
accuracy than to select only 	f useful training samples from
BTSS. This result indeed confirms Theorem 1 shown earlier.

The running time of classifying a test sample gradually
reduces as K decreases. Here, we only given the running time
curve of classifying a test sample on the ORL database, which
is shown in Fig. 6.

Tables I–V, respectively, illustrate the top recognition accu-
racies and the corresponding running time of our approach
and other approaches on the five databases. For the LDA

and PCA, we classified a face image using the nearest
neighbor classifier. In our experiment, the top recognition
accuracy represents the best recognition accuracy. For ex-
ample, our approach, in Case 1 and Case 2 on the ORL
database, respectively, obtain the best recognition accura-
cies of 95.00% and 97.50% when K are 120 and 96
(see Fig. 5), respectively. In all subsequent tables, the recog-
nition accuracies of all approaches are the top recognition
accuracies. As can be seen, in these tables, our approach is
superior to the other approaches. What is more, the speed
of our approach is much faster than that of the other ap-
proaches. For example, the speed of our approach are 54.53
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Fig. 5. Variation curve of the recognition accuracy with K on the (a) FERET, (b) GT, (c) ORL, (d) AR, and (e) LFW databases.

and 42.12 times faster than the second best approach SRC
(DALM) in Cases 1 and 2 on the GT database. For the
FERET, GT, ORL, and LFW databases, our proposed ap-
proach obtained higher recognition accuracies than all the
other approaches. For the AR database, the recognition results
and running time are shown in Table IV. For Case 1, our
approach achieved the highest recognition accuracy of 69.81%,
0.09%, and 2.03% higher than the SRC (l1 ls) and SRC
(DALM), respectively. In Case 2, our approach achieved the
second best recognition accuracy of 77.26%, 1.91% lower

than the SRC (l1 ls), but the speed of our approach is
95.53 times faster than the SRC (l1 ls). From the results
in the above tables, we can see that our proposed approach
is superior in terms of recognition accuracy and computation
efficiency.

In the above mentioned experiments, we just used gray value
as features to compare all approaches. Next, we substituted the
gray value with some advanced features, i.e., Gabor [42] fea-
tures, discrete cosine transform (DCT) features[43] and local
binary pattern (LBP) [44] features. To produce Gabor feature,
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TABLE II

Recognition Accuracy and Running Time of Different Methods on GT Database

TABLE III

Recognition Accuracy and Running Time of Different Methods on ORL Database

TABLE IV

Recognition Accuracy and Running Time of Different Methods on AR Database

we first generated 40 Gabor filters and then linked all Gabor
features into a feature vector. Finally, this feature vector was
resized into an appropriate size by using the downsampling
approach with sampling frequency of 12. In this way, we
obtained 8587-dimensional Gabor features for each face in the
ORL database, 5334-dimensional Gabor features for each face
in the FERET database. We selected low-frequency feature of
the DCT transformation as the DCT feature in our approach.
Therefore, we, respectively, obtained 900-dimensional DCT
features for each image in the ORL and the FERET databases.
We followed the procedure in [44] (LBP8,1) to extract the LBP
feature. Therefore, we obtained 59-dimensional LBP features
for each image in the ORL and FERET databases, respectively.

Tables VI and VII illustrate the performance of our approach
and the state-of-the-art approaches using the three advanced
features on the ORL and FERET databases. As seen from
the two tables, the recognition accuracies of our approach are
the highest.

C. Experiments on Face Pose Variations

In this experiment, we performed face recognition experi-
ments on the variation of pose, illumination, and expression.
The FERET database contains the face images captured under
different poses. In our experiment, seven-fold cross validation
is used on the FERET face database. The FERET was divided
into seven portions based on the names of images, which are
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TABLE V

Recognition Accuracy and Running Time of Different Methods on LFW Database

Fig. 6. Running time curve of our approach on the ORL database.

TABLE VI

Recognition Accuracy of Approach With Different Feature

Pattern on ORL Database (We Used First Five Images of Each

Subject as Training Samples and Took

Remaining Samples as the Test Samples)

marked with ‘ba’, ‘bd’, ‘be’, ‘bg’, ‘bj’, and ‘bk’. These seven
portions were captured under different circumstances [45]. We
took six portions as the training set and the rest portion as the
test set. Thus, the scales of the training set and test set are
1200 and 200, respectively.

Table VIII shows that our proposed approach outperforms
other approaches in terms of recognition accuracy in most
cases. When the ‘bf’, ‘bg’, ‘bj’, ‘bk’ portions are, respec-
tively, used for the test set, our proposed approach obtains
higher recognition accuracy than all the other approaches. The
recognition accuracies of our proposed approach are equal to
those of the SRC(l1 ls), SRC(DALM), and LRC approaches,
when the ba, bd, and be portions are, respectively, used for the
test set. However, the SRC (l1 ls) and SRC (DALM) are very
time consuming. In an overall sense, our proposed approach is

TABLE VII

Recognition Accuracy of Approach With Different Feature

Pattern on FERET Database (We Used First Four Images of

Each Subject as Training Samples and Took

Remaining Samples as Test Samples)

Fig. 7. Examples of sunglasses occlusion of two subjects from the AR
database.

more suitable for practical face with pose variation recognition
in terms of recognition accuracy and computation efficiency.

D. Experiments on Contiguous Occlusion

Here, we conducted face recognition experiment on contigu-
ous occlusion. When the sunglasses are used to occlude the
face, a lower recognition accuracy is usually caused. So, the
sunglass occlusion is one of the most challenging cases in face
recognition. In this section, we used the face images that were
cropped and resized to 40×50 pixels to perform the sunglass
occlusion experiment. The AR database contains the case of
sunglass occlusion. Fig. 7 shows the face images, of two
subjects, occluded by a pair of sunglasses. Fig. 8 shows gesture
variations of a subject from two sessions. We take the images
shown in Fig. 8 as original training samples for each subject
and the images shown in Fig. 7 as test samples for each subject
[38]. The experimental results are shown in Table IX. For the
case of sunglass occlusion, our proposed approach achieves
the best recognition accuracy of 90.83%, 0.41% higher than
the best competitor SRC (l1 ls). The experimental results
are consistent with the conclusion that the synthesized virtual
training samples may approximate some variations of the face.
Fig. 9. shows some synthesized virtual training samples of the
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TABLE VIII

Recognition Accuracy of Recognizing Face Pose Variations on FERET Face Database

Fig. 8. Facial expression variations of a subject from the AR database.
The two rows respectively show expressions of neutral, happy, angry, and
screaming from two sessions.

Fig. 9. Some synthesized virtual training samples of the original training
samples shown in Fig. 8.

TABLE IX

Recognition Accuracy for Sunglasses Occlusion

original training samples shown in Fig. 8. As seen from Fig. 9,
in the position of the eyes, these synthesized virtual training
samples can somewhat model the sunglasses occlusion. In
the test stage, these synthesized virtual training samples may
represent the test sample better.

V. Conclusion

In this paper, we proposed an approach for improving face
recognition accuracy. We first exploited the original training
samples to synthesize virtual training samples which reflect
possible variations of the face and then proposed a scheme of
selecting and exploiting useful training samples from BTSS

to represent and classify a test sample. This scheme is helpful
for eliminating the improper training samples which have side
effect on classification of the test sample, and thus can improve
the recognition accuracy. We extensively tested the proposed
approach by conducting experiments on five databases. The
experimental results have shown that with an appropriate
choice of the number of useful training samples, the proposed
approach can produce better recognition results than the other
state-of-the-art approaches. We noted that the most appropriate
number of useful training samples is generally much smaller
than the number of the original training samples. Moreover, a
theorem gives the upper bound of the number of useful training
samples. We will address the problem of how to automatically
select the most appropriate number of useful training samples
for the test sample in the future.
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