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Abstract— Sparse representation has shown its merits in
solving some classification problems and delivered some impressive results in face recognition. However, the unsupervised optimization of the sparse representation may result in undesired
classification outcome if the variations of the data population
are not well represented by the training samples. In this paper,
a method of class-wise sparse representation (CSR) is proposed
to tackle the problems of the conventional sample-wise sparse
representation and applied to face recognition. It seeks an
optimum representation of the query image by minimizing the
class-wise sparsity of the training data. To tackle the problem
of the uncontrolled training data, this paper further proposes a
collaborative patch (CP) framework, together with the proposed
CSR, named CSR-CP. Different from the conventional patchbased methods that optimize each patch representation separately, the CSR-CP approach optimizes all patches together to
seek a CP groupwise sparse representation by putting all patches
of an image into a group. It alleviates the problem of losing
discriminative information in the training data caused by the
partition of the image into patches. Extensive experiments on
several benchmark face databases demonstrate that the proposed
CSR-CP significantly outperforms the sparse representationrelated holistic and patch-based approaches.
Index Terms— Sparse representation, class-wise sparsity, classification, holistic, patch based, face recognition.

I. I NTRODUCTION
HE RAPID growing popularity of social network, such as
Facebook, Instagram and Pinterest, produces increasing
amount of image content shared online. How to organize
these data and retrieve information from them attracts many
researchers in image processing to the problems of image
classification and image understanding. Human faces are probably the most popular image content. Moreover, the rich
off-the-shelf face databases provide excellent benchmark data
for evaluation of various techniques of image classification and
image understanding. Especially, they provide a great test bed
for the problems of large number of classes with few training
image per classes, which is a common scenario in many real
applications.
Holistic approach directly applies the dimensionality
reduction and classification techniques to the whole image
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represented by dense features such as pixel level, HoG [1] or
LBP [2], [3]. For dimensionality reduction, many methods are
developed based on various criteria. While principal component analysis [4], [5] minimizes the reconstruction error in the
low dimensional space, linear discriminative analysis [6], [7]
maximizes the discriminant power in the subspace. Locality
preserving projection [8] maintains the local relation in the
embedding. In [9], the principle and rationale behind the
positive role of dimensionality reduction for classification
is revealed. Although there are many different classifiers
available [10], the suitable ones for high dimensional data
are limited. Nearest neighbor (NN) classifier is widely applied
for its simplicity. Nearest feature line [11] (NFL) extends the
isolated feature points to lines by linking two training samples.
Sharing a similar idea, nearest feature plane (NFP) [12],
nearest feature space (NFS) [12]–[14] and linear regression
classifier (LRC) [15] further expand the training samples to
feature planes and subspaces. The commonalities of all these
classifiers are that they evaluate the relation between the query
image and the training samples of each individual subject
separately.
Different from these classifiers, Wright et al. [16] proposed
a sparse representation based classification (SRC) scheme,
which considers the query image as a linear combination of
all training samples. It is in general assumed that samples of
a specific subject lie in a linear subspace [6], [17]. With this
assumption, the query image is expected to be well represented
by the training samples of the same subject, which may
lead to a sparse representation over all training data. SRC
achieves some impressive face recognition performances with
sufficient and uncorrupted training data. Inspired by SRC,
many extensional works are proposed, such as SRC with
nonnegative constraint [18], Gabor feature based SRC [19],
Gaussian kernel error term [20], locality constraint SRC [21],
regularized robust coding [22], extended SRC [23], superposed
SRC [24], sparse- and dense- hybrid representation [25], SRC
based feature extraction [26], and dictionary learning for
SRC [27]–[29].
If images originate from distinct subjects are less correlated
than those from the same subject, a sparse representation is
expected with the significant representation coefficients focusing on the correct subject. However, the subspaces spanned
by different subjects do have some correlation due to their
similar appearances. Moreover, images captured under the
same condition but from different subjects may show higher
correlation than those from the same subject under different
conditions. Therefore, the unsupervised l1 -norm minimization
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of the sample coefficients in SRC may result in the representation of a query image by samples from many different
subjects, which may cause misclassification. To alleviate this
problem, it is a rational way to harness the label information of
training data [27], [30], [31]. Similarly, Group Lasso (GL) [32]
is proposed to seek an image representation with minimized
l2,1 -norm of the sample coefficients. However, the l2,1 -norm
not only minimizes the number of the selected subjects, but
also minimizes the l2 -norm of coefficients within each class.
The later may prevent the attained result from the desired
solution as the optimal representation of a query image by
training samples of the correct subject may not necessarily be
dense.
The first part of this work aims at alleviating the problems of
SRC and GL. Towards this end, we propose a new algorithm,
named class-wise sparse representation (CSR). Instead of
minimizing the number of training samples used in SRC,
it minimizes the number of training classes in representing
the query image. Different from the GL, the proposed CSR
has more emphasis on the sparsity between the classes and
hence more likely selects the correct class. In implementation,
the desired solution can be obtained by minimizing the representation error and the class-wise sparsity simultaneously,
which can be formulated as a convex optimization problem
solved via Augmented Lagrange Multiplier scheme [33], [34].
The holistic approaches have been demonstrated being
effective for well controlled training and testing data. However,
they are vulnerable to the uncontrolled data (e.g., extreme
shadows, expression, and disguise) [25], [35], [36]. Local
approaches, such as keypoint based [37]–[40], component
based [41]–[43] and patch based [15], [16], [44], [45] methods,
are shown to be more robust in dealing with the extreme variation. However, both keypoint and component based methods
have huge computational burden and their good performances
heavily depend on the reliable detection of the keypoints or
components, which is not an easy task. Patch based approaches
that simply partition the image into predefined patches are
often preferred for their usability. Conventional patch based
approaches apply the classifier to each patch separately and
fuse the patch classification results for final decision. Many
fusion methods have been studied, such as product rule, sum
rule, max rule, median rule, and weighted sum rule. In [15],
LRC is applied to each patch and the label of the query image
follows the result of patch that has the minimum representation
error. Differently, SRC by patch [16] applies the majority voting to the classification results of individual patches.
It treats all patches equally regardless whether they are corrupted or not. To alleviate this problem, modular weighted
global sparse representation (WGSR) [45] discards the corrupted patches based on the patch residual and sparsity, and
uses the remaining patches for classification by weighting
patches with a nonlinear function. However, the optimization
of the weighting function remains an open issue.
As each patch is processed separately, patch based approach
is more flexible than holistic one. Without the bounding
between patches, the corrupted patches caused by extreme
variation will not affect the representation and classification
of the representative ones. Unfortunately, the patch scheme
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largely reduces the discriminative information used in the representation and classification. The classification result based on
the single patch is much less reliable than that from the whole
image. Fusing these less reliable results does not guarantee a
correct classification.
To exploit the flexible representation of patches and alleviate
the unreliability problem caused by the separated patch optimization, a collaborative patch (CP) representation scheme,
together with the proposed CSR, named CSR-CP, is proposed
in the second part of this paper. Different from the holistic
approaches that restrict the representation coefficient being
the same for all pixels of a training image, each patch in
the proposed scheme has its own representation coefficient.
Different from the aforementioned patch based approaches that
optimize each patch representation separately, the CP scheme
puts all patches of an image into a group, and optimizes a
group-wise sparse representation of the whole query image.
By seeking the group-wise sparsity over the coefficients of
all patches, it harnesses the relationship among patches of
the same image to obtain a reliable and discriminative result.
The proposed CP scheme can be realized by extending the
proposed CSR algorithm to the group of patches. Comprehensive experimental results are presented in this paper to
verify the effectiveness of the proposed CSR-CP approach on
several benchmark databases. They show that it significantly
outperforms the sparse representation related holistic and patch
based approaches.
II. C LASS -W ISE S PARSE R EPRESENTATION
An image of m pixels is arranged in a column vector.
Let Ai = [ai,1 , . . . , ai,ni ] ∈ m×ni be a stack of n i training samples with dimensionality of m from the i th subject.
] ∈ m×n stacks training samples of all
A = [A1 , A2 , . . . , AC
m
C subjects and n = C
i=1 n i . A query image y ∈  can be
represented by training samples of all classes A as
y = Ax + e,
n

(1)

is a representation coefficient vector associated
where x ∈
with A, and e is the representation error. As it is in general
assumed that samples of a specific subject lie in a linear
subspace, a query image is expected to be well represented
as a linear combination of the training samples of the same
class. Thus, we can find a sparse solution to the representation coefficients x. By measuring the sparsity of the coefficient vector with l1 -norm, the sparse optimization problem is
formulated as
1
min y − Ax22 + λx1 ,
(2)
x 2
where  · 1 denotes the l1 -norm that is absolute sum
of a vector and λ is a parameter for compromise
between the reconstruction error and sample-wise sparsity. Many algorithms are proposed to solve problem
(2) efficiently [46]–[48]. With the assumption that subspaces of distinct classes are independent to each other,
(2) achieves a discriminative representation where significant nonzero coefficients are only associated to the correct subject [49], [50]. Therefore, sparse representation (2)
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Fig. 1. An example of two different representations: a query image y (circle)
can be sparsely well represented by samples a1,1 and a1,2 of one class
(triangle); it can also be densely well represented by samples a2,1 and a2,2
of another class (diamond).

is applied to classification tasks, such as face recognition,
and named sparse representation based classification (SRC)
scheme [16].
However, there are two problems of SRC for face recognition: First, the significant nonzero coefficients, though sparse,
could be associated with many subjects. Due to the common facial components, the assumption of independence of
face subspaces cannot be always guaranteed, which leads to
significant nonzero coefficients spreading into many distinct
subjects. Second, to achieve a sparse coefficient, SRC tends
to randomly select a single representative from the highly
correlated training samples [51], [52]. The facial images have
not only the identity information but also much other information, such as illumination and expression. Thus, the correlation
between the samples of some different subjects with similar
variations could be higher than those of the same subject
with different variations. In this case, SRC is known to have
stability problems [52]. Typically, given two highly correlated
samples, SRC will randomly select one of the two [52]. The
randomness of SRC may lead to an unreliable result.
Although these two problems seem unrelated, both of them
can be resolved by using the class labels of training data during
sparse optimization. With this discriminative information, the
significant representation coefficients can be forced to associate with few subjects. Selecting classes instead of individual
samples can alleviate the problem of random selection of
highly correlated data. Therefore, Group Lasso (GL) [32] is
proposed to conquer the problems of SRC by replacing the
l1 -norm with the so-called l2,1 -norm as following

1
xi 2 ,
min y − Ax22 + λ
x 2
C

(3)

i=1

where xi ∈ ni is the representation coefficient vector of
the i th class and x = [x1 ; x2 ; . . . ; xC ]. The second term
of (3) is l2,1 -norm [53] that is widely used for group sparsity
measurement.
The l2,1 -norm is in fact the combination of a l2 -norm
within class and a l1 -norm across classes. It is not difficult
to understand the role of l1 -norm minimization over classes,
which enforces a group sparse representation. However, the
minimization of l2 -norm suppresses significant sparse coefficients and promotes a dense representation within the class.
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Take Fig. 1 as an example, where four training samples
(i.e., a1,1 , a1,2 , a2,1 , a2,2 ) of two subjects (triangle and
diamond) and a query sample y (circle) are shown. The
query sample can be well represented by the samples of
the triangle subject, i.e., y = 0.97 · a1,1 + 0.01 · a1,2 .
It can also be well represented by a combination of samples
of the diamond subject as y = 0.5 · a2,1 + 0.5 · a2,2 .
Although the l1 -norm of the former is smaller than the later,
its l2 -norm (0.970) is much larger than the later (0.707).
Therefore, the l2 -norm minimization of GL results in the death
of the single large coefficient and the survival of the two
small weights. The former one, however, is more likely to
be the correct subject because the face image variation is
more likely sparsely distributed rather than a dense Gaussian
distribution. Therefore, the l2 -norm minimization in the second
term of (3) adversely affects the correct class selection during
the minimization process of GL.
To tackle the problems of SRC and GL, we propose the
following optimization problem:
1
min y − Ax22 + λz0 s.t. z i = xi 2 ,
x,z 2
where z = [z 1 , z 2 , . . . , z C ]T .
(4)
Here the first term is the reconstruction error, the second term
is a class-wise sparsity measurement, and λ is a parameter
balancing the effects of these two terms.
The minimization of l0 -norm over z in (4) is a
non-convex problem, which can only be solved by the exhaust
searching [54]. Fortunately, recent studies in compress sampling [55]–[57] show that, the sparse vector can be approximately recovered by replacing the non-convex l0 -norm with
the convex l1 -norm if the solution is sparse enough. To be
robust to the gross images, which is ubiquitously contaminated
by sparse noises with arbitrary magnitudes [58] and therefore
cannot be well characterized by the l2 -norm, l1 -norm is used
to measure the representation error. As a result, we use
l1 -norm minimization for both sparse reconstruction error and
class-wise sparsity. Therefore, we propose a class-wise sparse
representation (CSR) method as
1
min y − Ax1 + λz1 s.t. z i = xi 2 ,
x,z 2
where z = [z 1 , z 2 , . . . , z C ]T .
(5)
The proposed CSR introduces a new variable z into the optimization process. The minimization of the number of nonzero
elements of the C dimensional vector z directly coincides with
the aim of finding the most class-wise sparse representation
of C classes. The regularization term in (5) searches sparse
z i , i = 1, 2, . . . , C in C space. In contrast, the regularization term in (3) searches a group sparse representation x k ,
k = 1, 2, . . . , n in n . Its minimization of the l2 -norm of xi
may lead to an undesirable result as the optimal representation
of a query image by training samples of the correct subject
may not necessarily be dense. In addition, it is troublesome
to minimize the l2 -norm of the representation error if there
are sparse but large corruptions in images. By characterizing
the representation error with the l1 -norm in the proposed
CSR, the adversarial impact of large noise is suppressed. The
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subjects as it does not use the class label information of
training data. The most significant coefficient is associated
with the wrong subject that leads to misclassification in this
example. Fig. 2b shows coefficients of GL, in which 7 subjects
have nonzero coefficients. The l2 -norm leads to a dense
representation within the class. The correct class fails to win
the most significant representation coefficient, which results
in the wrong decision. For the proposed CSR, it achieves the
most class-wise sparse coefficients (5 classes) among the three
methods. Furthermore, it makes the correct classification by
assigning the correct subject with the largest coefficient, which
stands out against the others. Fig. 2 shows that the proposed
CSR achieves the most discriminative representation among
the three.
A. Optimization
To solve problem (5), we first convert it to the following
equivalent optimization problem by introducing two auxiliary
variables e ∈ m and u ∈ n :
1
e1 + λz1
x,z,e,u 2
s.t. e = y − Ax, x = u, z i = ui 2 ,
min

(6)

where ui ∈ ni is a sub-vector of u with coefficients
associated with class i .
For efficiency, we adopt the Augmented Lagrange Multiplier
scheme [33], [34], which has been successfully applied to
a variety of convex or nonconvex problems [53]. Consequently, it derives the following unconstrained optimization
problem:
min

x,z,e,u

1
e1 + λz1
2
+ γ T (y − Ax − e) + θ T (ũ − z) + β T (x − u)

μ
+ y − Ax − e22 + ũ − z22 + x − u22 ,
2
(7)

Fig. 2. Comparison of representation coefficients of SRC (a), GL (b), and
the proposed CSR (c) on AR database of 20 persons with 5 undisguised
training images per person. The x-axis is 5(k − 1) + j where k and j are
respectively the indices of subjects and training images of a subject. Coefficients of the correct subject are in red lines (circles) and others are in blue
lines (dots).

two new components in the proposed CSR (5) lead to the
development of new optimization algorithm, which will reach
different results as shown in the experiments. In some cases,
the performance improvement of the proposed CSR (5) over
group Lasso (3) is significant.
Fig. 2 visualizes a comparison of coefficients of SRC,
GL, and the proposed CSR. Fig. 2a shows that SRC
achieves the most sample sparse coefficients with only
17 nonzero elements. However, they spread into 9 different

where γ ∈ m , θ ∈ C and β ∈ n are the Lagrangian
multipliers, μ > 0 is the penalty parameter, and ũ ∈ C
T

denotes the vector u1 2 , u2 2 , . . . , uC 2 .
Instead of optimizing all variables simultaneously, as they
are separable, we apply the alternating optimization scheme,
which has been widely advocated by sparse and low-rank
optimization works [25], [50], [59], [60]. As a result, the
original problem is decomposed into several subproblems,
which optimize one variable by fixing the others in each
step.
Given the current x, z and u, we optimize e by solving the
following subproblem:
μ
1
arg min e1 + γ T (y − Ax − e) + y − Ax − e22
e 2
2
1
1
e1 + e − (y − Ax + γ /μ)22 .
= arg min
e 2μ
2

(8)

Problem (8) can be solved via the soft-thresholding
operator [61].
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We fix the other variables and optimize x by minimizing
the following problem:
arg min γ T (y − Ax − e) + β T (x − u)
x
μ
+ (y − Ax − e22 + x − u22 )
2
μ
= arg min xT (AT A + I)x
x 2


− μ (y − e + γ /μ)T A + (u − β/μ)T x.
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Algorithm 1 Class-Wise Sparse Representation (CSR)

(9)

This is a least square problem, which leads to a close-form
solution of x as:


x = (AT A + I)−1 AT (y − e + γ /μ) + (u − β/μ) .
(10)
With the updated x, z and e, the optimized u can be
obtained by
arg min θ T (ũ − z) + β T (x − u)
u
μ
+ (ũ − z22 + x − u22 ).
2
By simple manipulation, (11) can be rewritten as
arg min
u

C 


(11)

(θi − μz i )ui 2 + μui − (xi + βi /μ)/222 ,

i=1

(12)
which has a closed form solution by the 1D shrinkage
formula [53]:
ui = max ri 2 −

ri
(θi − μz i )
,0
,
2μ
ri 2

(13)

where ri = (xi + βi /μ)/2, for i = 1, 2, . . . , C.
We can acquire the optimum z by solving the following
problem:
μ
arg min λz1 + θ (ũ − z) + ũ − z22
z
2
λ
1
= arg min z1 + z − (ũ + θ /μ)22 .
(14)
z μ
2
The same as problem (8), (14) can be solved by the
soft-thresholding operator.
Finally, the Lagrangian multipliers are updated as
γ = γ + μ(y − Ax − e),

(15)

θ = θ + μ(ũ − z),
β = β + μ(x − u).

(16)
(17)

The steps (8), (9), (12), and (14)-(17) are repeated until
the convergence conditions are attained. Algorithm 1 summarizes the procedures of solving the optimization problem (5).
In (12), different from GL using a constant weight for all
ui 2 , CSR varies the weights from class to class. The weights
play an important role in the optimization. It is easy to see
in (14) that larger ui 2 leads to larger z i . As shown in
(12), larger z i decreases the weight of ui 2 , which will less
penalize the l2 -norm of ui . Therefore, this makes the proposed
CSR emphasize the sparsity of ui 2 over i and deemphasize
the minimization of the l2 -norm of individual ui . Furthermore,

compared to the proposed CSR, GL lacks two crucial steps
(8) and (14). In (8), the proposed CSR attempts to find
the sparse noise vector e. It is well known that the l2 norm minimization (9) is not robust to outliers, especially,
when the outliers are significant different from the original
data. By removing the sparse but arbitrary noise via (8),
the optimized x in (9) will less overfit to a corrupted query
sample y. In (14), we minimize the l1 -norm of z by searching z i and setting the small nonzero elements of ũ to zero.
As a result, the proposed CSR achieves more class-wise sparse
coefficients compared to GL, which is further verified in the
experiments.
B. Classification
Once the coefficient vector x and representation error e are
obtained, the corrupted query image y can be recovered as
ŷ = y − e = Ax.

(18)

Now the reconstruction error by a single class, ei , can be
generated as
ei = ŷ − Aδi (x),

(19)

where δi (x) only retains the coefficients associated with class i
and the others are 0.
The reconstruction by samples of class i will be the closest
to ŷ if the query image originates from the same class. Thus,
the reconstruction error of the correct class should be the
minimum among all. To measure the magnitude of class
reconstruction error, l2 -norm is widely applied. However, the
quadratic term of l2 -norm makes it easily disturbed by a few
or even a single large outlier. To tackle this problem, l1 -norm
is a popular choice in field of robust statistics. In this paper,
we propose to measure the magnitude of class error as
ri = ei 1 = Ax − Aδi (x)1 = Aδ̄i (x)1 ,

(20)

where δ̄i (x) ∈ n is a vector generated by setting the elements
of x associated with the i th class to 0.
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Fig. 3. (a) A query image partitioned into the predefined patches. (b) An example of collaborative patch sparse representation of the whole query image.
The coefficients indicated by red lines (circle) are associated with the correct class.

Finally, the query image is labeled to the subject with the
minimum residual
i ∗ = arg min ri .
i

(21)

III. C OLLABORATIVE PATCH R EPRESENTATION
SRC [16] has demonstrated its effectiveness in face recognition under some scenarios. However, a violation of carefully
controlled training samples may result in severe performances
degradation. For example, to represent a normal query image,
instead of choosing the extremely illuminated training samples
of the correct subject, SRC tends to select the normal samples
from other subjects. In this case, the result of SRC is no longer
informative.
In order to handle face with extremely variation
(e.g., shadow, expression, and disguise), in [16], images are
partitioned into L patches as shown in Fig. 3a. It generates
a set of patch dictionaries Al ∈ (m/L)×n by stacking the lth
patches of n training images, for l = 1, 2, . . . , L. Similarly,
a query image is also partitioned into y1 , y2 , . . . , y L ∈ m/L .
For each patch, yl is represented by the patch dictionary Al as
yl = Al xl + el ,

discriminative information, the local optimums of SRC-P are
less reliable. The fusion of these less reliable results does not
guarantee a correct classification. Furthermore, as all patches
are processed separately, they are not constrained to select the
same classes. Thus, the significant representation coefficients
of different patches could be distributed in a number of
different training classes with no class wining more patches
than the others.
To alleviate these problems, we propose a scheme that
gathers all patches into a single joint optimization. Given a
1 , a2 , . . . ,
training image ai,k , we generate L patch images, ai,k
i,k
L
m
ai,k ∈  , where the only nonzero elements of ali,k are the
pixels of ai,k associated with the lth patch. Some examples
of ali,k are shown in the left image of Fig 3b, in which the
patch images of a row are generated by an image. We stacks
P = [a1 , a2 , . . . , a L ].
all L patch images of ai,k as Ai,k
i,k i,k
i,k
P
P
P
P
Ai = [Ai,1 , Ai,2 , . . . , Ai,ni ] encloses all patch images of a
subject. By concatenating the patch images of all C subjects, a
dictionary is produced as A P = [A1P , A2P , . . . , ACP ] ∈ m×n L .
We propose a collaborative patch (CP) representation of query
sample y as
y = AP xP + eP ,

(22)

where xl ∈ n and el ∈ m/L are the patch representation
coefficients and error, respectively. For each of L patches,
SRC (2) is applied to (22) for classification. The label of
query image is decided based on the majority voting of all
patches [16]. In this paper, we call this method SRC by
patch (SRC-P).
SRC-P alleviates some limitations of SRC. By partitioning
the image, the corrupted patches caused by extreme variation
will not affect the representation and classification of the
representative ones. Moreover, for the representation of each
patch, SRC-P solves a more underdetermined linear system of
(m/L)×n, which has only one Lth constraints of SRC (m×n),
and hence it reconstructs the query image more accurately.
In the procedure of SRC-P, it searches individual local
optimums first (i.e., the result of each patch) and then fuses
them for a final decision. A patch with the dimensionality of
m/L has much less discriminative information than the whole
image with the dimensionality of m. Based on the reduced

(23)

where x P ∈ n L and e P ∈ m are the collaborative patch
representation coefficients and error, respectively.
It is not difficult to see that if the proposed CSR (5) is
applied to solve x P in (23), the representation coefficients of
all patches of a training image are put into a group to compete
with others in the sparse optimization. Thus, all patches of an
image collaboratively participate in the optimization. Therefore, we propose the CP representation scheme together with
the proposed CSR, named CSR-CP, as following optimization
problem
min

x P ,z P

1
y − A P x P 1 + λz P 1 s.t. z iP = xiP 2
2

where z P = [z 1P , z 2P , . . . , z CP ]T ,
n i L

(24)

∈
is the coefficient vector associated with AiP .
here
All patches in A P and y are normalized to unit l2 -norm.
Different from SRC-P, which considers each patch representation separately, the proposed CSR-CP method bounds all
xiP
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patches of an image and all images of a class into a group.
Putting all patches of an image together in the optimization,
CSR-CP compensates the loss of the discriminative information caused by partition of the image into patches. Thus,
the result of the proposed CSR-CP is more informative than
SRC-P for classification.
Once (24) is solved by Algorithm 1, a classification
procedure similar to (20) and (21) is applied.
SRC constrains all pixels of an image to share the
same coefficient. Thus, it either selects all or none pixels
of an image. SRC-P attempts to interpolate between these two
conditions by partitioning image into patches and processing
them separately. It results in that every patch has its own
representation coefficient. That is, the representative patches
of the corrupted image can be freely and independently used to
reconstruct those of query image. Therefore, SRC-P shows its
effectiveness when the training data is not well controlled, such
as with disguise, extreme expression and shadow. Although
SRC-P can achieve a more accurate representation, it does
not necessarily result in better recognition rates in all cases.
In fact, SRC-P leads the representation to an extreme, which
does not take the relations between patches of the same
image into consideration. Hence, SRC-P largely reduces the
discriminative information, which is critical for classification.
The proposed CSR-CP makes a compromise between SRC
that treats the whole image as an entirety, and SRC-P that
allows different representations for different patches. It uses
all patches collaboratively to learn a group-wise sparse representation where patches are united as an entirety in the
sparse optimization. The proposed CSR-CP, which inherits
some merits of both holistic and patch based approaches,
attains a more reliable and robust representation.
To illustrate a problem the proposed approach solves, Fig. 4
shows a real example comparing CSR-CP with SRC and
SRC-P. An undisguised query image is represented by training
samples that contains 100 subjects, each of which has two
images, from AR databases. The two training images of the
correct subject are both disguised, one wearing sunglasses and
the other wearing scarf. SRC-P and the proposed CSR-CP
apply 8 patches as shown in Fig. 3. The representation
accuracy (1 − ri / max(ri )) by training samples of a single
class of SRC, SRC-P and the proposed CSR-CP are shown
in Fig. 4a, b and c, respectively. Due to the disguise in
training samples of the correct subject, SRC tends to select the
uncorrupted samples of many other subjects to represent the
query image. As a result, there are 4 class-wise representation
accuracies higher than that of the correct subject, which
leads to wrong classification. As SRC-P optimizes patches
separately, the different patches have different selections of
subjects. This can be seen in Fig. 4b that many subjects have
nonzero class-wise representation accuracies, where 2 subjects
have higher class-wise representation accuracies than the correct subject. More specifically, the minimum reconstruction
errors of 8 patches are won by 8 different subjects that leads
to misclassification. For the proposed CSR-CP method, the
correct subject achieves a much higher class-wise representation accuracy than the other subjects and hence it correctly
labels the query image.
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Fig. 4. Comparison of SRC (a), SRC-P (b) and the proposed CSR-CP (c) in
terms of representation accuracy by single class. For SRC-P, the class residual
ri is the sum of the 8 patch residuals for comparison with SRC and CSR-CP.
The red lines (circle) are associated with the correct subject.

IV. E XPERIMENTS
The proposed approaches, class-wise sparse representation (CSR) and class-wise sparse representation with collaborative patch (CSR-CP), are evaluated in 4 face databases:
Extended Yale B [14], CMU Multi-PIE [62], AR [63], and
CMU PIE [64]. To show the effectiveness of the proposed
CP separately, we also propose to integrate CP scheme in
the Group Lasso [32] named GL-CP. All these three proposed algorithms are compared with LRC [15], SRC [16],
Group Lasso (GL) [32], [65], LRC by patch (LRC-P) [15],
SRC by patch (SRC-P) [16] and WGSR [45]. The parame-
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Fig. 5.

Fig. 6.

Face samples from the Extended Yale B.

Fig. 7.

Face samples from the CMU PIE database.

Face samples from the AR database.

ters λ of the proposed methods are determined by crossvalidation on AR dataset and fixed over all experiments of
this paper to 0.25 and 0.1 for CSR (5) and CSR-CP (24),
respectively, though better performances may be achieved if
they are fine tuned to fit each specific experiment. For the
competing methods, their parameters are tuned to achieve the
best performances on AR dataset. The grey level of image is
used as the feature. In all but Experiment 7, the number of
patch is fixed to 8 as shown in Fig. 3, which is the same as
[15], [16], and [45].
The cropped Extended Yale B database includes 38 subjects,
each of which has 64 frontal face images captured under
64 different illuminations. These 64 samples are divided into
5 subsets depending on the angle between the directions of
light and face. Fig. 5 shows some samples with various lighting
condition. The image size is downsampled from 198 × 168
to 48 × 42.
The CMU Multi-PIE database contains face images captured in 4 sessions with variations in illumination, expression
and pose. We use the frontal images with neural expression of
the first 105 subjects of Session 1 in the experiments. Images
are cropped based on the eye locations provided by [66] and
downsampled to 50 × 40 pixels.
For AR database, we use a subset including 50 male subjects
and 50 female subjects. For each subject, 26 face images
are taken in two separate sessions, that is, each session has
13 samples. These two sessions are with the same expression,
illumination and disguise variation. However, Session 2 is
captured one week later than Session 1. Fig. 6 shows images
of a typical session from AR database. All images are resized
from 165 × 120 to 55 × 40.
The CMU PIE database has 41,368 facial images
of 68 subjects. The face images were acquired by 13 synchronized cameras and 21 flashes, under varying pose, illumination
and expression. In the experiment, we choose the images
captured from the frontal poses (C27) and use all the images
under different illuminations and expressions. As a result,
for each of 68 subjects, there are 49 facial images. Some facial
images with illumination and expression changes are shown
in Fig. 7. All images are with the size of 45 × 45.

Fig. 8.

Recognition Rate on Extended Yale B.

Fig. 9.
Face samples with illumination variation from CMU Multi-PIE
database.

A. Face Recognition With Uncorrupted Training Samples
This subsection tests the effectiveness of the proposed
approaches with uncorrupted training data.
Experiment 1: for Extended Yale B database, we randomly
select t from 64 illuminations as training data and the others
are used for testing. We repeat this procedure 10 times for
each t (12, 6, 5, 4, 3). Fig. 8 plots the averaged results and
standard deviations of various methods with different training
samples t. Much to our surprise, GL, which attempts to solve
the problem of SRC, underperforms SRC in all scenarios.
Among the holistic approaches, the proposed CSR achieves the
best recognition rates, which is however worse than the patch
based methods due to the extreme illuminations and insufficient training data. Although GL underperforms SRC all the
time, the proposed GL-CP performs better than SRC-P in the
cases of 4 and 3 training samples thanks to the collaborative
patch scheme. When t is equal to 12, all patch based methods
except for LRC-P achieve close results. WGSR consistently
achieves the second best accuracies with the maximum gain
over SRC-P 6%. The proposed CSR-CP performs the best and
its largest improvement over SRC-P is 14.5%.
Experiment 2: to further verify the performances of various
methods in tackling the extreme illuminations, another experiment is done on Multi-PIE database. Following the procedure
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TABLE I
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TABLE II
R ECOGNITION R ATE ON CMU PIE D ATABASE

Fig. 10.

Recognition rate on Multi PIE Database.

in [62], 18 flash-only images are generated as the differences
between flash images (illuminations {1-18}) and non-flash
image (illumination {0}) of Multi-PIE database as shown
in Fig. 9. For each of the 105 subjects, t images are randomly
selected for training and the other 18 − t images are used
as testing data. The averaged recognition rates and standard
deviations over 10 runs are plotted against the reduced t
in Fig. 10. It can be seen that the proposed CSR visibly outperforms the other holistic approaches. Although the recognition
accuracies of GL are similar or even inferior to those of SRC,
by using of collaborative patch scheme, the proposed GL-CP
outperforms SRC-P and consistently perform the second best.
When there are equal or more than 3 training samples per
subject, the proposed CSR-CP achieves almost perfect results
(i.e., greater than 99%). The maximum accuracy gain of the
proposed CSR-CP over SRC-P reaches about 9% at 2 training
samples per subject.
Experiment 3: for each subject of AR database, t (6, 5, 4, 3)
of 7 undisguised samples from Session 1 are used for training
and all 7 undisguised samples from Session 2 are used for
testing. With each t, we randomly select 10 times. The averaged results and standard deviations are recorded in Table I.
Among all holistic approaches, the proposed CSR achieves the
best recognition rates where the performance gain increases
with decreasing number of training data. For LRC and SRC,
their patch based versions cannot consistently outperform the
corresponding holistic ones. In contrast, the proposed CSR-CP
and GL-CP perform better than the proposed CSR and GL
for all different t, respectively. Again, the proposed CSR-CP
consistently achieves the best results.
Experiment 4: for each subject of CMU PIE dataset,
t (8, 4, 3, 2) facial images are randomly selected for
training and all the rest are used for testing. The averaged recognition rates and standard deviations over 10 runs
are shown in Table II. As the variation of this dataset is similar
to that of Experiment 3, which includes only small illumination and facial expression, comparable results are obtained.
Given the sufficient training data (i.e., t = 8), all methods but
LRC-P achieve high recognition rates and their differences
are marginal. Although SRC-P performs inferior to SRC due

to the limited discriminative information of each patch, the
proposed CSR-CP and GL-CP consistently outperform their
corresponding holistic versions. For all number of training
data, the proposed CSR-CP and CSR perform as the top 2
approaches.
B. Face Recognition With Occluded Training Samples
This subsection tests the effectiveness of various approaches
on training data with disguise.
Experiment 5: for each subject of AR database, all 6 disguised face images (i.e., the second row of Fig. 6) from
Session 1 are used for training and 8 face images with
illumination variations (i.e., the 1st, 5th, 6th, and 7th samples
of the first row of Fig. 6) from both Session 1 and Session 2 are
used for testing. Table. III details the performances of various
methods in this scenario. The proposed CSR significantly
outperforms SRC with the accuracy gain of 9% while that of
GL is only 5.4%. The proposed CSR-CP achieves the accuracy
gain of 8.1% from SRC-P.
The running time of each approach is evaluated under
the Matlab programming environment and on a desktop of
3.5GHZ CPU with 16G RAM. It is 0.02s for LRC and
LRC-P, 0.12s for GL, 0.34s for SRC, 0.32s for SRC-P, 0.46s
for WGSR, 0.88s for GL-CP, 6.65s for CSR and 19.47s for
CSR-CP.
Experiment 6: for each subject of AR database,
t (6, 5, 4, 3) facial images are randomly selected from all
13 images of Session 1 for training, and all 13 samples
from Session 2 are used for testing. With each t, we repeat
this procedure 10 times and record the averaged results and
standard deviations in Table IV. It should be noted that
the testing data of every subject have two different disguise
types, both of which could be absent in its training data but
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TABLE III
R ECOGNITION R ATE ON AR D ATABASE W ITH O NLY D ISGUISED T RAINING S AMPLES

TABLE IV
R ECOGNITION R ATE ON D ISGUISED AR FACE D ATABASE

Fig. 11. Face samples partitioned into different numbers of patch. (a) 2 × 2;
(b) 3 × 2; (c) 4 × 2; (d) 5 × 2 (e) 6 × 2.

C. Face Recognition With Different Patch Numbers
This subsection tests the effectiveness of various approaches
with different number of patch L. The images are partitioned
into L patches, here L is set to 4 (2 × 2), 6 (3 × 2), 8 (4 × 2),
10 (5 × 2), or 12 (6 × 2) as shown in Fig. 11.
Experiment 7: the data setting of Experiments 6 with 4
training samples is used to test various patch based approaches
with different number of patch. Fig. 12 plots the performances of averaged results and standard deviations of 10 runs.
It shows that the results of SRC-P and LRC-P vary visibly
as the number of patch increases. SRC-P delivers recognition
rates ranging from 63.3% to 72.4%, while the performance of
LRC-P is from 45.5% to 51.9%. The approaches employing
relations between patches are less sensitive to the number of
patch. The difference of maximum and minimum accuracies
of WGSR, the proposed GL-CP and CSR-CP are 2.24%,
3.16% and 1.78%, respectively. Fig. 12 also demonstrates
that the proposed CSR-CP significantly outperforms all other
algorithms consistently for all numbers of patch.
V. C ONCLUSION

Fig. 12.

Recognition rate on AR database with different numbers of patch.

could present in some other subjects. Table IV shows that
GL visibly outperforms SRC. Much more significant gains
over SRC are achieved by the proposed CSR. The performance
of SRC-P is slightly better than that of SRC in this challenge
scenario. However, by employing the proposed collaborative
patch scheme, the accuracies of both proposed GL-CP and
CSR-CP are visibly better than their corresponding holistic
ones in all number of training data. The proposed CSR-CP
again outperforms the others consistently. The accuracy gain
over SRC-P reaches 18.3% at t = 3.

SRC considers the image classification problem as a sparse
linear representation of the query image. Ideally, all significant
representation coefficients should be associated to the correct
class. However, as images of different classes could be similar
and correlated, the sample-wise sparse representation that
ignores the identity information of training samples tends
to employ training samples of many subjects. This results
in misclassification. GL attempts to solve this problem by
minimizing the so-called l2,1 -norm of the representation coefficients. Although the minimization of the l1 -norm component
leads to a group sparsity, the minimization of the l2 -norm
component may result in the attained representation deviating
from the desired solution as the optimal representation by
training samples of the correct subject may not necessarily
be dense. The proposed CSR alleviates the problems of
SRC and GL. It seeks an optimum representation of the query
image by minimizing the number of selected classes of training
data.
Patch based approaches are effective to handle the corrupted
images and extreme image variations at a price of reducing
the discriminative information in the training data. Different
from the conventional patch based methods that optimize each
patch separately, the proposed CSR-CP approach optimizes
all patches together to seek a collaborative patch groupwise sparse representation. It inherits the merits of the patch
based approaches in dealing with the corrupted or extremely
variate images and alleviates their problems in reducing the
discriminative information. As a result, a more reliable and
discriminative representation is achieved by the proposed
CSR-CP method. Extensive experiments on several benchmark
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databases verify the merits and significance of the proposed
CSR-CP approach.
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