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Face Recognition by Exploiting Local Gabor
Features With Multitask Adaptive

Sparse Representation
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Abstract— For a human face, the Gabor transform can extract
its multiple scale and orientation features that are very useful
for the recognition. In this paper, the Gabor-feature-based face
recognition is formulated as a multitask sparse representation
model, in which the sparse coding of each Gabor feature is
regarded as a task. To effectively exploit the complementary
yet correlated information among different tasks, a flexible
representation algorithm termed multitask adaptive sparse
representation (MASR) is proposed. The MASR algorithm not
only restricts Gabor features of one test sample to be jointly
represented by training atoms from the same class but also
promotes the selected atoms for these features to be varied within
each class, thus allowing better representation. In addition, to
use the local information, we operate the MASR on local regions
of Gabor features. Then, by considering the structural charac-
teristics of the face and the effects of the external interferences,
a structural–residual weighting strategy is proposed to adaptively
fuse the decision of each region. Experiments on various datasets
verify the effectiveness of the proposed method in dealing with
face occlusion, corruption, small number of training samples, as
well as variations of lighting and expression.

Index Terms— Decision fusion, face recognition, Gabor
wavelet, multitask sparse representation, sparse residual.

I. INTRODUCTION

FACE recognition has attracted much attention due
to its wide range of potential applications, such as

biometric, identity authentication, law enforcement, and video
surveillance [1]. Even though human eye can detect and
identify faces in a scene easily, building an automatic system
that accomplishes such a task is still very challenging. The
challenges are mainly from large variations of illumination,
expression, pose, corruption, and occlusion appeared in real
face [2]–[4].

Up to now, many researchers have resorted to the design
of effective face representation techniques, which aim to
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extract robust and discriminant features. The feature extrac-
tion approaches are mainly divided into two categories:
1) holistic feature based [5]–[7] and 2) local feature
based [8]–[10]. Holistic-feature-based approaches, including
the principal component analysis (PCA) [5], linear dis-
criminant analysis (LDA) [7], and independent component
analysis [6], have been popularly used for face recogni-
tion. Nonetheless, more recent works [8]–[12] attempt to
develop local-feature-based techniques, since they are more
stable to local changes, such as illumination, expression, and
occlusion [13]–[15]. One of the most successful local descrip-
tors is the Gabor wavelet [16], [17], due to its biological
relevance and computational properties [18]. The Gabor
wavelet whose kernels are similar to receptive field of the
human cortical simple cells could effectively extract the image
local orientation features at multiple scales. Furthermore,
recent biological studies [19] have revealed that the scale and
orientation information of retinal is very important for visual
perception. However, effectively utilizing such multiscale-
orientation information is a nontrivial work.

On the other hand, many efforts have been made to develop
the discriminative face classification techniques. Typical
classifiers include the nearest neighbor, neural network [20],
and support vector machines [21], among others. Recently,
Hinton and Salakhutdinov [22] proposed a deep learning (DL)
method to train a deep neural network, which is also success-
fully applied for the face recognition task [23], [24]. Since the
trained deep network can achieve a better representation of the
face data, the DL-based face recognition methods obtain very
good performances. However, these methods always require
a very huge amount of training data (e.g., 4.4 million training
faces in [24]) and computation cost to tune the deep network.
Inspired by the sparse coding mechanism of human vision
system [25]–[28], one more promising direction is to
incorporate the sparsity priori into the classification
scheme [29], [30]. Wright et al. [29] introduced a sparse
representation-based classification (SRC) method, which
represents a test sample using a small number of training
samples (atoms) adaptively chosen out of all the candidate
training samples (a structural dictionary). The classification
result is then determined by evaluating which class of
training samples has the least representation residual.
In the original SRC, Wright et al. [29] only adopted the
simple holistic descriptors (such as PCA and LDA) to
reduce the dimensionality of the training and test samples.
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Yang et al. [31] proposed a statistical local-feature-based
robust kernel representation (SLF-RKR) method, which
combines the SRC with the local binary projection (LBP)
features and obtains better performance than the original SRC
method. Yang and Zhang [32] proposed a Gabor-feature-based
SRC (GSRC), which incorporates the Gabor local features
into SRC. Since the original SRC can only process one
test data at a time with its vector pattern, GSRC simply
concatenated Gabor features of all scales and orientations into
a long vector. Though such an approach provides promising
recognition results, the simple features concatenating strategy
might not fully exploit the Gabor information of different
scales and orientations.

In this paper, to utilize the Gabor multiscale-orientation
information, we first formulate the multifeature classification
problem as a multitask sparse representation model [33]–[35].
More specifically, assuming that the Gabor wavelet creates
o × s types of scale and orientation features for one face
image, we can generate o × s representation tasks in which
the sparse representation on each type of feature is regarded as
one task. To exploit the correlations among different features,
a multitask joint sparse representation (MJSR) model [35]
can be used to confine all these features to share the same
sparsity pattern via a joint sparse constraint. However, such a
constraint is too restrictive, since different kinds of features
even associated with the same subject might exist large
differences. In other words, to achieve a more effective repre-
sentation, each type of feature should have a certain degree of
its own freedom on the sparsity. Based on this idea, we further
propose a flexible representation algorithm called multitask
adaptive sparse representation (MASR). More specifically,
since different features all correspond to the same subject,
the MASR still has the same sparsity pattern at class-level,
which enforces all the features to choose the training atoms
from the same class. Moreover, within each class, motivated
by [36]–[39], the MASR adopts a flexible atom selection
scheme that allows different features to adaptively choose
their own appropriate atoms. In this way, the MASR not only
combines the information of the different features (tasks) for
discrimination but also achieves a more effective representa-
tion for each specific type of feature.

As Gabor wavelet only focuses on local areas,
following [8], [13], and [14], we partition the Gabor
feature image into a number of small regions and perform
the MASR on each region. Intuitively, different regions in
the face image should have different contributions for the
final classification [13], [14], [40]. Therefore, a structural–
residual region weighting (SRW) strategy is proposed to
adaptively assign the weight for each region. Specifically,
the SRW strategy first considers the structural characteristics
of the human face, which can assign large weights for
distinguished structural regions (e.g., nose and eye) and
small weights for smooth regions (e.g., cheek and forehead).
In addition, the sparse coding residual is utilized on the SRW
strategy to reduce the effects of the external interferences
(e.g., expression and occlusion).

The rest of this paper is organized as follows. In Section II,
we briefly review the SRC and Gabor wavelet transform.

Section III introduces the proposed MASR method to
exploit the Gabor multiscale-orientation information and the
SRW strategy to fuse the recognition result of each local
region. The experimental results are presented in Section IV.
Section V concludes this paper and suggests future works.

II. RELATED WORKS

A. Sparse Representation-Based Classification

Denote by A = [A1,A2, . . . ,Ac, . . . ,AC ] ∈ RP×N the
structural dictionary formed by the whole training samples,
where Ac = [a1

c, a2
c , . . . , aNc

c ] ∈ RP×Nc is the subdictionary
with samples (atoms) from class c, C is the number of
classes, Nc is the number of atoms in subdictionary Ac and
N = ∑C

c=1 Nc is the total number of atoms in A. The SRC has
the basic assumption [29] that a test sample yc ∈ RP×1 from
class c can only be well represented by the subdictionary Ac

with training samples (atoms) from the same class

yc = a1
cx1

c + a2
cx2

c + · · · + aNc
c xNc

c = Acxc (1)

where xc = [x1
c, x2

c , . . . , xNc
c ] is the coefficient vector for

weighting each atom in class c. As the class label of the test
sample y ∈ RP×1 is unknown, the SRC sparsely represents
the y utilizing the whole training dictionary A and pursuits the
sparse coefficients x̂ ∈ RN×1 as the error constrained form

x̂ = arg min
x

‖x‖0 s.t. ‖y − Ax‖2
2 ≤ ε (2)

or the sparsity constrained form

x̂ = arg min
x

‖y − Ax‖2
2 s.t. ‖x‖0 ≤ K (3)

where ε is the error tolerance and K is the sparsity level
representing the number of selected atoms in the dictionary
(also corresponding to the nonzeros coefficients in x̂).
Greedy pursuit [41]–[44] and convex relaxation [45] are
two types of typical algorithms for addressing the problems
(2) and (3). The most commonly used greedy algorithm is the
orthogonal matching pursuit (OMP) [41], which includes the
following general steps at each iteration.

1) Select the best matched atom a ĵ that exhibits the highest
correlation with the residual vector R = y − Ax by
searching over the whole dictionary

a ĵ = arg max
a j

∣
∣aT

j R
∣
∣, j = 1, . . . , N. (4)

2) Merge the newly selected atom’s index with the
previously selected atom’s index set J

J = J ∪ ĵ . (5)

3) Estimate sparse coefficient x by projecting the test
subject y on AJ

x̂ = (
AT

J AJ
)−1AT

J y (6)

where the subdictionary AJ is constructed by selected
atoms. Note that the �2 norm of the representation
fidelity ‖y − Ax‖2

2 in (2) can be changed to the regu-
larized robust coding (RRC) [46] to obtain the better
sparse vector x. After the sparse coefficient vector x̂
is obtained, SRC determines the class label of the test
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Fig. 1. Gabor wavelet with five scales and eight orientations.

sample y based on the minimum representation error
criteria

ĉ = SRC(y) = arg min
c

‖y − ŷc‖2

= arg min
c

‖y − A�c(x̂)‖2 (7)

where �c(X̂) is an vector operator that preserves
coefficients of x̂ corresponding to class c and sets all
other coefficients to zero.

B. Gabor Wavelet

Gabor wavelet filters are defined as follows [10]:

ψo,s(z) = ‖ko,s‖2

σ 2 · exp
(−‖ko,s‖2‖z‖2/2σ 2)

· [exp(iko,sz)− exp(−σ 2/2)] (8)

where o and s separately represent the orientation and scale
of the Gabor filters, z = (x, y) denotes the pixel, and σ is the
ratio of the Gaussian window width to wavelength. The wave
vector ko,s is defined as

ko,s = ks · exp(iφo) (9)

where ks = kmax/ fs and φo = (π · o)/8. kmax is the maximum
frequency and fs is the spacing factor between kernels in the
frequency domain.

Gabor wavelet can have a number of different types by
altering the scale S and orientation O. Fig. 1 shows the
Gabor wavelets with five scales and eight orientations. As can
be observed, the Gabor wavelet reflects various kinds of edge
and bar details with different orientations and takes abundant
frequency information with different scales. Therefore, the
Gabor wavelet can extract more details in some meaningful
local regions of face (e.g., nose, eyes, and mouth), which are
very useful for recognition. The convolution of an input face
image with the Gabor wavelet creates O×S magnitude images
and O × S phase images. Since the magnitude information
contains the variation of local energy, this paper only selects
magnitude images as the Gabor features. In addition, to more
effectively utilize the Gabor local information [8], [13], [14],
we will partition the feature image into a set of local
regions.

III. PROPOSED METHOD FOR LOCAL

GABOR-FEATURE-BASED FACE RECOGNITION

A. Multitask Sparse Representation Model for Gabor Features

Suppose we have a training dictionary A and a test
sample y, as described aforementioned, the Gabor wavelet can
generate O × S feature dictionaries {A1, . . . ,AO×S} and test
samples {y1, . . . , yO×S} of different orientations and scales.
We arrange all test samples and atoms of training dictionaries
into column vectors and denote their sparse coefficients as a
matrix M = [x1, . . . , xO×S ] ∈ RN×(O×S), where N stands for
the dimension of each sparse coefficient (corresponding to the
number of atoms in the dictionary A). The sparse matrix can
also be represented as row vectors M = [x1; . . . ; x j ; . . . ; xP ],
where x j is one row of the matrix M. Note that, for simplicity,
we here only utilize the whole image as the feature. In the later
section, we will discuss how to partition the image into regions
and utilize the SRW strategy to fuse the result of each region.

After Gabor multiscale-orientation dictionaries
{A1, . . . ,AO×S} and test samples {y1, . . . , yO×S} are
obtained, we aim to utilize the information from different
scales and orientations to make a single decision for the
recognition. Based on the SRC model, one simple way
is to rewrite (3) into a multitask sparse representation
problem (Fig. 2)

{x̂i }O×S
i=1 = arg min

{xi }

o×s∑

i=1

‖yi−Ai xi‖2

s.t. ‖xi‖0 ≤ K ∀1 ≤ i ≤ (O × S). (10)

However, this formulation separately pursuits the sparse
coefficient x̂i for each task and thus does not consider the
relationship among the different tasks (orientations and scales).
To combine the information among the Gabor orientations
and scales, we can use a joint sparse assumption [34], [35]
that the sparse coefficients of different tasks have the same
sparse pattern. That is, for different tasks, the positions of the
nonzero coefficients in all the sparse vectors x1, . . . , xO×S

are identical, while coefficient values might be varied. Under
this assumption, the nonzero coefficients in M should be on
the same rows and a joint sparse regularization �row,0 can be
placed on the M to select a small number of the representative
nonzero rows

‖M‖row,0 = ‖[‖x1‖2; . . . ; ‖x j‖2; . . . ; ‖xP‖2]‖0 (11)

where x j is one row in the sparse coefficient matrix M.
Then (10) can be rewritten as

M̂ = arg min{M}

O×S∑

i=1

‖yi−Ai xi‖2 s.t. ‖M‖row,0 ≤ K . (12)

In [34] and [35], the application of the joint sparse prior for
multitask problem is termed as the MJSR model.

B. Multitask Adaptive Sparse Representation

The MJSR model explained above can be directly used to
exploit the Gabor information of different scales and orien-
tations by enforcing the same sparsity pattern among them.
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Fig. 2. Schematic of the multitask sparse representation model for the Gabor multiscale-orientation feature-based face recognition.

Fig. 3. Multiorientation-scale features have different sparsity pattern within
each class for the better representation. In each type of feature, the best
representation atom for the test sample is added with a red border.

However, assuming that all the orientation and scale features
have the same sparsity pattern might be too restrictive, since
multiorientation-scale features are very different. That is, each
kind of feature should have its own freedom in selecting the
position of the atoms for a better representation. On the other
hand, since all the multiscale-orientation features belong to
the same subject, the freedom should be restricted within
each class. Fig. 3 provides an example that indicates that
within the same class, each type of feature selects atoms from
different positions for a better representation. Therefore, the
desired sparse coefficients for multiscale-orientation features
should favor the same class-level sparsity pattern, while allow-
ing distinct sparsity pattern within each class. According to
this idea, we propose a flexible model called MASR with
an adaptive atom selection strategy. Similar to [36]–[39],
the adaptive atom selection is achieved by the adoption of
the adaptive set, in which each adaptive set, dh ∈ R(o×s),
h = 1, 2, . . . , can be denoted as the indices of a set of

nonzero coefficients corresponding to the same class in the
sparse coefficient matrix M. In each column (task i) of M,
each adaptive set dh contains only one index, which represents
the position of the selected atom for the task i . Indices in
one dh are not restricted to be the same. That is, different
features of a test sample have a certain degree of their own
freedom to select varied atoms within each class. In this way,
the positions of nonzero coefficients for different tasks can
be varied, but still be enforced in the same class. Note that
if all indices in dh are the same, this can be regarded as a
special case, which is the same as that in the MJSR model.
By combining the adaptive set with the �row,0 norm, we
create a novel adaptive sparse norm �adaptive,0 on M, which
can select a small number of the representative adaptive sets
from M

‖M‖adaptive,0 = ‖[‖xd1‖2; ‖xd2‖2; . . .]‖0 (13)

where xdh denotes the vector composed of coefficients
associated with the hth adaptive set dh . Since the adaptive
sets are flexible in selecting atoms of different positions within
each class, the �2-norm applied over each adaptive set enables
each feature (at a specific orientation and scale) to adaptively
select its appropriate atoms and thus will provide a better
representation. By replacing the �row,0 regularization in (12)
with the adaptive sparse term �adaptive,0, the MASR model
can be defined as

M̂ = arg min{M}

O×S∑

i=1

‖yi−Ai xi‖2 s.t. ‖M‖adaptive,0 ≤ K . (14)

To solve this problem, we introduce a MASR solution
algorithm based on the modification of the OMP
algorithm [41]. As mentioned in the above section, the
OMP can only select one atom at each iteration and is
designed for separately solving each task. To meet the
requirement of the MASR model, one major modification is
to use an adaptive set selection strategy. For each iteration
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of this strategy, it will select a new representative adaptive
set with the following steps: 1) find the best representation
atom for each class and each task; 2) combine the best atoms
across the tasks for each class into a cluster; and 3) select the
best cluster and recorder the atoms’ indices of that cluster
as one selected adaptive set. In addition, motived by the
strength of multiselection strategy [42], [47], several adaptive
sets (e.g., 2K ) are allowed to be selected and then a refining
procedure is adopted to prune part of them (e.g., K ) at each
iteration. The details of the MASR solution algorithm are
described in Fig. 4. In Fig. 4, the J is denoted as the index
matrix, in which each row contains one adaptive set.

After obtaining sparse coefficients x̂1, . . . , x̂O×S for all the
tasks (Gabor features), we make a single decision on the class
label for multitask test samples y1, . . . , yO×S simultaneously
based on the lowest total representation error accumulated over
all the tasks

ĉ = arg min
c

O×S∑

i=1

∥
∥yi − Ai�i

c(x̂
i )

∥
∥

2 (15)

where �i
c(x̂

i ) keeps the coefficients of x̂i corresponding to cth
class while setting all other coefficients to zero.

C. Adaptive Region Fusion With
Structural–Residual Weighting

As described in [14], the Gabor wavelet focuses on the
local information. To more effectively utilize the locality
information, the Gabor feature images are partitioned into T
nonoverlapping local regions of size p × q . Then, we
perform (14) and (15) on each local region, in which one
classification result ct can be obtained. Finally, these local
results are combined to form the final decision for the test
sample, which is formulated as

ĉ =
T∑

t=1

wt · ct (16)

where wt is the weight of ct .
We may simply use the majority voting [48] to

select the equal weight, wt = 1/T, for each region.
However, as different facial areas have different effects
for recognition [13], [14], [40], the weights are needed to
be adaptively assigned. One intuitive scheme is to assign
the weights according to the structural characteristics of
the face. That is, some distinguished structural regions
(e.g., nose and eye) favor large weights, whereas smooth
regions (e.g., cheek and forehead) deserve small weights.
On the other hand, the effects of the external interferences
(such as big variations of illumination, expression, and
occlusion) should also be considered on weighting the regions.
According to these ideas, we propose a SRW strategy. The
SRW first calculates the recognition rate cValidation

t for each
region on a validation dataset and adopts them as the structural
weights wStruc

t , t = 1, . . . , T, [Fig. 5(a)]. This is because high
recognition rates should correspond to distinguished structural
regions while low recognition rates should belong to smooth
regions, as shown in Fig. 5(a). Note that the validation datasets

are selected from the training samples, which are assumed to
be not affected by the corruption and occlusion, and thus the
structural weights reflect only the structural information of the
face. In addition, corrupted or occluded areas cannot be well
represented by the training dictionary with a rather big residual
error, whereas the facial area can be well reconstructed with
respect to the training dictionary with a small residual error.
Therefore, we can use the sparse residual error ‖Rt‖2 to com-
pute the residual weight wResid

t for each region with the logistic
function [49]

wResid
t = 1/(1 + 1/exp(−β · ‖Rt‖2)), t = 1, . . . , T (17)

where β is a positive scalar. Since each task has one residual,
Rt used in (17) is the mean of residuals from all the tasks.
Finally, to consider both structural characteristics and external
interferences in the test face, we create the structural–residual
joint weight wStruc,Resid

t by fusing the above two weights

wStruc,Resid
t = (

wStruc
t · wResid

t

)
/ T∑

t=1

(
wStruc

t · wResid
t

)
. (18)

Fig. 5 gives an example that shows the structural weights,
residual weights, and the structural–residual weights for a
test image from the AR dataset [50] with both the occlusion
and illumination changes.

IV. EXPERIMENTAL RESULTS

The proposed method is termed the MASR-SRW, which
performs the MASR model on each local region and then
uses the SRW strategy to fuse the result of each region.
In this section, the Extended Yale B [51], AR [50], and
Multiple-Pose Illumination, and Expression (Multi-PIE) [52]
datasets are used to test the performance of the proposed
MASR-SRW method for dealing with face occlusion, corrup-
tion, small number of training samples, as well as variations
of lighting and expression.

In these experiments, the proposed MASR-SRW
approach is compared with the MASR-voting, MASR-No
Partition (MASR-NoP), as well as other 11 competing
face recognition algorithms: SRC-p [29], GSRC-
NoP1 [32], GSRC-p1 [32], LBP2 [9], local Gabor
binary pattern histogram sequence (LGBPHS) [13],
RRC1 [46], SLF-RKR1 [31], Volterrafaces3 [48],
MJSR-NoP [35], MJSR-voting [35], and MJSR-SRW [35]
for comparison of results. The MASR-voting method uses
the MASR model to obtain the recognition result of each
local region and adopts the majority voting to assign equal
weights for local regions, instead of the SRW strategy.
The MJSR-voting and MJSR-SRW methods apply the
MJSR model to get the recognition result of each region and
then use the majority voting and SRW strategy to fuse the
result of each region, respectively. In the MJSR model, its
solution algorithm utilizes the greedy kind of algorithm as in

1The source code was downloaded at: http://www4.comp.polyu.edu.hk/
~cslzhang/papers.htm.

2The source code was downloaded at: http://www.cse.oulu.fi/CMV/
Downloads/LBPMatlab.

3The source code was downloaded at: http://people.seas.harvard.edu/
~rkkumar/.
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Fig. 4. MASR solution algorithm.

our MASR solution algorithm. To achieve fair comparison,
the SRC-p and GSRC-p also partition image into a number of
regions and use the majority voting to obtain the final result.

The MASR-NoP, MJSR-NoP, and GSRC-NoP methods do not
partition the image into regions and directly apply the MASR,
MJSR, and GSRC algorithms on the each whole Gabor
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TABLE I

RECOGNITION ACCURACY (%) WITH DIFFERENT PATCH SIZES FOR THE PROPOSED METHOD (MASR-SRW)

ON EXTENDED YALE B, AR, AND CMU MULTI-PIE

Fig. 5. Adaptive weights for a test image from the AR dataset [50] with
both disguise and illumination changes (right part). (a) Structural weights.
(b) Residual weights. (c) Normalized structural–residual weights.

feature image. In all the following experiments, the program
of each approach has been run 10 times on each dataset and
the average results are reported.

A. Dataset Description

The Extended Yale B dataset [51] contains about
2414 frontal face images of 38 individuals. The images were
captured under varying illumination conditions and normal-
ized to 192 × 168. For each individual (class), there are
about 64 images.

The AR dataset [50] consists of over 4000 frontal images
from 126 individuals, including frontal views of faces with
variations of facial expressions, illumination conditions, and
occlusions. A subset that contains 50 males and 50 females is
chosen for our test. For each individual, 26 pictures are taken
in two separate sessions. In each session, the first seven images
are simply with illumination and expression changes, while the
remaining six images are with real occlusions (e.g., sunglasses
and scarves). All images are normalized to 165 × 120.

The CMU Multi-PIE dataset [52] contains 68 human
subjects with 41 368 face images. The images are taken
under varying pose, illumination conditions, and expression.
As in [53], our test chooses the frontal pose subset (C27),
which consists of 3329 images in total. For each individual,
there are about 49 images that are resized to 64 × 64.

B. Parameters Setting

In the Gabor transform, the scale S and orientation O are
set to five and eight, respectively. β in (17) is empirically
set to two. Since samples in the three test datasets are of
different sizes, we need to select varied sizes of regions for

Fig. 6. Recognition accuracy (%) with different sparsity levels for
the proposed method (MASR-SRW) on the extended Yale B, AR, and
CMU multi-PIE.

different datasets. To examine the effect of the region size to
our performance, we selected a number of different region
sizes for the Extended Yale B, AR and CMU Multi-PIE
datasets. For these three datasets, we randomly selected three
samples per subject for training and another seven samples
of this subject for testing. Table I shows the performance of
the MASR-SRW method under different region sizes. As can
be observed, as the region size decreases, the MASR-SRW
method will have better results. When the region sizes are
separately selected as 28 × 28, 20 × 20, and 10 × 10 for
the Extended Yale B, AR, and CMU Multi-PIE datasets,
respectively, the MASR-SRW method almost reaches the best
performance. As smaller size (more regions) will increase
the computational cost, region sizes 28 × 28, 20 × 20, and
10 × 10 are separately selected for the Extended Yale B, AR
and CMU Multi-PIE in these experiments. Another parameter
that might affect the recognition performance of the proposed
MASR-SRW method is the sparsity level. We vary the sparsity
level within the range K ∈ {1, 2, . . . , 9, 10} and examine the
recognition rate of the MASR-SRW for each sparsity level on
the Extended Yale B, AR, and CMU Multi-PIE, as shown
in Fig. 6. As can be seen, the MASR-SRW algorithm is
generally robust to various sparsity levels, since the accuracy
difference is very small (within 1.5%). When the sparsity level
K = 3, the MASR-SRW algorithm almost delivers the best
results for these three datasets. Therefore, the sparsity level
is chosen to be three in our experiments. The total iteration
number Titer in our MASR solution algorithm is set to three.
We note that utilizing larger iteration numbers may slightly
enhance the performance while creating a more computa-
tional burden. For the structural weights learning, we select
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TABLE II

RECOGNITION ACCURACY (%) ON THE EXTENDED YALE B DATASET

WITHOUT OCCLUSION AND CORRUPTION

TABLE III

RECOGNITION ACCURACY (%) ON THE AR DATASET WITHOUT

OCCLUSION AND CORRUPTION

one image from the training set as the test image and another
two images as the training images. If the number of samples
per subject in the training set are smaller than three, we only
adopt the residual weight. The region sizes of the SRC-p,
GSRC-p, MJSR-voting, and MJSR-SRW are set the same
as those in our method. Other parameters in the compared
methods are selected to reach their best results.

C. Face Recognition Without Occlusion and Corruption

We first test the MASR-SRW, MASR-voting, MASR-NoP
and other compared approaches on Extended Yale B, AR, and
CMU Multi-PIE datasets with variations such as illumination
and expression, but without occlusion and corruption.
To make the face recognition problem more challenging, we
adopt the small number of training sets. More specifically,
in the Extended Yale B dataset, we randomly choose one–five
samples per subject for training and 10 samples for testing.

TABLE IV

RECOGNITION ACCURACY (%) ON THE CMU MULTI-PIE DATASET

WITHOUT OCCLUSION AND CORRUPTION

TABLE V

RECOGNITION ACCURACY (%) ON THE EXTENDED YALE B DATASET

WITH SIMULATED OCCLUSION (FROM 10% TO 50%)

In the AR dataset, for each subject, one–five samples are
randomly selected from the first seven images of session 1
for training, with other five samples from the first seven
images of session 2 for testing. In the CMU Multi-PIE
dataset, we randomly choose one–five samples per subject as
the training set and 10 samples as the test set. The results of
our MASR-SRW, MASR-voting, and MASR-NoP methods,
as well as other compared approaches in the three datasets
are tabulated in Tables II–IV, respectively. Note that since the
Volterrafaces method requires at least two training samples
per subject for the kernel training, we do not report its results
for only one training sample condition. As can be observed,
the proposed MASR-SRW method generally achieves the
highest recognition rate on all experiments with the training
sample size increasing from 1 to 5. It is worth noting that the
MASR-SRW, MASR-voting, MJSR-voting, and MJSR-SRW
methods perform better than the GSRC-p and SRC-p
approaches, indicating the advantage of jointly utilizing the
Gabor scale and orientation information. In addition, compared
with the MJSR-voting and MJSR-SRW, MASR-SRW and
MASR-voting methods generally deliver better results.
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TABLE VI

RECOGNITION ACCURACY (%) ON THE AR DATASET WITH OCCLUSION

Fig. 7. Test examples with occlusion and pixel corruption. (a) Extended Yale
B test images with 50% simulated occlusion. (b) AR test images with real
occlusion (e.g., sunglass and scarf). (c) AR test images with real occlusion
and 50% simulated pixel corruption.

Furthermore, we can see that the advantages of the
MASR-NoP method over the MJSR-NoP and GSRC-NoP
methods become more obvious, which can further validate
the effectiveness of adaptive atom selection strategy.

D. Face Recognition With Occlusion

In this section, we test the robustness of the MASR-SRJW,
MASR-voting, MASR-NoP, and other compared approaches
to occlusion using the Extended Yale B and AR datasets.
In the Extended Yale B dataset, experiments of two different
settings (A and B) are conducted. The experimental
setting A is the same as that in [31] and [46], which chooses
subsets 1 and 2 (about 19 samples) for training and subset 3 for
testing per subject. In the experiment setting B, a more chal-
lenging experimental setting is used, in which three samples
are used as the training set and 10 samples as the testing set
for each subject. Since samples in the Extended Yale B do not
contain occlusion, as in [29], we simulated various levels of
occlusion (from 10% to 50%) by replacing a randomly located
block in each test image with an unrelated image. Fig. 7(a)
shows test examples with 50% occlusion. As mentioned above,
each session of the AR dataset includes six images with real
occlusions [see examples in Fig. 7(b)]. In the AR dataset, we
also used two different experimental settings (A and B). In the
setting A, as in [31] and [46], seven nonoccluded samples
are used for training, while the remaining samples from both
sessions 1 and 2 are chosen for testing. In the setting B,
we choose one–five nonoccluded samples from session 1 for

training and six occluded samples from session 2 for testing.
Note that samples in session 2 are usually harder to be recog-
nized than samples from session 1, since more serious occlu-
sions are existed in the samples of session 2. The recognition
rates on these two datasets are reported in Tables V and VI.
As can be observed, MASR-SRW and MASR-voting methods
still show much better results than the compared approaches.
In addition, different from the nonocclusion condition,
the MASR-SRW leads to more improvement over the
MASR-voting. This is because the proposed SRW strategy
can adaptively assign low weights for occlusion regions and
thus reduce the occlusion interferences, which verifies the
effectiveness of the SRW. Furthermore, though the SLF-RKR
and RRC can perform very well under the same experimental
setting A of the two datasets, their recognition results are
worse than those of the proposed MASR-SRW method under
the experimental setting B when smaller number of training
samples and more serious occlusion are used. This can further
demonstrate the effectiveness of multitask sparse representa-
tion and adaptive weighting schemes adopted in the proposed
method for these extreme conditions.

E. Face Recognition With Both Occlusion and Corruption

In this section, we consider an extreme condition that
further adds pixel corruptions to the occluded AR test samples.
First, we randomly choose three nonoccluded samples from
session 1 as training set and six occluded samples from
session 2 as testing set. Then, for each testing image,
we replace a certain percentage of its pixels by uniformly
distributed random values within [0, 255]. Fig. 7(c) shows test
examples with occlusion and 50% pixel corruption. As can be
seen, even for humans, the corrupted face images are difficult
to recognize. Table VII lists the results of the MASR-SRW,
MASR-voting, MASR-NoP, and other compared methods
under occlusions and different percentage of corrupted pixels.
We can observe that the MASR-SRW still performs better
than the MASR-voting and other compared approaches. For
the pixel corruption level from 10% to 30%, the recognition
rates of the MASR-SRW are almost 20% higher than those
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TABLE VII

RECOGNITION ACCURACY (%) ON THE AR DATASET WITH REAL

OCCLUSION AND SIMULATED PIXEL CORRUPTION (FROM 10% TO 50%)

of LBP, LGBPHS, SRC-p, GSRC-p, RRC, SLF-RKR, and
Volterrafaces. We should note that the LBP, LGBPHS, and
SLF-RKR methods do not perform well in these pixel
corruption conditions. This is because the LBP, LGBPHS,
and SLF-RKR methods all adopt the histogram as the final
feature for classification and the histogram is easily interfered
by the pixel corruptions. In addition, since the LGBPHS
method adopts the Gabor filtering that can reduce the pixel
corruptions to some extent, such a method can deliver better
results than the LBP and SLK-RKR methods.

V. CONCLUSION

In this paper, we presented a novel multitask sparse
representation method called MASR and a weighting strategy
called SRW for Gabor local-feature-based face recognition.
The proposed MASR method does not only exploit the
intercorrelation among the Gabor features of different scales
and orientations but also allows each feature to achieve the
better representation via an adaptive atom selection scheme.
In addition, by considering the structural characteristics of
the face and the effects of the external interferences, the
SRW strategy can adaptively combine the decision of each
local Gabor region. Extensive experiments demonstrated the
effectiveness of the proposed MASR-SRW method on different
conditions, including face occlusion, pixel corruption, small
number of training samples, as well as variations of lighting
and expression.

In addition to the Yale B, AR, and Multi-PIE datasets,
we have also tested the proposed MASR-SRW method on a
more challenging dataset labeled faces in the wild (LFW). Our
obtained recognition accuracy is inferior to that of the very
recent DL work [24]. The main reason is that the proposed
method cannot handle the unconstrained pose face recognition
well. Since the holistic kind of features (e.g., Fourier transform
or discrete cosine transform) are more robust to large pose
changes, part of our ongoing work is to adaptively fuse
the holistic feature with our local Gabor features for the

unconstrained pose face recognition problem. In addition,
our future work will design a learning algorithm to train
a representative and discriminative dictionary from a large
number of face samples outside the LFW data. Furthermore,
since the proposed method can work very effectively on the
small number of training samples condition, in the future, there
is strong incentive to apply our MASR model to other recog-
nition applications with very limited reference training data
(e.g., pathological structures recognition in medical images
and land cover recognition in remote sensing images).
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