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Abstract—We present a face recognition algorithm based on
simultaneous sparse approximations under varying illumination
and pose. A dictionary is learned for each class based on given
training examples which minimizes the representation error
with a sparseness constraint. A novel test image is projected
onto the span of the atoms in each learned dictionary. The
resulting residual vectors are then used for classification. To
handle variations in lighting conditions and pose, an image
relighting technique based on pose-robust albedo estimation is
used to generate multiple frontal images of the same person with
variable lighting. As a result, the proposed algorithm has the
ability to recognize human faces with high accuracy even when
only a single or a very few images per person are provided for
training. The efficiency of the proposed method is demonstrated
using publicly available databases and it is shown that this
method is efficient and can perform significantly better than
many competitive face recognition algorithms.
Index Terms—Biometrics, Face recognition, illumination variation, outlier rejection, dictionary learning.

I. I NTRODUCTION
Face recognition is a challenging problem that has been
actively researched for over two decades [1]. Current systems work very well when the test image is captured under
controlled conditions. However, their performance degrades
significantly when the test image contains variations that are
not present in the training images. Some of these variations
include illumination, pose, expression, cosmetics, and aging.
It has been observed that since human faces have similar
overall configuration, face images can be described by a
relatively low dimensional subspace. Dimensionality reduction
subspace methods such as Principle Component Analysis
(PCA) [2], Linear Discriminant Analysis (LDA) [3], [4] and
Independent Component Analysis (ICA) [5] have been proposed for the task of face recognition. These approaches can
be classified into either generative or discriminative methods.
One of the major advantages of using generative approaches
is that they are known to be less sensitive to noise than the
discriminative approaches [1].
In recent years, theories of Sparse Representation (SR) and
Compressed Sensing (CS) have emerged as powerful tools for
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efficiently processing data in non-traditional ways. This has
led to a resurgence in interest in the principles of SR and CS
for face recognition [6], [7], [8], [9], [10], [11]. Wright et
al. [7] introduced an algorithm, called Sparse Repersentationbased Classification (SRC), where the training face images
are the dictionary and a novel test image is classified by
finding its sparse representation with respect to this dictionary.
This work was later extended to handle misalignment and
illumination variations [8], [9]. Also, Nagesh and Li presented an expression-invariant face recognition method using
distributed compressed sensing and joint sparsity models in
[10]. A face recognition method based on sparse representation
for recognizing 3D face meshes under expressions using lowlevel geometric features was presented by Li et al. in [11].
Phillips [6] proposed matching pursuit filters for face feature
detection and identification. The filters were designed through
a simultaneous decomposition of a training set into a 2D
wavelet expansion designed to discriminate among faces. It
was shown that the resulting algorithm was robust to facial
expression and the surrounding environment.
There are a number of hurdles that face recognition systems based on sparse representation must overcome. One is
designing algorithms that are robust to changes in illumination;
a second is that algorithms need to efficiently scale as the
number of people enrolled in the system increases. In some
of the above approaches, the challenges mentioned above
are met by collecting a set of images of each person that
spans the space of expected variations in illumination. The
SRC approach recognizes faces by solving an optimization
problem over the set of images enrolled into the database.
This solution trades robustness and size of the database against
computational efficiency.
In this paper, we present an algorithm to perform face
recognition across varying illumination and pose based on
learning small sized class specific dictionaries1 . Our method
consists of two main stages. In the first stage, given training
samples from each class, class specific dictionaries are trained
with some fixed number of atoms 2 . In the second stage,
a novel test face image is projected onto the span of the
atoms in each learned dictionary. The residual vectors are then
used for classification. Furthermore, assuming the Lambertian
reflectance model for the surface of a face, we integrate a
relighting approach within our framework so that we can add
many elements to gallery and robustness to illumination and
1A

preliminary version of this work appeared in [12].
of a dictionary are commonly referred to as atoms.

2 Elements
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pose changes can be realized. In this setting, as will become
apparent, our method has the ability to recognize faces even
when only a single or a few images are provided for training.
This paper is organized as follows: In Section II, the proposed dictionary-based face recognition algorithm is detailed.
Section III, discusses the relighting approach for generating
new illuminated images from a single face image. Experimental results are presented in Section IV and Section V concludes
the paper with a brief summary and discussion.
II. D ICTIONARY- BASED R ECOGNITION

A. Learning Class Specific Reconstructive Dictionaries
In face recognition, given labeled training images, the
objective is to identify the class of a novel probe face image.
Suppose that we are given C distinct classes and a set of
m training images per class. We identify an l × q grayscale
image as an N -dimensional vector, x, which can be obtained
by stacking its columns, where N = l × q. Let
Bi =

, xm
i ]

∈R

N ×m

(1)

be an N × m matrix of training images corresponding to the
ith class.
In face recognition, there are numerous techniques that
exploit the structure of the matrix Bi [1]. Images of the same
person can vary significantly due to the variations present
during the data capture process. Hence, it is essential to
develop a method that extracts the common internal structure
of given images and neglects minor variations. To this end,
we seek a dictionary Di ∈ RN ×K that leads to the best
representation for each member in Bi , under strict sparsity
constraints. One can obtain this by solving the following
optimization problem
(D̂i , Γ̂i ) = arg min kBi − Di Γi k2F s. t. ∀i kγ ki k0 ≤ T0 ,
Di ,Γi

(2)
where γ ki ∈ RK , k ∈ {1, · · · , m} represents a column of
Γi ∈ RK×m , T0 is a sparsity parameter and the ℓ0 sparsity
measure k.k0 counts the number of nonzero elements in the
representation. Here, kAkF denotes the Frobenius norm. One
of the simplest algorithms for finding such dictionary is the
K-SVD algorithm [13].
The K-SVD algorithm is an iterative method and it alternates between sparse-coding and dictionary update steps. First,
a dictionary Di with ℓ2 normalized columns is initialized. For
example, this can be done by randomly selecting face images
from the gallery set. Then, the main iteration is composed of
the following two stages:
• Sparse coding: In this step, Di is fixed and the following
optimization problem is solved to compute the representation vector γ ki for each example xki , k ∈ {1, · · · , m},
i.e.
k = 1, · · · , m, min kxki − Di γ ki k22 s. t. kγ ki k0 ≤ T0 .
γk
i

Since the above problem is NP-hard, approximate solutions are usually sought. Any standard technique [14] can
be used but a greedy pursuit algorithm such as orthogonal
matching pursuit [15],[16] is often employed due to its
efficiency [17].
Dictionary update: In this stage, the dictionary update is
performed atom-by-atom in an efficient way. It has been
observed that the K-SVD algorithm converges in a few
iterations.

B. Classification based on Learned Dictionaries

In this section, we present our proposed face recognition
algorithm based on learning class specific dictionaries.

[x1i , · · ·

•

2

Given C distinct classes and m training images per class,
let Bi be as defined in equation (1) for i = 1, · · · , C. For
training, we first learn C class specific dictionaries, Di , to
represent the training samples in each Bi , with some sparsity
level, using the K-SVD algorithm. Once the dictionaries have
been learned for each class, given a test sample y, we project
it onto the span of the atoms in each Di using the orthogonal
projector
Pi = Di (DTi Di )−1 DTi .
(3)
The approximation and residual vectors can then be calculated
as
ŷi = Pi y = Di αi
(4)
and
ri (y) = y − ŷi = (I − Pi )y,

(5)

respectively, where I is the identity matrix and
αi = (DTi Di )−1 DTi y

(6)

are the coefficients. Since the K-SVD algorithm finds the
dictionary, Di , that leads to the best representation for each
examples in Bi , we suspect kri (y)k2 to be small if y were
to belong to the ith class and large for the other classes.
Based on this, we can classify y by assigning it to the class,
d ∈ {1, · · · , C}, that gives the lowest reconstruction error,
kri (y)k2 :
d = identity(y)
= arg min kri (y)k2 .
i

(7)

An example of how our algorithm works is illustrated in Fig. 1.
C. Dealing with Small Arbitrary Noise
An assumption underlying the treatment given above is that
the test vector y is free of error. In practice, y will often be
contaminated by some small noise perturbations. Hence, we
consider the following more general model for y:
y = ỹ + z,

(8)

where ỹ and z are the underlying noise free image and
random noise term, respectively. Recall that constructing an
ˆ to ỹ as
approximation ỹ
ˆ i = Di αi
ỹ
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Fig. 1. Overview of our approach. (a) Given C sets of training images corresponding to C different faces, the K-SVD algorithm is used to learn face specific
dictionaries. Then, a novel test image is projected onto the span of the atoms in each of the learned dictionaries and the approximation errors are computed.
(b) The class that is associated to a test image is then declared as the one that produces the smallest approximation error. In this example, class 1 is declared
as the true class. (c) and (d) illustrate an example of a non-face test image and the resulting residuals, respectively.

requires an estimation of αi . In the case of least-squares
approximation, αi are those that minimize the following error:
α̂i = min ky −
αi

Dαi k22 .

In this case, αi are given by (6). However, it is commonly
known that least-squares method is sensitive to gross errors
or outliers. Hence, we need a formulation that recovers αi
from the noisy observations (8) in a robust way. To robustly
estimate the coefficients αi one can replace the quadratic error
norm with a more robust error norm. This can be done by
minimizing the following problem
α̂i = min ky − Dαi k1 ,
αi

P

where k x k1 =
i |(xi )|. The resulting estimate is known
as least absolute deviation (LAD) [18] and can be solved by
linear programming methods.

D. Rejection rule for non-face images
For classification, it is important to be able to detect and
then reject invalid test samples. To decide whether a given test
sample is valid or not, we define the following rejection rule.
Given a test image y, for all classes in the training set, the
score syi of the test image y to the ith class is computed as
syi =

1
,
kri (y)k22

where ri (y) is the residual vector as defined in (5). Then, for
each test image y, the score values are sorted in the decreasing
order such that s′y1 ≥ s′y2 ≥ · · · ≥ s′yC . The corresponding
sorted classes are the candidate classes for each test image.
The first candidate class is the most likely class that the test
image belongs to. We define the ratio between the score of
the first candidate class to the score of the second candidate
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class:

s′y1
λy = ′
sy2

(9)

as a measure of the reliability of the recognition rate. Based
on this, a threshold τ can be chosen such that, y is accepted
as a valid/good image if λy ≥ τ , otherwise rejected as an
invalid/bad image. Since the score values to all the candidate
classes are sorted, the score values of the third and the higher
order candidates are less than or equal to the score of the
second candidate class. Hence, a high ratio λy for the test
image y would show that the score of the first candidate class
is significantly greater than all the other scores. Therefore, the
identification result can be claimed to be reliable.
−6

1.2

1.5

and 1 ≤ i ≤ l, 1 ≤ j ≤ q. The max function in (10) accounts
for the formation of attached shadows. Neglecting the attached
shadows, (10) can be linearized as
xi,j = ρi,j max(nTi,j s, 0)
≈ ρi,j nTi,j s.
(0)

Let ni,j and s(0) be the initial values of the surface normal and
illumination direction. These initial values can be domain dependent average values. The Lambertian assumption imposes
the following constraints on the initial albedo
xi,j
(0)
ρi,j = (0)
,
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where . denotes the standard dot product operation. Using (11),
equation (12) can be re-written as
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Fig. 2. Score values normalized using equation (9) and sorted. Plot (a)
corresponds to the test image shown in Fig. 1(a) and plot (b) corresponds to
the non-face test image shown in Fig. 1(c).

To illustrate how this rejection rule works, consider the test
images shown in Fig. 1(a) and Fig. 1(c). Since, the image
shown in Fig. 1(a) belongs to class 1, the corresponding ratio
comes out to be λy = 26.29, whereas the ratio corresponding
to an invalid test image shown in Fig. 1(c) comes out to be
λy = 1.17. Hence, setting a threshold, τ , high enough this
non-face image can be rejected.
III. FACE R ECOGNITION

ACROSS VARYING ILLUMINATION
AND POSE

Images of the same person can vary significantly due to
variations in illumination conditions. Hence, the performance
of most existing face recognition algorithms is highly sensitive
to illumination variations. In this section, we introduce a
relighting method to deal with this illumination problem. The
idea is to capture the illumination conditions that might occur
in the test sample in the training samples.

ni,j .s − ni,j .s(0)
(0)

ni,j .s(0)

ρi,j .

This can be viewed as a signal estimation problem where ρ
is the original signal, ρ(0) is the degraded signal and ω is
the signal dependent noise. Using this model, the albedo can
be estimated using the method of minimum mean squared
error criterion [19]. Then, using the estimated albedo map,
one can generate new images for a given light source direction
using the image formation model in (10). This can be done by
combining the estimated albedo map and light source direction
with the average facial information [20].
B. Image relighting
It has been found that the set of images under all possible
illumination conditions can be well approximated by a 9dimensional linear subspace [21]. Based on this result, Lee
et al. [21] showed that there exists a configuration of 9 light
source directions such that the subspace formed by the images
taken under these nine sources is effective for recognizing
faces under a wide range of lighting conditions. The nine prespecified light source directions are given by [21]
φ = {0, 49, −68, 73, 77, −84, −84, 82, −50}◦
θ = {0, 17, 0, −18, 37, 47, −47, −56, −84}◦.
Hence, the image formation equation can be re-written as

A. Albedo estimation
Assuming the Lambertian reflectance model for the facial
surface, one can relate the surface normals, albedo and the
intensity image by an image formation model. The diffused
component of the surface reflection is given by
xi,j = ρi,j max(nTi,j s, 0),

(0)

40

(b)

(13)

(10)

where xi,j is the pixel intensity at position (i, j), s is the light
source direction, ρi,j is the surface albedo at position (i, j),
ni,j is the surface normal of the corresponding surface point

x=

9
X

ai xi ,

(14)

i=1

where xi = ρ max(nT si , 0), and {s1 , · · · , s9 } are the prespecified illumination directions. To characterize the set of
images under various illumination conditions, one can generate
images under the nine pre-specified illumination directions and
use them in the gallery. By generating multiple face images
with different lighting from a single face image, one can
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achieve good recognition accuracy even when only a single
or a very few images are provided for training. Fig. 3 shows
some relighted images and the corresponding input images.

Fig. 3. Examples of the original images (first column) and the corresponding
relighted images with different light source directions from the PIE data set.

multiple images to be available. Another difference is that our
algorithm has the ability to identify and reject non-face images.

C. Pose-robust albedo estimation
The method presented above can be generalized such that
it can handle pose variations [22]. Let n̄i,j , s̄ and Θ̄ be some
initial estimates of the surface normals, illumination direction
and initial estimate of surface normals in pose Θ, respectively.
Then, the initial albedo at pixel (i, j) can be obtained by
xi,j
ρ̄i,j = Θ̄ ,
n̄i,j .s̄
where n̄Θ̄
i,j denotes the initial estimate of surface normals in
pose Θ̄. Using this model, we can re-formulate the problem
of recovering albedo as a signal estimation problem. Using
arguments similar to equation (12), we get the following
formulation for the albedo estimation problem in the presence
of pose
ρ̄i,j = ρi,j hi,j + ωi,j ,
where
wi,j =
hi,j =

Θ
n̄Θ
i,j .s − n̄i,j .s̄

n̄Θ̄
i,j .s̄
n̄Θ
i,j .s̄
n̄Θ̄
i,j .s̄

Fig. 4. Pose-robust albedo estimation. Left column: Original input images.
Middle column: Recovered albedo maps corresponding to frontal face images.
Right column: Pose normalized relighted images.

ρi,j ,

Given a test sample y and C training matrices
B1 , · · · , BC where each Bi ∈ RN ×m contains m
training samples.
Procedure:
1. For each training image, use the relighting approach
described in section III to generate multiple images with
different illumination conditions and use them in the
gallery.
2. Learn the best dictionaries Di , to represent the face
images in Bi , using the K-SVD algorithm.
3. Compute the approximation vectors, ŷi , and the residual vectors, ri (y), using (4) and (5), respectively for
i = 1, · · · , C.
4. Identify y using (7).
Fig. 5.

The DFR algorithm.

,

ρi,j is the true albedo and ρ̄i,j is the degraded albedo. In
the case when the pose is known accurately, Θ̄ = Θ and
hi,j = 1. Hence, this can be viewed as a generalization of (13)
in the case of unknown pose. Using this model, a stochastic
filtering framework was recently presented in [22] to estimate
the albedo from a single non-frontal face image. Once pose and
illumination have been normalized, one can use the relighting
method described in the previous section to generate multiple
frontal images with different lighting to achieve illumination
and pose-robust recognition. Fig. 4 shows some examples of
pose normalized images using this method.
We summarize our dictionary-based face recognition (DFR)
algorithm in Fig. 5. Note that a K-SVD based face recognition
algorithm was recently proposed in [23], but we differ from
this work in a few key areas. Unlike [23], we do not take
discriminative approach to face recognition. Our method is a
reconstructive approach to discrimination and does not require

IV. E XPERIMENTAL R ESULTS
To illustrate the effectiveness of our method, we present
experimental results on three available databases for face
recognition such as the Extended Yale B dataset [24], the
AR dataset [25] and PIE dataset [26]. We also present the
experimental results on a remote face databse which has been
acquired in an unconstrained outdoor maritime environment
[27]. In the experiments with the Extended Yale B, PIE,
and AR face datasets, the input face and eye locations are
detected automatically using the Viola-Jones object detection
framework [28]. The cropped faces are then aligned using
the center of the eyes located by the Viola-Jones algorithm.
An implementation of this object detection framework can be
found in the OpenCV library [29].
The comparison with other existing face recognition methods in [7] suggests that the SRC algorithm is among the best.
Hence, we treat it as state-of-the-art and use it as a bench
mark for comparisons in this paper. The methods compared
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in [7] include nearest neighbor (NN), nearest subspace (NS),
support vector machines (SVM) [30].
In all of our experiments, the K-SVD [13] algorithm is
used to train the dictionaries with 15 atoms unless otherwise
stated. The performance of our algorithm is compared with
that of SRC and class dependent principal component analysis
(CDPCA) [31]. Our algorithm is also tested using several
features, namely, Eigenfaces, Fisherfaces, Randomfaces, and
downsampled images3 . All the experiments were done on a
Linux system with Intel Xeon E5506/2.13 GHz processor
using Matlab.
A. Results on Extended Yale B Database
There are a total of 2, 414 frontal face images of 38 individuals in the Extended Yale B database. These images were
captured under various controlled indoor lighting conditions.
They were cropped and normalized to the size of 192 × 168
[21].
Our first set of experiments on the Extended Yale B data
set consists of testing the performance of our algorithm with
different features and dimensions. The objective is to verify
the ability of our algorithm in recognizing faces with different
illumination conditions. We follow the experimental setup as
considered in [7]. The feature space dimensions of 30, 56,
120, and 504 corresponding to the downsampling ratios of,
1/32, 1/24, 1/16, and 1/8, respectively are computed. We
randomly select 32 images per subject (i.e. half of the images)
for training and the other half for testing. Recognition rates of
different methods with different dimensions and features are
compared in Fig. 6.
The maximum recognition rates achieved by DFR are
95.99%, 97.16%, 98.58% and 99.17% for all 30, 56, 120 and
504 dimensional feature spaces, respectively. The maximum
recognition rate achieved by SRC is 98.1% with 504D randomfaces [7]. Also, NN, NS, and SVM achieve the maximum
recognition rates of 90.7%, 94.1%, and 97.7%, respectively
[7]. CDPCA also performed quite well on this experiment. It
achieved the maximum recognition rate of 96.24%. As can be
seen from Fig. 6, the DFR performs favorably over some of
the competitive methods for face recognition on the Extended
Yale B database.
In Fig. 7, we show some of the learned dictionaries from
the Extended YaleB dataset. In Fig. 7, each row corresponds
to a learned dictionary. By looking at each row, we see that the
learned atoms are able to extract the common internal structure
of images belonging the same class and are able to remove
much of the illumination.
B. Results on PIE Database
The PIE database contains face images of 68 subjects.
The images were captured under 13 different poses and 21
flashes under pose, illumination and expression variations. The
face images were cropped with the size 48 × 40. In the first
set of experiments on the PIE data set, our objective is to
3 This means that, we first transform the given images into a feature space.
We then train dictionaries on the feature space.

Fig. 7. A few learned dictionaries from the Extended YaleB dataset. Each
row corresponds to a learned dictionary. By looking at each row, we see that
the learned atoms are able to extract the common internal structure of images
belonging the same class and are able to remove much of the illumination.

perform recognition across illumination with images from one
illumination condition forming the gallery while images from
another illumination condition forming the test set. In this
setting, there is just one image per subject in each gallery
and probe set. See [32] for more details on how the training
and test data sets are created for this experiment. The rank-1
results obtained using our method are reported in Table I. As
can be seen from Table I, that our method achieves recognition
rate over 99% in most of the experiments and on average it
achieves the recognition rate of 99%.
For comparison, we have also included the average recognition rates from [32] and [19] which follow a similar experimental setting. In Table I, MA and MB correspond to
method A and method B as presented in [32]. Based on their
albedo estimation method, Biswas et al. [19] report an average
recognition rate of 94%. Our results on this data set are also
comparable to that of [33] and [34]. Using only f12 as the
gallery set, [33] reported an average recognition rate of 98%
for color images. Similarly, an average recognition rate of 99%
(with f12 as gallery) is reported by Zhang and Samaras using
their spherical harmonics based approach [34]. Based on gray
scale images, we obtain an average recognition rate of 100%
when f12 is used as the gallery. Furthermore, DFR is much
faster than the algorithms presented in [33] and [34] with an
advantage that it can deal with images of much smaller size.
In the second set of experiments using this database, we
test the ability of our algorithm in recognizing faces in the
presence of different poses and illumination. In particular, we
use the images corresponding to f12 as the gallery set which
contains the images in frontal pose (camera 27) and frontal
illumination. The probe images are in side pose (camera
5) with various illumination conditions. See [26] for more
details on camera, c, and flash, f , positions corresponding
to this dataset. Each gallery and probe set contains just one
image per subject. Table II reports the rank-1 recognition rates
achieved by different methods. It can be seen that the proposed
dictionary-based method performs favorably with some of the
competitive methods [22], [34], [33].
To better analyze the robustness of our method to pose
variations, we repeat the above experiment on the PIE dataset
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Fig. 6. Performance comparison on the Extended Yale B database with various features, feature dimensions and methods. (a) Our method (DFR) (b) CDPCA
(c) SRC [7].
TABLE I
R ECOGNITION RESULT ON THE FRONTAL IMAGES IN THE PIE DATA SET. fi DENOTES THE IMAGES WITH THE ith FLASH ON AS LABELED IN THE PIE
DATA SET. E ACH (i, j)th ENTRY IS THE RANK -1 RECOGNITION RATE OBTAINED WITH THE IMAGES IN fi AS GALLERY AND fj AS PROBE SETS .
Probe
Gallery
f8
f9
f11
f12
f13
f14
f15
f16
f17
f20
f21
f22
Avg
Avg [32]
Avg [32]
Avg [19]

f8

f9

f11

f12

f13

f14

f15

f16

f17

f20

f21

f22

Avg

Avg:MA[32]

Avg:MB[32]

Avg [19]

100
100
100
100
100
96
96
78
100
97
97
97
88
90
91

100
100
100
100
99
97
97
85
100
100
97
98
94
97
97

100
100
100
100
100
99
100
94
100
100
100
99
93
94
93

100
100
100
100
100
100
100
99
100
100
99
100
97
99
99

99
100
100
100
100
100
96
97
99
100
100
99
99
99
99

99
99
100
100
100
100
99
96
99
100
100
99
99
99
98

97
99
99
100
100
100
99
99
99
100
100
99
96
98
94

94
99
99
99
100
100
100
99
99
100
100
99
89
93
91

79
97
96
99
100
100
100
100
97
99
100
97
75
87
80

99
99
100
100
100
100
100
97
90
100
100
99
93
95
93

97
97
99
100
100
100
100
100
96
100
100
99
98
99
99

97
97
99
100
99
100
99
100
96
100
100
99
98
99
96

96
99
99
100
100
100
99
98
93
99
100
99
99
-

89
93
92
96
98
99
96
91
80
91
96
98
93
-

92
97
95
98
100
99
97
94
87
95
99
98
96
-

87
95
92
98
99
98
96
93
83
93
97
97
94

TABLE II
R ANK -1 RECOGNITION RESULTS ( IN %) ON THE PIE DATASET.
c05
DFR
[34]
[22]
[33]

f21
97
96
96
98

f20
97
94
97
97

f12
100
99
99
98

f11
97
98
97
97

f9
100
96
97
97

f8
97
93
97
94

with different poses. In particular, we select four poses corresponding to cameras 07, 09, 29, and 37 with different
illumination conditions as the probe set. Table III reports the
rank-1 recognition rates achieved by our method. As can be
seen from this table, even in the presence of extreme pose
variation (camera 37) our method is able to provide reasonable
recognition performance.
C. Results on AR Database
The AR database consists of over 4,000 frontal face images
of 126 subjects (70 men and 56 women). All the images were
converted to gray scale and cropped with the size of 165×120.
The images feature frontal view faces with different facial
expression, illumination variation and occlusion. Hence, this

TABLE III
R ANK -1 RECOGNITION RESULTS ( IN %) ON THE PIE DATASET WITH
DIFFERENT POSES AND ILLUMINATION VARIATIONS .

c07
c09
c29
c37

f21
94
94
92
61

f20
93
92
96
70

f12
93
97
92
68

f11
88
94
96
75

f9
86
97
93
64

f8
87
99
96
76

database is more challenging than the Yale B and PIE datasets.
In this experiment, we choose a subset of the images consisting
of 50 male subjects and 50 female subjects. 14 images per
subject with illumination variations and expressions are used.
From these 14 images, 7 images from Session 1 are used for
training and the other 7 from Session 2 are used for testing
[7].
The best recognition rate achieved by our algorithm is
93.7% which is a little lower than that of SRC and SVM
whose reported best recognition rates are 94.7% and 95.7%,
respectively [7]. NN and NS achieve the recognition rates of
89.7% and 90.3%, respectively [7] whereas CDPCA achieves
the recognition rate of 59.00%.
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D. Experiment on a remote face dataset

E. Recognition with partial face features

In this section, we evaluate the effectiveness of our method
on a remote face dataset [27]. In this dataset, a significant
number of images are taken from long distances and under
unconstrained outdoor environments. The distance from which
the face images are taken varies from 5m to 250m under
different scenarios. Since all the faces in the data set could
not be extracted reliably using existing state-of-the-art face
detection algorithms and the faces only occupied small regions
in large background scenes, the faces were manually cropped
and rescaled to a fixed size [27]. The database contains 17 different individuals and 2102 face images in total. The number
of faces per subject varies from 29 to 306. All the images are
120 × 120 pixel png images. The images are partitioned into
various folders corresponding to different variations present
during the data capture process. We only use the folders
containing images with illumination and pose variations. Five
clear images from each class are used for training and the rest
of the images from the corresponding folders are used as the
test set. Sample images from the illumination and pose folders
are shown in Fig. 8.

In this section, we report the ability of our algorithm in
recognizing faces from the partial face features. Partial face
features have been used in recovering the identity of human
faces before [6], [7], [35]. We use the images in the Extended
Yale B database for this experiment. For each subject, 32
images are randomly selected for training, and the remaining
images are used for testing. The region of eye, nose and
mouth are selected as partial face features [7]. These partial
facial parts are manually cropped. Examples of these features
are shown in Fig. 10. Note that in this experiment, we omit
the relighting step of our algorithm. We learn dictionaries
directly on the partial facial features. Table IV compares the
results obtained by using our method with the other methods
presented in [7]. As can be seen from the table, our method
achieves recognition rates of 99.3%, 98.8% and 99.8% on
eye, nose and mouth region, respectively and it significantly
outperforms SRC, NN, NS and SVM [7].

(a)
Fig. 10.

(a)

Fig. 8. A few cropped face images from the remote face dataset. (a) Sample
images from the illumination folder. (b) Sample images from the pose folder.

0.8

0.8

Recognition Rate

Recognition Rate

The number of images in gallery is varied from one to five
images per subject. The rank-1 recognition results obtained
using SRC and DFR are compared in Fig. 9. The best
recognition rate achieved by DFR on the images containing
illumination is 85.8% compared to 85% for the SRC method.
On the pose folder, DFR significantly outperforms the SRC
method. The best recognition rate achieved by the SRC method
on the pose folder is 52% whereas the DFR method achieves
60%.
1

0.6
0.4
DFR
SRC
0.2
1

2
3
4
Number of gallery images

(a)

0.6
0.4
DFR
SRC

0.2
5

1

2
3
4
Number of gallery images

(c)

Examples of partial facial features. (a) Eye (b) Nose (c) Mouth.

TABLE IV
R ECOGNITION RESULTS WITH PARTIAL FACIAL FEATURES .

(b)

1

(b)

5

(b)

Fig. 9. Recognition results on the remote face dataset corresponding to (a)
illumination folder and (b) pose folder.

Dimension
DFR
SRC
NN
NS
SVM

Right Eye
5,040
99.3%
93.7%
68.8%
78.6%
85.8%

Nose
4,270
98.8%
87.3%
49.2%
83.7%
70.8%

Mouth
12,936
99.8%
98.3%
72.7%
94.4%
95.3%

F. Rejecting non-face images
In this section, we demonstrate the effectiveness of our
method in dealing with invalid test images with and without
block occlusion. We test our rejection rule, described in
Section II-D, on the Extended Yale B data set. We use Subsets
1 and 2 for training and Subset 3 for testing. We simulate
varying levels of occlusion by replacing a randomly chosen
block of each test image with random noise. We include only
half of the subjects in the training set. This way, half of the
subjects in the test set are new to the algorithm. We plot the
Receiver Operating Characteristic (ROC) curves according to
different τ values in Fig. 11(a). As can be seen from this figure,
that simple rejection rule performs quite well. It performs
nearly perfectly at 10% occlusion and without any occlusion.
Even at 50% occlusion, it performs better than making a
random decision. This performance, can be further improved
by applying our DFR method on different features such as
PCA and LDA.
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100

1

1

99

0.7

No occlusion
10% occlusion

0.6

30% occlusion
0.5

50% occlusion

0.98
0.97
0.96

0.4
0.3
0

Recognition rate (%)

0.99
True Positive Rate

True Positive Rate

0.9
0.8

9

98

97

96
0.2

0.4

0.6

False Positive Rate

(a)

0.8

1

0.95
0

0.2

0.4
0.6
False Positive Rate

0.8

1
95
5

(b)

Fig. 11. (a) ROC curves corresponding to rejecting outliers. The solid curve
is generated by the DFR method based on our rejection rule. The dotted
curves correspond to the cases when different levels of occlusion has been
added to the test images. (b) ROC curve corresponding to rejecting invalid
test samples.

In the second set of experiments on rejecting invalid test
samples, we use the same experimental set up as in Section IV-A. In order to test the ability of our rejection rule
in rejecting invalid samples, we add 1198 randomly selected
object images from the Eth80 dataset [36] to the probe set.
The ROC curve corresponding to this experiment is shown in
Fig. 11(b). As can be seen from this figure, that our simple
rejection rule is able to remove most of the non-face images
and performs nearly perfectly.

G. Recognition rate vs. number of dictionary atoms
In this section, we evaluate the performance of DFR as
the number of trained dictionary atoms are changed. To this
end, we repeat the experiment described in Section IV-A on
DFR using 504 dimensional eigenfaces with different number
of dictionary atoms. Fig. 12 shows the recognition rate vs.
number of atoms bar plot for this experiment. It can be
observed that even selecting only 5 atoms per class dictionary,
DFR provides a reasonable recognition performance on the
Extended Yale B database. Experiments have shown that
increasing the number of atoms more than 23 usually degrades
the performance of our algorithm. This is the case because
with more dictionary atoms the representation gets more exact
and it has to deal with all the noise/distortion present in the
data. Whereas with fewer number of dictionary atoms, much
more accurate description of the internal structure of the class
is captured and the robustness to distortions is realized [6]
[37], [38].

10

15
20
Number of atoms

25

30

Fig. 12. Recognition rate vs. number of dictionary atoms on the Extended
Yale B dataset.

that of SRC and dictionary-based SRC (DSRC) 4 . For DSRC,
we define a new training matrix A as the concatenation of
learned dictionaries from all classes as
A = [D1 , · · · , DC ],

(15)

where Di is the learned dictionary corresponding to the class
matrix Bi . Given a novel face image, y, we solve the following
ℓ1 −minimization problem to obtain the sparse coefficients
β̂ = min kβk1 subject to Aβ = y.
β

(16)

Once the sparse solution is obtained, we follow the procedure
of SRC to classify the test image. The experiment is carried
out 10 times and the average recognition rates of DFR along
with SRC, DSRC and CDPCA are compared in Table V. This
experiment shows that even in the presence of a few training
images, our method can provide reasonable recognition of
human faces. This performance can be further enhanced by
learning dictionaries on features such as PCA and LDA.
TABLE V
P ERFORMANCE COMPARISON ( IN %) OF DIFFERENT METHODS WITH
RESPECT TO THE NUMBER OF TRAINING SAMPLES PER SUBJECT.
No. images
1
2
3

DFR
75.89
84.71
85.18

SRC
32.37
37.20
37.45

DSRC
30.98
44.23
53.57

CDPCA
5.52
26.22
30.25

GF
66.65
76.35
77.18

LTV
67.92
79.61
84.93

H. Recognition rate vs. number of training images

Note that this experiment violates SRC’s working premise
that any test image that belongs to the same class will
approximately lie in the linear span of the training samples
from the corresponding class. As a result, SRC fails to provide reasonable recognition performance on this experiment.
Similarly, 15 atoms per learned dictionary are not enough
for DSRC to classify a novel test image with illumination
variations via ℓ1 −minimization. Experiments have shown that
the performance of DSRC generally increases as more number
of atoms are kept in each learned dictionary.

In this section, we study the performance of DFR as we
vary the number of training images in each class. We use the
Extended Yale B database for the experiments in this section.
All the images are scaled to the size of 64 × 64. We randomly
select 1, 2, and 3 images per subject for training and the others
for testing. We compare the performance of our method with

4 Note that one can use the introduced relighting method to first enlarge the
training set to capture the illumination variations and then use the SRC method
for classification. However, as discussed earlier, with enlarged dictionary,
the computational complexity of SRC increases tremendously. To reduce the
complexity of the ℓ1 −minimization method, we first reduce the size of the
enlarged dictionaries using small-sized learned dictionaries. We then apply
the SRC method on a dictionary that is obtained by concatenating the learned
dictionaries.
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We also compare the performance of our method with several state-of-the-art illumination normalization-based methods
such as Gradient faces (GF) [39] and LTV [40]. Once the GF
or LTV features are found, the recognition is performed by
the nearest neighbor rule (in the case of 1 training image)
or by the nearest subspace rule. The results are shown in
the last two columns of Table V. As can be seen from
Table V that DFR significantly outperforms GF and LTV based
methods. Gradient faces and LTV features tend to be very
noisy, especially in the dark regions of the face. This in turn
effects the recognition performance. Since we are extending
the gallery by adding multiple images of the subject with
various illumination, DFR does not suffer from the above
mentioned artifacts and gives better recognition performance.
I. Efficiency
To illustrate the efficiency of our algorithm, in Table VI, we
report the average runtime of DSRC and DFR in classifying a
test sample with a gallery matrix containing 32 images from
which 15 dictionary atoms are learned. As can be seen from
the table that DFR is efficient even when the data dimension
increases.
TABLE VI
AVERAGE RUNTIME IN SECONDS
Dimension
30
56
120
504

DFR
5.5 × 10−4
6.8 × 10−4
7.1 × 10−4
1.5 × 10−3

DSRC
0.28
0.63
0.80
0.97

J. Limitations
One limitation of the albedo estimation methods [19] and
[22] is that they require the images to be aligned, as is the
case with most state-of-the-art face recognition algorithms.
The albedo estimation methods are also sensitive to facial
expressions. Hence, when our method is used to estimate the
albedo maps from a given face image with expressions, it
produces artifacts in the final estimated albedo. As a result,
DFR produces inferior recognition results on the databases
with expressions such as AR face dataset.
V. D ISCUSSION

AND

C ONCLUSION

We have proposed a face recognition algorithm based on
dictionary learning methods that is robust to changes in
lighting and pose. This entails using a relighting approach
based on a robust albedo estimation. Various experiments on
popular face recognition data sets have shown that our method
is efficient and can perform significantly better than many
competitive face recognition algorithms.
Even though, in this paper, we took a reconstructive approach to dictionary learning, it is possible to learn discriminative dictionaries [37], [38], [41], [42], [43], [44], [45], [46],
[47], [48] for the task of face recognition, as was done in
[23]. One of the main drawbacks of learning discriminative
dictionaries is that it can tremendously increase the over
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all computational complexity which can make the real-time
processing very difficult. Discriminative methods are also
sensitive to noise. It remains an interesting topic for future
work to develop and analyze the accuracy of a discriminative
dictionary learning algorithm that is robust to pose, expression
and illumination variations [49].
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