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ABSTRACT
In this paper, we address the problem of robust face recognition using undersampled data. Given only one or few face images per class, our proposed method not only handles test images with large intra-class variations such as illumination and
expression, it is also able to recognize the corrupted ones due
to occlusion or disguise. In our work, we advocate the learning of auxiliary dictionaries from the subjects not of interest. With the proposed optimization algorithm which jointly
solves the tasks of auxiliary dictionary learning and sparserepresentation based face recognition, our approach is able
to model the above intra-class variations and corruptions for
improved recognition. Our experiments on two face image
datasets confirm the effectiveness and robustness of our approach, which is shown to outperform state-of-the-art sparse
representation based methods.
Index Terms— Dictionary learning, sparse representation, face recognition
1. INTRODUCTION
For robust face recognition, one not only needs to recognize
face images with possible illumination and expression variations, these images might also suffer from corruptions due to
occlusion or disguise. Although a typical solution is to collect training data in advance for covering the above intra-class
variations, it is generally not clear whether the collected training data will be sufficient for providing generalization for the
designed classifiers. Moreover, in practical scenarios, only
one or very few face images of the subject of interest might
be captured during the data acquisition (i.e., training) stage.
As a result, one would encounter the challenging task of undersampled face recognition.
Proposed by Wright et al. [1], sparse representation based
classification (SRC) has emerged as a state-of-the-art face
recognition approach due to its promising performance. SRC
advances sparse coding and treats the training face images
of different subjects as an over-complete dictionary. As reviewed in Section 2, it assumes that test images of these subjects will lie in the subspace spanned by the corresponding
dictionary atoms (i.e., training data), so that recognition can
be performed accordingly. To improve the performance, Wagner et al. [2] extended SRC and designed a projection-based
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Fig. 1. Illustration of our proposed method, which utilizes external
face images for modeling intra-class variations or occlusion. Note
that the gallery set contains only one or few face images of the subjects of interest, while the auxiliary dictionary is to be learned from
external data for observing possible image variants.

framework for covering possible face illumination variations.
Nevertheless, SRC-based approaches require the collection of
a large amount of training image data as the over-complete
dictionary for recognition.
In order to address undersampled face recognition problems, Zhu et al. [3] proposed a multi-scale patch based collaborative representation (PCRC) approach. PCRC performs
recognition based on patch-wise reconstruction error, but it is
not designed to handle face images with occlusion. To introduce additional capabilities in modeling intra-class variations,
recent works like AGL [4] and ESRC [5] utilized images collected from an external dataset which contains subjects not of
interest. In particular, ESRC was proposed to handle image
variants including the corrupted ones (e.g., occluded faces).
However, images collected from external data might contain
noisy, redundant, or undesirable information which would degrade the capability in covering intra-class variations. Without proper selection and integration of face images from both
the gallery and external data, it is not guaranteed that the use
of external data is preferable.
We note that dictionary learning has been shown as an
effective technique for both data representation and classification [6]. Many efforts have been devoted to the learning of a proper dictionary for particular applications like image denoising [7, 8], image inpainting [9, 8], and image
classification [10, 11, 12, 13, 14]. However, most exist-
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ing dictionary learning approaches for face recognition like
[10, 11, 12, 13, 14] require the training images to be clean
(i.e., without occlusions). As pointed out in [15], the presence of corrupted face images in the training set would significantly degrade the recognition performance.
In this paper, we propose a SRC-based dictionary learning algorithm for robust face recognition using undersampled
data. With the same setting as [5], we consider only one or
few non-occluded training images are available for each subject of interest. Unlike [5] which directly utilizes face images
with possible variants from an external dataset (e.g., subjects
not of interest), we advocate the extraction of representative
information from external data via dictionary learning, and
this process is considered as auxiliary dictionary learning. It
is worth noting that, while one can directly apply existing dictionary learning algorithms like K-SVD [16] to derive dictionaries for images from external datasets, the derived dictionary only exhibits representation ability and does not guarantee recognition performance for the subjects of interest. In our
work, we jointly solve the tasks of auxiliary dictionary learning and SRC-based face recognition in a unified optimization
framework (detailed in Section 3). This is the reason why our
approach is able to improve the performance for robust face
recognition under the scenario of undersampled training data.
Fig. 1 illustrates the idea of our proposed method. By
learning an auxiliary dictionary from an external dataset together with SRC, the benefits of our approach are twofold.
Firstly, we are able to address undersampled face recognition
problem since only one or few training images of the subjects to be recognized are required for training. Thus, there is
no need to collect a large training dataset for covering image
variants for all subjects of interest (as SRC did). Secondly,
the auxiliary dictionary learned from external data allows us
to model intra-class variations including corruptions like occlusion. If a particular type of intra-class variations is of interest, our approach allows one to simply collect such images
from subjects not of interest. By solving both auxiliary dictionary learning and face recognition in a unified framework,
improved recognition performance can be expected.
2. RELATED WORK
2.1. SRC and Extended SRC
Sparse representation based classification (SRC) was recently
proposed by Wright et al. [1] for face recognition. It considers each test image y as a sparse linear combination of a codebook D = [D1 , D2 , · · · , Dk ], where Di denotes the training images associated with class i. SRC calculates the sparse
coefficient x of y by solving the following `1 -minimization
problem:
min ky − Dxk22 + λkxk1 .
x

(1)

Once (1) is solved, the test input y will be recognized as class
j if it satisfies
j = arg min ky − Dδi (x)k2 ,
i

(2)

where δi (x) is a vector whose only nonzero entries are the
entries in x that are associated with class i. In other words,
the test image y will be assigned to the class based on the
class-wise minimum reconstruction error. The motivation behind SRC is that the test image y lies in the column subspace
spanned by Dj if it belongs to the corresponding class. As a
result, most non-zero elements of x will be mainly presented
in the non-zero elements of δj (x) and thus result in the minimum reconstruction error.
A major limitation of SRC is its requirement of collecting
a large amount of training data as the over-complete dictionary D. To address this concern, Deng et al. [5] proposed
Extended SRC (ESRC) by solving:

min y − [D, A]
x

xd
xa
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+ λkxk1 ,

(3)
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where x = [xd ; xa ]. It can be seen that ESRC introduces
an intra-class variant dictionary A for SRC. Different from
D in SRC, this intra-class variant dictionary A consists of
image data collected from an external dataset (e.g., subjects
not of interest), and the use of this dictionary is to model all
possible variations of interests including occlusion. Similar
to SRC, the classification criterion of ESRC needs to satisfy:
j = arg min y − [D, A]
i



δi (xd )
xa

.

(4)
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Although observing intra-class variations using external data
has shown to produce promising results by ESRC, the direct
use of such data might degrade the performance due to the
noise or redundant images presented. Another concern of
ESRC is that, since the goal of collecting A is to cover all
variations of concern, the size of A can become very large
which makes the computation of (3) extremely expensive.
2.2. Dictionary Learning for Sparse Coding
Recent research progresses indicate that the learning of data
or application-driven dictionaries might be preferable than using predefined ones [6]. In general, dictionary learning algorithms can be designed in an unsupervised or supervised way.
Unsupervised dictionary learning aims at data representation
[17, 16], and thus the corresponding reconstruction process
can be applied to image synthesis tasks like image denoising.
For image classification, supervised dictionary learning
aims at introducing data discrimination using some classification criteria. For example, Mairal et al. added an softmax cost
function term [18] into the sparse representation formulation
for recognition. Yang et al. imposed the Fisher discrimination
criterion [14] on the objective function so that the learned dictionaries would favor data classification. Some recent works
[19, 20, 11, 12] further integrated classifier design into the
sparse representation framework, so that both classifier and
dictionary will be jointly learned for improved recognition.

Unfortunately, the above dictionary learning approaches
will not generalize well if the amount of training data is limited. In this paper, we propose to learn an auxiliary dictionary
for observing intra-class variations using external data, while
only one or few training images per class are required for the
subjects of interest. Later in the experiments, we will confirm
that our approach not only outperforms state-of-the-art SRC
based methods, it would require fewer external data than the
ESRC does while achieving better recognition performance.

Table 1. Properties of different sparse representation based face

3. AUXILIARY DICTIONARY LEARNING

error. In this last term, De δik (xd
i ) is associated with the
SRC classification rule as shown in (2), and Axai takes the
observed auxiliary dictionary into consideration for handling
possible intra-class variations or corruptions. This explains
how we effectively integrate both auxiliary dictionary learning and the SRC objective function into a unified framework.

3.1. Problem Formulation
We propose a supervised learning algorithm for solving undersampled face recognition problems. Inspired by [4, 5],
we utilize images collected from external data, and we advocate the learning of an auxiliary dictionary from such data for
modeling intra-class variations including possible occlusions.
By jointly solving this learning algorithm with SRC in a unified framework, the recognition performance can be significantly improved. Table 1 highlights and compares the properties of recent SRC-based face recognition methods, which
shows the advantages of our proposed method.
We now detail our proposed algorithm. To learn an auxiliary dictionary for modeling intra-class image variants, we
collect images of p subjects from an external dataset. We separate these external images into a probe set Ye and a gallery
set De (note that the superscript e indicates external data).
e
] ∈ Rd×N consists of N
The probe set Ye = [y1e , y2e , . . . , yN
d-dimensional images with different intra-class variations of
interest (and to be modeled). The gallery De contains only
one or few face images per subject for the setting of undersampled recognition. Suppose De ∈ Rd×p (i.e., one image per subject), our proposed algorithm solves the following
problem during training:
min
A,X

N 
X
kyie − [De , A]xi k22 + λ kxi k1
i=1
a
+η yie − De δik (xd
i ) − Axi
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3.2. Optimization
We now provide optimization details for solving (5) during
training. Since (5) is nonlinear with respect to variables X
and A, we alternate between the stages of sparse coding and
dictionary update for obtaining their optimal solutions.
3.2.1. Sparse Coding for Updating X
In the sparse coding stage, we fix A and rewrite the minimization problem of (5) as follows:

min
X

 
yie
De
e −
γyi
γδik (De )

  d
A
xi
γA xai

2

+ λ kxi k1 ,

(6)

2

where γ = η 1/2 and δik (De ) ∈ Rd×p whose nonzero
columns are those associated with class ik . Since (6) has the
same formulation as (1), one can apply existing techniques
such as Homotopy, Iterative Shrinkage-Thresholding, or Augmented Lagrange Multiplier for solving (6). In our work, we
adopt the Homotopy method due to its effectiveness and efficiency as suggested in [21].
3.2.2. Dictionary Update for A

(5)
2

recognition approaches. Note that both ESRC and our approach utilize external face images for recognition.


,
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where X = [x1 , . . . , xN ], and the auxiliary dictionary A is of
size d × m (m specifies the number of dictionary atoms to be
a
observed). The vector xi = [xd
i ; xi ] is the sparse coefficient
p×1
for yie , in which xd
∈
R
indicates
the coefficient assoi
ciated with the gallery De , and xai ∈ Rm×1 is the one with
the learned auxiliary dictionary A. The function δik (xd
i ) produces the vector xd
with
only
nonzero
entries
associated
with
i
class ik (ik denotes the label of yie in the external data set).
Parameters λ and η control the sparsity and the class-wise reconstruction error, respectively.
In (5), the first term indicates data representation, the second term introduces the sparsity constraint, while the last term
a 2
yie − De δik (xd
i ) − Axi 2 is the class-wise reconstruction

To learn the auxiliary dictionary A, we first perform k-means
clustering on external data to obtain m cluster centers for initialization (recall in Section 3.1 that m is the number of dictionary atoms to be observed). When updating A, we fix X
in (5) and minimize the following function:
min
A

N
X
i=1



 

yie − De xd
Axai
i
−
a
e
e
d
γAxi
γyi − γD δik (xi )

2

!
,

(7)
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in which γ = η 1/2 . The minimization problem of (7) can be
further expressed as
min Ŷ − ZAXa
A

2

,

(8)

F

where Xa = [xa1 , xa2 , . . . , xaN ], Ŷ = [ŷ1 , ŷ2 , . . . , ŷN ], and


 
yie − De xd
I
i
ŷi =
,Z =
.
e
e
d
γyi − γD δik (xi )

γI

training images

test images

Let F (A) denote the objective function of (8) and aj be the
jth column of A. Since (8) is an unconstrained optimization
problem and F (A) is a quadratic function of A, the optimal
solution of (8) can be analytically obtained by setting the partial derivatives of F (A) with respect to aj equal to zero, i.e.,
Fig. 2. Example images of the Extended Yale B database.
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for j = 1, 2, . . . , m, where xij is the (i, j) entry of Xa . As a
result, A can be derived by solving of a linear system. More
precisely, by taking the transpose of the above m linear equations, we have
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X
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(9)
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i=1

In view of (9), the auxiliary dictionary A is obtained by solving the linear system UAT = V.
3.3. Testing
For the query y and undersampled training data D of the
subjects of interest (different from ye and De in the training stage), we apply (3) together with the auxiliary dictionary
A learned from external data to calculate the coefficient x.
Once x is obtained for the query y, recognition is achieved
by (4).
4. EXPERIMENTAL RESULTS
4.1. Extended Yale B Database
In our experiments, we first consider the Extended Yale B
database [22], which contains frontal-face images of 38 subjects with about 64 images for each person. The face images
are taken under various illumination conditions [23]. All images are converted into grayscale and are cropped to 192×168
pixels prior to our experiments (see examples in Fig. 2). We
select 32 from the 38 subjects to be recognized, and the remaining 6 subjects are considered as external data (i.e., subjects not of interest) for auxiliary dictionary learning.
For the 32 subjects of interest, we select 3 images from
each of the 32 subjects as the gallery, and the remaining 61
images for testing. The three gallery images are A+000 E+00,
A-085 E+20, and A+085 E+20 (A+085 refers to 85 degrees
azimuth, and E+20 refers to 20 degrees elevation [22]). For
the training stage of auxiliary dictionary learning using external data (i.e., the six subjects not of interest), we choose the

same images at A+000 E+00, A-085 E+20, and A+085 E+20
as the gallery De , and thus De contains a total of 6 × 3 images. The probe Ye consists of the remaining 61 images of
these 6 subjects. The number m of the atoms for the auxiliary
dictionary A is set as 61 × k (1 ≤ k ≤ 6). We will vary k and
evaluate the performance of our approach. The parameters λ
and η in (5) are set to 0.001 and 1, respectively.
We first compare our method with ESRC [5] with different sizes of the external data (i.e, different k). Fig. 3(a)
shows the comparisons of these two approaches using LBP or
pixel-based features (we apply the settings of LBP as [24]
did). From this figure, it is clear that our method outperformed ESRC especially when k is smaller. We note that, it
is expected that the difference between these two approaches
would become smaller as k increased. This is because that
ESRC did not perform any learning on external data, and
the use of more external data would give comparable performance as learning-based approaches did (but would be more
expensive in terms of both computation and storage costs).
We now compare the performance of different SRC-based
approaches: Nearest Neighbor (NN), SRC [1], KSVD [16],
and ESRC over different feature dimensions. While NN and
SRC and NN do not utilize any external data, we fix the number of external subjects k = 2 for KSVD, ESRC, and our approach. For KSVD, we directly apply the KSVD algorithm to
learn a dictionary from external data for deriving A, and use
(4) as the classification rule. We apply Randomfaces [1] to
perform dimensionality reduction, and show the performance
comparisons using LBP and pixel-based features in Figs. 3(b)
and (c), respectively. From these two figures, we see that our
method not only outperformed NN and SRC, we also consistently produced the improved performance over different dimensions when comparing to other SRC-based methods. Although KSVD also performed auxiliary dictionary learning,
its performance did not differ much from that of ESRC (without learning). This is because that KSVD only aims at learning dictionaries for data representation. This also confirms
that the integration of both auxiliary dictionary learning and
the classification rule into a unified optimization framework
(like our proposed one in (5)) is preferable.
4.2. AR Database
The AR database [25] contains over 4,000 frontal images of
126 individuals. The images are taken under different variations, including illumination, expression, and facial occlusion/disguise in two separate sessions. More specifically,
there are thirteen images for each session, in which three im-
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Fig. 4. Example images of the AR database. Note that only the
neural image of each subject is included in the gallery set, while the
rest are to be recognized.

ages with sunglasses, another three with scarfs, and the remaining seven are with illumination and expressions variations. In our experiments, all images are cropped to 165×120
pixels and converted to grayscale. We choose a subset of AR
consisting of 50 men and 50 women (as [1] did). From the
first session, we select 80 subjects of interest for training and
testing, and the remaining 20 subjects are considered as external data for auxiliary dictionary learning.
For the scenario of undersampled face recognition, we
select only the neutral image of each of the 80 subjects as
the gallery, and the rest for testing (see Fig. 4 for example).
To learn the auxiliary dictionary A using external data, we
also choose neutral images as the gallery De (and thus De
contains a total of 20 images). The probe Ye consists of
the remaining images from the above 20 external subjects.
The number of atoms m of the auxiliary dictionary A is
(13 − 1) × k (1 ≤ k ≤ 20). It is worth noting that the
setting for the AR database is more challenging than that of
the Extended Yale B database. We not only need to deal with
image variants of illumination, expression, and occlusion, we
only require one neutral image for each person as the gallery
for recognition.
By varying the size k of the external data, we consider
several SRC-based approaches (using LBP or pixel-based features) for comparisons: SRC, ESRC, AGL [4], and PCRC [3]
(both AGL and PCRC are designed to handle only one train-

ing image per subject). We show the performance comparisons in Fig. 5(a). Note that we have k = 0 for SRC and
PCRC, since they did not consider any external data. From
this figure, we see that our method outperformed others when
utilizing external data for auxiliary dictionary learning. If no
external data is available, methods of ESRC and ours would
turn into SRC. It is worth noting that although AGL considered external data for designing its classifiers, its recognition
rate was much lower than ours. This is due to the fact that
AGL did not consider the possible corruption of training data.
Similar to our observations for the Extended Yale B dataset,
our method required a smaller size of external data than ESRC
17 for producing comparable performance.
did
Finally, we compare the performance of NN, SRC,
KSVD, ESRC, and ours over a range of dimensionality (with
k = 2). We did not consider PCRC or AGL for this comparison, since PCRC is a patch-based method, and AGL is extended from LDA. In other words, the feature dimensions of
both PCRC and AGL are fixed (e.g., only 80−1 for AGL). We
plot the performance comparisons using LBP and pixel-based
features in Figs. 5(b) and (c), respectively. From both figures,
it can be seen that our method outperformed others over all
feature dimensions considered. It is worth repeating that the
intra-class variations for AR are more challenging than those
of Extended Yale B. From the above experiments, the effectiveness of our proposed algorithm is successfully verified.
We confirm that a joint optimization framework which solves
auxiliary dictionary learning and SRC would be preferable for
undersampled face recognition problems.
5. CONCLUSION
We presented an auxiliary dictionary learning algorithm for
solving undersampled face recognition problems. Our proposed method is able to model intra-class variations (e.g.,
illumination and expression changes) and corruptions (e.g.,
occlusion or disguise) using a small amount of external face
data. Using the observed auxiliary dictionary, our approach
can be applied to the scenarios in which only one or few face
images of each subject of interest are available (i.e., as the
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Fig. 5. Performance comparisons on the AR database with (a) different number of subjects in the auxiliary dictionary, (b) different dimensions
of LBP features, and (c) different dimensions of pixel-based features.
gallery set). Experimental results confirmed the effectiveness
of our method, which was shown to outperform state-of-theart sparse representation based approaches with or without using external face data.
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