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ABSTRACT

This paper presents a method to perform sparse representa-
tion based classification (SRC) in a more accurate and effi-
cient way. In this method, training data is first mapped into
different feature spaces and multiple dictionaries are built by
utilizing a Fisher discriminative based method. These dic-
tionaries can be considered as efficient representations of the
data which are then used in a multimodal SRC framework
to classify test samples. In comparison to the original SRC
method where only one modality of training space is utilized,
the proposed method classifies test samples in a more accu-
rate and efficient way. Experimental results from two differ-
ent face datasets show that the proposed multimodal method
has higher recognition rate compared to single-modality SRC
based methods. The accuracy of the proposed method is also
compared to other multi-modality classifiers and the results
confirm that higher recognition rates are achieved in compar-
ison with other common classification algorithms.

Index Terms— Sparse representation, Fisher discrimina-
tion, Multimodal classification

1. INTRODUCTION

Sparse representation-based classification (SRC) has recently
become a widely used method in machine learning applica-
tions such as computer vision and signal classification. Based
on the theory of compressive sensing [1, 2], SRC classifies
unknown test samples by recovering a sparse coefficient vec-
tor over a set of training samples by solving an `1-norm op-
timization problem. Interesting results were reported using
SRC in face recognition application [3]. One of the limita-
tions of SRC is that it uses all the training samples to form its
training model. Large number of training samples increases
the required space and decreases SRC speed dramatically.
Training matrix size may be reduced by either selecting a sub-
set of training samples or combining the training samples into
a smaller and more compact dictionary. Over the past few
years, many complementary algorithms have been proposed
to improve the accuracy and performance of SRC. Dictionary
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learning methods try to increase SRC efficiency by substitut-
ing the original training matrix by a smaller and more efficient
set [4, 5, 6]. Some of the these approaches were investigated
in detail for different applications [7]. Another category of
SRC complementary approaches try to employ different as-
pects of input space to achieve a more accurate classification.
In a recent study, several feature vectors (modalities) are ex-
tracted from the original samples and directly form the train-
ing matrices [8]. These training matrices are used in a multi-
task formulation derived from the original SRC. This method
is called Multi-Task Joint Sparse Representation Classifica-
tion (MTJSRC) which is shown to be more accurate than SRC
if the modalities are selected in such a way that they cover dif-
ferent aspects of the input space [8].

In this paper, a novel method is proposed which has the
multi-modality structure of MTJSRC while performing faster
and more accurate by utilizing abstract classification mod-
els. MTJSRC uses the modalities from all samples directly
to form its models, thus its time complexity is higher than
SRC which uses only one modality. In fact, the effective-
ness of MTJSRC depends on both the number of modali-
ties and their dimensionality. This complexity imposes some
limitations on using MTJSRC in practical applications where
there are a large number of training data with high dimen-
sional modalities. Moreover, different modalities may con-
tain redundancy, un-used information, and noisy data which
decrease the classification robustness. [9] recently proposed
to use cluster centers to overcome this problem in MTJSRC.
The proposed method in this paper uses a multi-modality clas-
sification driven by Fisher discriminative dictionaries [4]. In
other words, features are extracted from the training data, and
processed by Fisher discriminative method which results in
more representative and discriminative dictionaries. These
dictionaries are then used to drive a multi-modal classifier.
Experiments of using the proposed method on face recog-
nition application show improved classification in terms of
recognition rate and computational efficiency compared to the
single-modality FDDL and multi-modal MTJSRC methods.

2. RELATED WORK

Wright et al. [3] proposed SRC for robust face recognition
based on the principle that ideally, a face image from a par-



ticular class can be represented as a linear combination of
other samples from the same class. SRC maps the classifi-
cation problem into a system of linear equations y = Aα,
where A ∈ Rm×n (m < n), is a matrix whose columns are
the training samples, y ∈ Rm is an unknown test sample to
be classified and the coefficient vector α ∈ Rn represents
y over A. Having C classes, matrix A can be expressed as
A = [A1, A2, . . . , AC ], where Ai contains the training sam-
ples from class i. In general, the equation y = Aα does not
hold exactly and it is reformulated as

y = Aα+ ε, (1)

where ε ∈ Rm is a Gaussian error term. The coefficients
vector α can be recovered [1, 2] by solving

α̂ = argmin
α

{
1

2
‖y −Aα‖22 + λ‖α‖1

}
, (2)

where λ is a regularization parameter and ‖·‖1 is the `1-norm
operator enforcing sparsity on α. Since y can (ideally) be
represented as a linear combination of a few number of atoms
(columns) of the matrix A, the recovered vector α̂ is a sparse
vector with few non-zero entries. Then, SRC classifies the
unknown test sample to class î by solving

î = argmin
i
‖y −Aδi‖2 , (3)

where δi is a vector of the same size as α with zero en-
tries except for the ones corresponding to class i. This
method is shown to achieve high face recognition rates [3].
To form matrix A, SRC considers only one feature vector
(modality) of the input space. Yuan et al. [8] presented,
a complementary approach (MTJSRC) which combines the
multi-modality property of multitask sparse linear regres-
sion and the high classification power of SRC. This method
utilizes different modalities of the training and test dataset
and builds several training matrices for classification. As-
sume K different modalities are extracted from the origi-
nal samples. These vectors will form K different matrices
F k = [F k1 , F

k
2 , . . . , F

k
C ] (k = 1 . . .K) and F k ∈ Rmk×n

where mk is the kth feature dimension and n =
∑C
i=1 ni

is the total number of training samples (ni is the number of
training samples from class i). In [8], F ks are used directly
in an optimization problem to classify a test sample.

Many classification problems deal with a large number
of high-dimensional training data. Since the computational
complexity of MTJSRC is directly affected by the number
of modalities and their dimensionality, the problem may be-
come even harder to solve when having multiple modalities.
Two main approaches may help to reduce the problem com-
plexity. The first method is dimensionality reduction, which
maps the modalities to lower dimensions. The second ap-
proach is, sample reduction, which reduces the number of
samples in each class. In [8], it is suggested to select ran-
dom training samples to form the feature matrices F k. This

solution is not necessarily optimal because randomly selected
samples may not represent the entire class effectively. In re-
ality, there are many information overlaps and redundancies
among training features. Dictionary learning (DL) methods
try to represent data in a more efficient form which can later
be used for purposes such as classification or compression. A
dictionary should have two important properties in order to be
used by SRC: first it should precisely represent training data
and second it should have discriminative power to be used for
classification. Using DL, the original data (A in (1)) can be
decomposed such that A = DB where D ∈ Rm×d is the dic-
tionary and B ∈ Rd×n is the coefficient matrix representing
A over D (d is the number of atoms in D). The effectiveness
of combining dictionaries with SRC has been investigated in
a number of studies [4, 5, 6]. Among these methods, Fisher
Discriminative Dictionary Learning (FDDL) [4] with its high
classification accuracy ([7]) is selected in this study to be used
in a multi-modality scheme.

3. MULTIMODAL FISHER DISCRIMINATIVE
SPARSE REPRESENTATION CLASSIFICATION

In this section, a multimodal dictionary-based method is pro-
posed for a more efficient and -in the same time- accurate
classification. This method is called Multi-modal Fisher dis-
criminative Sparse Representation Classification.

After extracting features from the original training sam-
ples, modality matrices (F k, k = 1 . . .K) are formed (section
2) which are then compressed into dictionariesDk ∈ Rmk×d,
where d =

∑C
i=1 di is the number of atoms/columns in the

dictionary (di is the number of representatives of class i in
D). To achieve this compression, FDDL [4] is used in a multi-
modality scheme which solves

argmin
Dk,Bk

{
r(F k, Dk, Bk) + λ1

∥∥Bk∥∥
1
+ λ2f(B

k)
}
, (4)

where the coefficient matrix Bk = [Bk1 , B
k
2 , . . . , B

k
C ] corre-

sponds to modality F k. Each element Bki is a matrix which
is decomposed into elements Bkij representing mapping of
modalities F ki over the sub-dictionary Dk

j (a sub-dictionary
of Dk corresponding to class j (Dk = [Dk

1 , D
k
2 , . . . , D

k
C ])).

The regularization parameters λ1 and λ2 set the trade-off be-
tween the sparsity and discrimination power. r(F k, Dk, Bk)
is the discriminative fidelity term forcing 3 constraints on
both dictionary and coefficient matrix. First, it forces the
whole dictionary Dk to be a good representative for the class
i modalities F ki . In other words, it tries to make Dk

i B
k
i as

close as possible to F ki . The next constraint forces the sub-
dictionary Dk

i to be a good representative for modalities F ki .
Equivalently, Dk

i B
k
ii is forced to approximate F ki . The last

constraint implies that the coefficients which correspond to
classes other than i should not represent class i. In other
words, Bkij(i 6= j) should be close to zero to make Dk

jB
k
ij



Algorithm 1: Multimodal Fisher discriminative DL

Input: F k = [F k1 , F
k
2 , . . . , F

k
C ] (k = 1 . . .K), λ1, λ2

Initialization: random Dk
i vectors with unit `2-norm.

repeat
for k ∈ {1, 2, . . . ,K} do

for i ∈ {1, 2, . . . , C} do
Fix Dk and solve (4) for Bki

for i ∈ {1, 2, . . . , C} do
Fix Bk and solve (4) for Dk

i

until Convergence or Maximum Iteration
Output: Dictionaries Dk, Coeffs Bk (k = 1 . . .K).

small. The term r(F k, Dk, Bk) can be formulated by

∥∥F ki −DkBki
∥∥2
F
+
∥∥F ki −Dk

i B
k
ii

∥∥2
F
+

C∑
j=1
j 6=i

∥∥Dk
jB

k
ij

∥∥2
F
, (5)

where ‖·‖F is the matrix Frobenius norm.
f(·) in (4) is the Fisher discriminative criterion which in-
creases the discrimination power of the dictionary by con-
sidering the within-class Sω(Bk) and between-class Sβ(Bk)
scattering. A multimodal implementation of this criterion is

f(Bk) = tr(Sω(B
k))− tr(Sβ(B

k)) + η
∥∥Bk∥∥2

F
, (6)

where the last term imposed to provide convexity weighted
by η. Generally, (4) is categorized as a multi-variable convex
optimization problem which is solved by alternatively opti-
mizing Dk

i and Bki for all classes and modalities (Algorithm
1). Although DL enforces an extra computational complexity
to the whole frame work, it is off-line and does not affect the
final classification complexity.

In reality, a test sample is a multimodal vector of differ-
ent dimensions noted by yk where k is modality index. A
generalized version of (1) for the kth modality after substi-
tuting multimodal dictionaries is yk = Dkxk + εk, where
xk ∈ Rd is the coefficient vector representing yk over the
dictionaryDk and can be decomposed into the reconstruction
coefficient vectors associated with class i (xki s∈ Rdi ). To
recover the coefficients vectors the optimization problem

X̂ = argmin
X

{
1

2

K∑
k=1

∥∥yk −Dkxk
∥∥2
2
+ λ‖X‖1,2

}
(7)

should be solved, the coefficient matrix X = [xki ]k,i con-
tains the coefficient vectors for all K tasks and ‖X‖1,2 =∑C
i=1 ‖Xi‖2 is its `1,2-norm with Xi = [x1

i ,x
2
i , . . . ,x

K
i ]

representing the coefficients of all modalities corresponding
to class i. Optimization problem (7) can be iteratively solved
by Accelerated Proximal Gradient (APG) method [8]. In the

next step, the class of the test sample can be calculated by

î = argmin
i

K∑
k=1

∥∥∥yk −Dk
i x̂

k
i

∥∥∥
2
. (8)

where x̂ki is the recovered coefficients corresponding to the
kth modality of the ith class. The computational complexity
of the proposed method is O(Kdmk + 2TKdmk), where T
is the total number of APG optimization iterations [8].

4. EXPERIMENTS

Several experiments were conducted to show the efficiency
and accuracy of the proposed method (MMFSRC) in face
recognition applications. In fact, SRC-based methods are
shown to be effective in other applications such as object and
digit recognition [7, 4]. In this paper, MMFSRC is compared
to the single modality approaches [3, 4] and other multi-
feature approaches including MTJSRC [8], Nearest Subspace
Classifier [10], Nearest Neighbor Classifier [11] and Support
Vector Machines [12] with linear kernel. Two face datasets
were examined: Extended Yale B dataset [13, 14] contains
2414 face images (cropped to 192×168) from 38 subjects
under various controlled lighting conditions. Half of the im-
ages were randomly selected for training and the other half
for testing. FRGC dataset [15] contains 36817 face images
from 535 subjects. 100 classes were randomly selected with
50 samples for training and 30 samples for testing. All sam-
ples were normalized and cropped into 60×60 images. Two
face modalities were used in this work: grayscale (GS) pixel
values and Local Binary Patterns (LBP) [16]. Images were
resized into 32×32 and used as first modality. LBP patterns
of size 30×30 were calculated and used as 900 dimensional
vectors for the second modality. The first set of experiments
compares the accuracy of MMFSRC to the single modality
SRC [3] and FDDL-SRC [4]. Modality matrices were of
size 1024×1216 (GS) and 900×1216 (LBP) for Yale B and
1024× 5000 (GS) and 900×5000 (LBP) for FRGC datasets.
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Fig. 1. Recognition rates of single modality SRC, FDDL-
SRC and MMFSRC on Yale B dataset.



2 4 6 8 10 12
20

40

60

80

100

Number of representatives per class

R
ec

og
ni

tio
n 

ac
cu

ra
cy

 (
%

)

 

 

MMFSRC
SRC−FDDL (GS)
SRC−FDDL (LBP)
SRC (GS)
SRC (LBP)

Fig. 2. Recognition rates of single modality SRC, FDDL-
SRC and MMFSRC on FRGC dataset.

In order to have fixed number of columns in training matri-
ces, 2∼12 columns of GS and LBP matrices were randomly
selected and then separately used as SRC training matrix (A
in (2)). To achieve an under-determined system of linear
equations, down-sampling [3] was used to reduce the dimen-
sionality to 100. Random selection of training modalities
was repeated 10 times and after running SRC ((2) and (3)),
average recognition rates for different sizes of training matrix
are reported in Fig. 1 and 2 for Yale B and FRGC dataset,
respectively. Equation (4) was then used to form two dictio-
naries and λ1 and λ2 were set to 0.005 and 0.05, respectively.
Different numbers of atoms per class (2∼12) were forced to
the dictionaries which are then used for classification. Recog-
nition results for single feature FDDL (GS and LBP) as well
as the proposed MMFSRC (equations (7) and (8)) are also
reported in Fig. 1 and 2. It can be seen that for similar num-
ber of columns, higher recognition rates were achieved using
MMFSRC comparing to SRC and FDDL-SRC.

The next evaluation compares MMFSRC to MTJSRC [8].
For this purpose, MTJSRC was repeated 10 times for differ-
ent training samples selections and its results are compared
to MMFSRC (with previous experiment setup) in Fig. 3. It
can be seen that the proposed method outperforms MTJSRC,
especially for small number of representatives. In the next ex-
periment, modalities from all the training samples were used
to train different classifiers while MMFSRC used dictionaries
with only 12 representatives per class. Classification rates
are reported in Table 1 where the proposed method achieves

Table 1. Classification accuracy for different classifiers by
using all training samples for training.

Classifier
Accuracy (%)

Yale B FRGC
SVM 94.32 93.23
NN 94.32 90.40
NS 98.60 96.93
MTJSRC 99.01 95.43
MMFSRC 99.50 96.77
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Fig. 3. Recognition rates on YaleB (top) FRGC (bottom)
dataset, for MMFSRC and MTJSRC.

recognition rates of 99.50% and 96.73% while MTJSRC even
when all training features are used to build its training matri-
ces has 99.01% and 95.43% recognition accuracies for Yale
B and FRGC datasets, respectively. Note that in experiments
on FRGC, MMFSRC uses two 100×1200 matrices while
MTJSRC uses two 100×5000 matrices. In other words, the
proposed method is not only more accurate than MTJSRC,
but also classifies each FRGC test sample more than 4 times
faster (with the same number of iterations), given its compu-
tational complexity (section 3). Experiments also show that
when using all samples, MTJSRC needs more iterations to
converge which results in a much slower classification. Table
1 also shows the recognition rates using other classification
approaches using all training samples in training phase.

5. CONCLUSION

This paper presented a novel approach for a more accurate
and efficient sparse representation based classification (SRC).
In this method training samples are first mapped into differ-
ent feature spaces and then different dictionaries are built for
each modality by utilizing Fisher Discriminative Dictionary
Learning (FDDL). These dictionaries can be viewed as an
efficient representation of the training data which captures
discriminative information. The dictionaries are then used
in a multimodal sparse representation framework for classi-
fication. Experimental results on two different face datasets,
i.e. Extended Yale B and FRGC datasets, show that the pro-
posed multi-modal method is more accurate compared to a
single-modality FDDL method. The accuracy of the proposed
method is also compared to other multi-modality classifiers
including MTJSRC, Nearest Subspace, Nearest Neighbor and
linear SVM classifiers. Results confirm that with equal num-
ber of training samples, higher accuracies are achieved by us-
ing the proposed method.



6. REFERENCES

[1] Emmanuel J Candès, “Compressive sampling,” in In-
ternational Congress of Mathematics, 2006.

[2] David Donoho, “Compressed sensing,” IEEE Transac-
tions on Information Theory, vol. 52, no. 4, pp. 1289–
1306, 2006.

[3] John Wright, Allen Y Yang, Arvind Ganesh, Shankar S
Sastry, and Yi Ma, “Robust face recognition via sparse
representation,” IEEE Transactions on Pattern Analysis
and Machine Intelligence (TPAMI), vol. 31, no. 2, pp.
210–227, 2009.

[4] Meng Yang, David Zhang, and Xiangchu Feng, “Fisher
discrimination dictionary learning for sparse represen-
tation,” in IEEE International Conference on Computer
Vision (ICCV), 2011, pp. 543–550.

[5] Meng Yang, Lei Zhang, Jian Yang, and David Zhang,
“Metaface learning for sparse representation based face
recognition,” in IEEE International Conference on Im-
age Processing (ICIP), 2010, pp. 1601–1604.

[6] Soheil Shafiee, Farhad Kamangar, Vassilis Athitsos, and
Junzhou Huang, “Efficient sparse representation clas-
sification using adaptive clustering,” in International
Conference on Image Processing, Computer Vision, and
Pattern Recognition (IPCV), 2013.

[7] Soheil Shafiee, Farhad Kamangar, Vassilis Athitsos, and
Junzhou Huang, “The role of dictionary learning on
sparse representation-based classification,” in Interna-
tional Conference on Pervasive Technologies Related to
Assistive Environments (PETRA). ACM, 2013, p. 47.

[8] Xiao-Tong Yuan, Xiaobai Liu, and Shuicheng Yan, “Vi-
sual classification with multitask joint sparse represen-
tation,” IEEE Transactions on Image Processing (TIP),
vol. 21, no. 10, pp. 4349–4360, 2012.

[9] Soheil Shafiee, Farhad Kamangar, and Laleh SH. Ghan-
dehari, “Cluster-based multi-task sparse representation
for efficient face recognition,” in IEEE Southwest Sym-
posium on Image Analysis and Interpretation (SSIAI),
2014, pp. 125–128.

[10] Angshul Majumdar and Rabab. K. Ward, “Compressive
classification for face recognition,” in Face recognition,
Milos Oravec, Ed., pp. 47–64. InTech Publishers, 2010.

[11] Richard O Duda, Peter E Hart, and David G Stork, Pat-
tern classification, John Wiley & Sons, 2012.

[12] Vojislav Kecman, Learning and soft computing: sup-
port vector machines, neural networks, and fuzzy logic
models, MIT press, 2001.

[13] Athinodoros S. Georghiades, Peter N. Belhumeur, and
David Kriegman, “From few to many: Illumination
cone models for face recognition under variable light-
ing and pose,” IEEE Transactions on Pattern Analysis
and Machine Intelligence (TPAMI), vol. 23, no. 6, pp.
643–660, 2001.

[14] Kuang-Chih Lee, Jeffrey Ho, and David Kriegman, “Ac-
quiring linear subspaces for face recognition under vari-
able lighting,” IEEE Transactions on Pattern Analysis
and Machine Intelligence (TPAMI), vol. 27, no. 5, pp.
684–698, 2005.

[15] P Jonathon Phillips, Patrick J Flynn, Todd Scruggs,
Kevin W Bowyer, Jin Chang, Kevin Hoffman, Joe Mar-
ques, Jaesik Min, and William Worek, “Overview of the
face recognition grand challenge,” in IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
2005, vol. 1, pp. 947–954.

[16] Timo Ahonen, Abdenour Hadid, and Matti Pietikainen,
“Face description with local binary patterns: Applica-
tion to face recognition,” IEEE Transactions on Pattern
Analysis and Machine Intelligence (TPAMI), vol. 28, no.
12, pp. 2037–2041, 2006.


	 Introduction
	 Related Work
	 MULTIMODAL FISHER DISCRIMINATIVE SPARSE REPRESENTATION CLASSIFICATION
	 Experiments
	 Conclusion
	 References

