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Dictionary learning (DL) for sparse coding based classification has been widely re-

searched in pattern recognition in recent years. Most of the DL approaches focused on 
the reconstruction performance and the discriminative capability of the learned dictionary. 
This paper proposes a new method for learning discriminative dictionary for sparse rep-
resentation based classification, called Incoherent Fisher Discrimination Dictionary 
Learning (IFDDL). IFDDL combines the Fisher Discrimination Dictionary Learning 
(FDDL) method, which learns a structured dictionary where the class labels and the dis-
crimination criterion are exploited, and the Incoherent Dictionary Learning (IDL) method, 
which learns a dictionary where the mutual incoherence between pairs of atoms is ex-
ploited. In the combination, instead of considering the incoherence between atoms in a 
single shared dictionary as in IDL, we propose to incorporate the incoherence between 
pairs of atoms within each sub-dictionary, which represent a specific object class. This 
aims to increase discrimination capacity of between basic atoms in sub-dictionaries. The 
combination allows one to exploit the advantages of both methods and the discrimination 
capacity of the entire dictionary. Extensive experiments have been conducted on bench-
mark image data sets for Face recognition (ORL database, Extended Yale B database, AR 
database) and Digit recognition (the USPS database). The experimental results show that 
our proposed method outperforms most of state-of-the-art methods for sparse coding and 
DL based classification, meanwhile maintaining similar complexity. 
 
Keywords: dictionary learning, sparse coding, fisher criterion, pattern recognition, object 
classification 
 
 

1. INTRODUCTION 
 

Sparse representation (or sparse coding) has been widely used in many problems of 
image processing and computer vision [1, 2], audio processing [3, 4], as well as classifi-
cation [5-9] and archived very impressive results. In this model, an input signal is de-
composed by a sparse linear combination of a few atoms from an over-complete diction-
ary. In general, the goal of sparse representation is to represent input signals by a linear 
combination of atoms (or words). This is done by minimizing the reconstruction error 
under a sparsity constraint: 

 2
, 1min || || || ||D X FA DX X   (1) 
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where 1 2[ , ,..., ] m n
nA a a a    is a set of n  training samples , 1, 2,..., ;m

ia i n   
1 2[ , ,..., ] m p

pD d d d    is the over-complete dictionary to be learned, containing p  
atoms ( p m and p n ); 1 2[ , ,..., ] p n

nX x x x    is the coefficient matrix consist-
ing of n  sparse coding vectors , 1, 2,...,p

ix i n  ; and   is a parameter to balance 
the reconstruction error and the sparsity level. 

With the over-complete property, the learned dictionary can discover interesting 
features in the data and often provide good results in many tasks. Besides that, the spar-
sity property gives an efficient way to store information of the signals. 

Because the sparsity constraint in Eq. (1) is not jointly convex with respect to both 
D  and X , but is convex with respect to each of the two variables when other one is 
fixed, the problem is usually solved by iteratively optimizing two sub-problems: sparse 
coding and dictionary learning. In the sparse coding sub-problem, the coefficient matrix 
X  is estimated while keeping the dictionary D  fixed by using some algorithm like 

Matching Pursuit (MP) [10] or Orthogonal Matching Pursuit (OMP) [11]. In the diction-
ary learning sub-problem, dictionary D  is updated while the coefficient matrix X  is 
fixed. Some well-known methods to update D  are MOD [12] and KSVD [13]. In 
MOD method, dictionary is updated by using least square solution of the problem in 
Eq. (1). In another approach, K-SVD updates each atom one by one by using rank-one 
matrix approximation of residual matrix. Both MOD and K-SVD give the similar result, 
K-SVD often gives a faster convergence speed than MOD. 

Although learned dictionaries can give good approximations in signal presentations, 
they have some drawback in classification tasks. To make the dictionary more discrimi-
native, many supervised dictionary learning methods have been proposed based on the 
basic sparse model. Zhang and Li [14] added classification error to the objective function 
of dictionary learning. Another approach is adding discriminative sparse-code error term 
[5] to make sure that each sub-dictionary of each class should be good at presenting the 
samples from this class and not good for other classes. Yang et al. [15] proposed a 
stronger discriminative dictionary learning method using Fisher criterion called Fisher 
Discrimination Dictionary Learning (FDDL). With the Fisher discrimination criterion, 
the dictionary obtained by this algorithm forces the sparse codes of samples from the 
same class to be similar while the sparse codes of samples from different classes to be far 
enough. Experiments have shown that FDDL can give the state-of-the-art results in dic-
tionary learning for classification. Another approach in learning dictionary was proposed 
in [6] called Incoherent Dictionary Learning (IDL). This approach forces an incoherent 
promoting term to make the pairs of atoms of the dictionary as orthonormal to each other 
as possible. Without using the class labels, IDL still can make the learned dictionary 
powerful in classification tasks. 

Although FDDL gives good discrimination between sub-dictionaries, it does not 
take into account the discrimination between atoms within each sub-dictionary or the 
incoherence between them. In this paper, we propose an improved version of FDDL by 
forcing the incoherence of atoms within each sub-dictionary. This is done by modifying 
the objective function of the FDDL model, where the incoherent promoting term is add-
ed. By doing so, the novel IFDDL model imposes an incoherent constraint on each 
sub-dictionary to minimize the correlation between the atoms belong to it. 

The paper is organized as follows: In section 2 we briefly review related work on 
dictionary learning. In section 3, we present the proposed algorithm for dictionary learn-
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ing. Our experiments and evaluation are in section 4. The conclusion is in section 5 with 
a discussion and the future work. 

2. RELATED WORK 

The goal of DL is to create from the training set a group of atoms that can well rep-
resent the given samples. Over the last years, a large amount of DL methods has been 
proposed, especially in the field of image processing [13, 16] and object recognition 
[6, 8, 9, 14, 17-20]. One of the most efficient methods for DL is the KSVD algorithm 
[13], which is a generalization of the K-means algorithm. However, when DL is used for 
classification tasks, the discrimination capability of the over-complete dictionary ob-
tained by KSVD is not guaranteed. Therefore, it has drawback for the problem of pattern 
classification or object recognition. 

Based on the spirit of KSVD, in order to enhance the discrimination capability of 
the learned dictionary, a discriminative reconstruction constraint was added to the objec-
tive function [17]. However, the objective function of this method is not convex and it 
does not exploit the discrimination capability of the coefficient matrix. Pham and Ven-
katesh [18] proposed a joint learning and dictionary construction method by formulating 
an objective function that combines classification error with representation errors of both 
labeled and unlabeled data, and applied their method to object categorization and face 
recognition (FR). Based on [18], Zhang and Li [14] proposed the so-called discrimina-
tive KSVD (DKSVD) algorithm using only labeled data in dictionary learning procedure. 
The authors in [5] proposed a new discriminative DL method by training a classifier of 
the coding coefficients. All the above mentioned methods learn a common dictionary for 
all classes and a classifier of coefficients for classification. However, the single shared 
dictionary does not contain the information about the correspondence between the atoms 
and the class labels that would allow increasing classification performance. 

There are a number of approaches where the main idea is to learn a sub-dictionary 
for each class using the correspondence between the atoms and the class labels. One of 
the most efficient methods was proposed in [5] using label consistent information. Com-
pared to the previous methods using the same idea, this method has significantly im-
proved FR results. Ramirez et al. [8] used an incoherence constraint to make the 
sub-dictionaries as independent as possible. However, these methods did not impose any 
discrimination constraint on the coefficient matrix X . In order to make the coding coef-
ficients discriminative Yang et al. [15] proposed a new method using Fisher discrimina-
tive criterion called Fisher Discriminative Dictionary Learning (FDDL).  

FDDL used the training data set of each class to learn a sub-dictionary for that class. 
After all sub-dictionaries for all class are learned, a large common dictionary is created 
by combining all sub-dictionaries. Besides, FDDL added some constraints to the objec-
tive function to guarantee the sub-dictionary of class i  only well represents the data set 
of the class i . In addition, FDDL imposed the Fisher discrimination criterion on the co-
efficient matrix X  to minimize the within-class scatter of X  meanwhile maximizing 
the between-class scatter. This method has shown impressive result on some data sets. 
Despite of that, each sub-dictionary built by this method is independent, and the inco-
herent information of atoms in each sub-dictionary has not yet been exploited.  
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The IDL method in [6] incorporated the mutual incoherence between pairs of atoms 
into the learning process to increase the discrimination capacity of the learned dictionary. 
Besides that, IDL employed supervised learning approach, i.e. using information about 
class labels, to improve the accuracy of classification tasks. Although the discrimination 
capability of dictionary in IDL is lower than FDDL in the reported experiments, the mu-
tual incoherence between the atoms is an important factor to be exploited for learning a 
good dictionary. 

In another approach, there have been attempts to learn a hybrid dictionary by com-
bining class-specific atoms and common shared dictionary atoms (also called particular-
ity and commonality) such as [21, 22], or learning a latent dictionary [23, 24]. In [21] the 
discrimination of the dictionaries is enhanced by using Fisher discrimination criterion in 
a joint learning framework. The incoherence of atoms within the class-specific diction-
aries has not yet been investigated. In [22], an incoherence term has been added to the 
objective function. However, in this work the Fisher discrimination criterion has not 
been incorporated. 

In this work, we will investigate the advantages of the FDDL method for DL. We 
then explore the correlation between atoms in the sub-dictionary by modifying the objec-
tive function of the FDDL [15] using the IDL constraint. This allows us to add the inco-
herent information of atoms for a better representation but still remain the advantages of 
both FDDL and IDL. 

3. OUR PROPOSED APPROACH 

3.1 Preliminary 
 
In the following we will briefly revise techniques used in learning Fisher Discrimi-

nation Dictionary Learning (FDDL) and Incoherent Dictionary Learning (IDL) that we 
will base on to build our algorithm. 

 
3.1.1 Fisher Discrimination Dictionary Learning 

 
The main idea of FDDL is based on the classical sparse representation problem in 

Eq. (1). However, instead of minimizing only reconstruction error for whole dictionary 
under a sparsity constraint as in Eq. (1), FDDL uses additional reconstruction errors cor-
responding to different class-specified sub-dictionaries. Furthermore, FDDL imposes a 
constraint on the coefficient matrix to make the learned dictionary more discriminative. 

FDDL learns a structured dictionary 1 2[ , ,..., ]KD D D D , where im p
iD   is the 

sub-dictionary corresponding to class i ; ip  is the number of atoms in sub-dictionary iD ; 
and K  is the number of classes. 

Suppose that the data matrix A  is decomposed to be a set of 
sub-matrices 1 2[ , ,..., ]KA A A A , where iA  is the subset of training samples associated 
with class i . Let , 1, 2,...,iX i K  be the representation matrix of iA  over iD , then X  
can be expressed as 1 2[ , ,..., ]KX X X X . The objective function of the FDDL model is: 

1 1 2( , ) ( , , ) || || ( )J D X r A D X X f X    , (2) 
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Where ( , , )r A D X  is the residual component that characterizes the representation capa-
bility of the learned dictionary D  to the training set A ; 1|| ||X  is the 1l -norm sparsity 
regularization of the coefficient matrix; ( )f X  is a Fisher discrimination-based con-
straint imposed on the coefficient matrix X  to enhance the discriminative capability of 
coding vectors; and 1 2,   are scalar hyper parameters which are often tuned using 
cross-validation. 

 The residual component ( , , )r A D X  
Suppose that iX , the representation matrix of iA  over the entire dictionary D , is 

decomposed as 1[ ,..., ,..., ]j K
i i i iX X X X , where j

iX  is the representation matrix of iA  
over the sub-dictionary jD . 

The residual component ( , , )r A D X  is the sum of class-specified residual 
terms ( , , )i ir A D X : 

1

( , , ) ( , , )
K

i i
i

r A D X r A D X


  , (3) 

where 

2 2 2
1( , , ) || || || || || || .

Ki j
ji i i i F i i F j i F
j i

r A D X A DX A DX D X


      (4) 

The first term 2|| ||i i FA DX  in Eq. (4) makes sure that the dictionary D  can rep-
resent well the subset of samples iA , i.e. i iA DX . Since iA  should be well repre-
sented by the corresponding sub-dictionary iD , i.e. i

i i iA D X , but not by other ones 
,jD j i , the second term 2|| ||i

i i i FA D X  in Eq. (4) and the extra representation 
2|| || ,j

j i FD X j i  should be small. 
 The Fisher discrimination-based constraint ( )f X  

To further enhance the discrimination capacity of the dictionary D , one can en-
force the coefficient matrix X  to be discriminative. In FDDL, the Fisher discrimina-
tion-based constraint ( )f X  encourages the coding vectors of each subset iA  to be as 
similar as possible, while the coding vectors associated with different classes to be as far 
from each other as possible. Let ( )WS X  be the within-class scatter of X  and ( )BS X  
be the between-class scatter of X : 

1
( ) ( )( )

k i

K T
W k i k ii x X

S X x m x m
 

    , (5) 

1
( ) ( )( )

K T
B i i ii

S X n m m m m


   , (6) 

where im  and m  are the mean vector of iX  and X  respectively, in  is the number of 
samples in iA . 

The constraint ( )f X  is defined as: 

2( ) ( ( )) ( ( )) || ||W B Ff X tr S X tr S X X   , (7) 

Where   is a scalar parameter; and 2|| ||FX  is an elastic regularization which is added to 
ensure the convexity of ( )f X . 
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3.1.2 Incoherent Dictionary Learning 
 

In the incoherent dictionary learning (IDL) [6] an incoherent promoting term is in-
troduced to make the atoms of the learned dictionary as independent as possible. Hence, 
it contributes to the increasing of the discrimination capacity of the learned dictionary. 
The incoherent promoting term is defined as a correlation measure between the atoms 
of D : 

2( ) || ||T
Fcor D D D I  , (8) 

where p pI   is an identity matrix. 
The dictionary D  is said to be most incoherent if the correlation measure is zero, 

i.e. all the atoms of D  are orthonormal to each other. Minimizing the incoherent term 
guarantees that the dictionary D  can efficiently represent the input samples and achieve 
higher accuracies for classification tasks. 
 
3.2 Incoherent Fisher discrimination dictionary learning 
 

Despite the fact that FDDL outperforms many state-of-the-art methods in various 
image classification tasks, it has drawbacks. One of the drawbacks is that it does not 
consider the correlation between the atoms in the dictionary. Hence, we propose a novel 
method, called Incoherent Fisher Discrimination Dictionary Learning (IFDDL), to im-
prove the FDDL model in [15] by incorporating the incoherent promoting terms [6]. 

In IFDDL we impose an incoherent constraint on each sub-dictionary iD  to mini-
mize the correlation between the atoms of iD . Obviously, one can add a supplementary 
incoherence constraint, like the one described in [8], to increase the independence of the 
sub-dictionaries associated with different classes. However, this addition may signifi-
cantly increase computational complexity of the IFDDL method. The goal of our IFDDL 
method is to minimize the following objective function with respect to ,D X : 

2
1 1 2

1

( , ) ( , , ) || || ( ) || || ,
K

T
i i i F

i

J D X r A D X X f X D D I  


      (9) 

Where ( , , )r A D X  and ( )f X  are defined using the Eq. (3) and Eq. (7); and i ip p
iI   

is the identity matrix corresponding to the sub-dictionary iD . 
Obviously, the objective function ( , )J D X  can be concretely rewritten as: 

2 2 2 2
1

1

2
1 1 2

( , ) || || || || || || || ||

|| || ( ( ( ) ( )) || || ),

K
Ki i T
ji i F i i i F i j F i i i F
j ii

W B F

J D X A DX A D X D X D D I

X tr S X S X X



  




         
 

   

 
(10) 

Note that: 

2 2 2
11

|| || || || || ||
K Ki j

ji i F F i j Fi j i
A DX A DX A D X D X 
       ,  

where iX  is the representation matrix of A  over the sub-dictionary iD . 
Consequently, we have: 
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2
1

2 2 2
11

2
1 1 2

( , ) || ||

|| || || || || ||

|| || ( ( ) ( )) || || .

Ki j
ji j F
j i

K Ki i T
ji i i F i j F i i i Fi j i

W B F

J D X A D X D X

A D X D X D D I

X tr S X S X X



  




 

  

       
 

   



   (11) 

The IFDDL objective function in Eq. (9) can be divided into two sub-problems by 
learning dictionary and coefficient matrix alternatively: updating X  by fixing D , and 
updating D  by fixing X . 

In the spare coding sub-problem, we keep D  fixed, and update X  using the 
method described in [15]. 

In the dictionary learning sub-problem, we update iD  class by class while keeping 
X  and other sub-dictionaries ,jD j i  fixed. In this case the objective function in 

Eq. (9) is reduced to: 

2 2
1

2 2
1

|| || || ||
ˆ arg min .

|| || || ||i

Ki j i
ji j F i i i F
j i

i K i TD
j i j F i i i F
j i

A D X D X A D X
D

D X D D I







     
 

  
   
 




 (12) 

Let, 

1 ; [ ... ... ]
K j
ji j i i i
j i

E A D X L E A


   0 00 0 , 1 1 1[ ... ... ]i i i i i i
i i i i KZ X X X X X X  ,  

where each 0  is a zero matrix with appropriate size based on the size of ,i
jX j i .  

Then optimization problem in Eq. (12) can be reformulated as: 

 2 2ˆ arg min || || || ||
i

T
i i i i F i i i F

D

D L D Z D D I    , (13) 

Now we will update each atom kd  in iD  one by one, while fixing other atoms 
,ld l k  in iD .  

Let k i l ll k
Y L d z


  , then Eq. (13) becomes: 

 2 2 2ˆ arg min || || ( ) ( )
k

T T
k k k k F k l l k

d l k

d Y d z d d d d


     
 

 , (14) 

Let  

 2 2 2|| || ( ) ( )T T
k k k F k l l kl k

F Y d z d d d d


    ,  

then we can take the partial derivative of F  with respect to kd : 

2 2 4
k

T T T
d k k k k k l l k

l k

F Y z d z z d d d


      ,  

or 
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* *2 2 4
k

T T T
d k k k k k ik ik kF Y z d z z D D d     ,  

where * * *\ , ( )T T
ik i k ik ikD D d D D  . 

By setting the partial derivative 
kd F  to zero, we obtain the update rule for the 

atom kd  as follows: 

* * 1( 2 )T T T
k k k ik ik k kd z z I D D Y z   , (15) 

where m mI   is the identity matrix. 
Normalize the atom kd  to have unit 2l -norm: 

2/ || ||k k kd d d . (16) 

 
Algorithm 1: Incoherent Fisher Discrimination Dictionary Learning 
Input: training sample dataset A  and parameters 1 2, , ,    . 
Output: learned dictionary D  and coefficient matrix X . 
1: Initialize dictionary  

In general, we initialize all atoms of D  as random vectors with 
unit 2l -norm. In some specific datasets, some  methods such as PCA 
can be applied. 

2: Update coefficient matrix 
Fix D  and update X  with the method described in [15]. 

3: Update dictionary 
Fix X  and update each , 1, 2,...,iD i K  one by one: 

4: - Update each atom , 1,2,...,k id k p  in iD  one by one using Eq. (15) 
while fixing other atoms ,ld l k  in iD . 
5: - Normalize the atom kd  to have unit 2l -norm using Eq. (16). 
6: Repeat 

Return to step 2 until the values of the objective function ( , )J D X  in 
Eq. (9) in successive iterations are close enough or the maximum 
number of iterations is reached. 

7: Output 
Return D  and X . 

 
Note that, in general, parameters of a parametric model are natural ones, which re-

flect the essential properties of the model. However, in many cases, one needs to deter-
mine some extra-parameters, for example, to control the configuration of the parametric 
model. These extra parameters are called hyper parameters. The parameters 1 2, , ,     
are added to weight different constraints in the objective function ( , )J D X , i.e. they are 
used to regularize ( , )J D X . In other words, 1 2, , ,     are hyper parameters in our 
model. As a rule, hyper parameters cannot be directly estimated from a training set. In 
model selection problem hyper parameters are usually tuned by a k -fold cross valida-
tion scheme, typically k =5 or k =10 are usually used. The whole algorithm of the pro-
posed IFDDL method is summarized as in Algorithm 1. 
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3.3 The classification scheme 
 

After the dictionary D  is learned, the next step is how to classify a new sample. In 
our framework, we employ the classification algorithm described in [15]. There are two 
classification schemes to be explored: the global classifier (GC) and the local classifier 
(LC). The different between the two schemes is how to compute the sparse codes: in GC 
scheme, the whole dictionary D  is used, while in LC model, the sub-dictionary is used. 
Because of the property of the used data sets in the experiments, we use the GC scheme. 

In GC scheme, the whole dictionary D  is used to determine the sparse coding 
vector of an input sample a  as follows: 

 2
2 1ˆ arg min || || || ||

x

x a Dx x   , (17) 

Where   is a scalar constant; 1 2? ?[ ; ;...; ]px x x x  is the coding vector, ˆix  is the coding 
vector associated with sub-dictionary iD . We also use residual errors to determine which 
class one sample should belong to. The residual error of a sparse code vector ˆix  with 
respect to class i  is calculated as: 

2 2
2 2?|| || || ||i i i i ie a D x w x m    , (18) 

where the first term is the reconstruction error by class i , the second term is the distance 
between the coding vector ˆix  and the learned mean vector im  of class i , and w  is a 
scalar parameter to scale the contribution of the two terms. The classification of a  is 
made by the following equation: 

 ( ) arg min i
i

identity a e . (19) 

 
3.4 Computational complexity 
 

Our proposed IFDDL algorithm consists of two main stages: sparse coding and dic-
tionary updating. 

Updating the coefficient vector for each sample is a 1l -regularized optimization 
problem which takes a time approximately of 2( )O m p , where 1.2   is a constant [25]. 
Since there are totally n  training samples, the computational complexity for sparse 
coding stage is 2( )O nm p . 

Note that the sizes of matrices *, ,k k ikY z D  in the Eq. (15) are (2 ),1 (2 )m n n   and 
( 1)im p  , respectively. For the dictionary updating stage, the time for computing the 

expression * *2T T
k k ik ikz z I D D  is approximately 2 2(2 ( 1)) (2 ))i iO n m p O n m p    . 

The time for computing the expression T
k kY z  is approximately (2 )O mn . In fact, Eq. (15) 

is a solution of a system of linear equations. While implementing the algorithm in 
MatLab, instead of directly computing the inverse matrix in Eq. (15), we should use the 
left division operator, which is based on the Gaussian elimination method, to minimize 
round-off error. The left division operation typically requires time in an order of 3( )O m , 
because * *2T T

k k ik ikz z I D D  is a matrix of size m m .  
Hence, the computational complexity for updating each atom in the sub-dictionary 

iD  is approximately 2 3(2 2 )iO n m p mn m   2 3( 2 )iO m p mn m   . 
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The total computational complexity of dictionary updating stage is approximately 

2 3 3 2 2

1 1
( 2 ) (2 ) ( )

K K

i i ii i
p O m p mn m O mnp m p O m p

 
      . (20) 

Finally, the overall computational complexity of the IFDDL algorithm is: 

 2 3 2 2

1
( ) (2 ) ( )

K

ii
l O nm p O mnp m p O m p


   , (21) 

where l  is the number of iterations. 
Similarly, the overall computational complexity of the FDDL algorithm in [15] is 

approximately  2( ) (2 )l O nm p O mnp  . 
As m p n  , in both methods FDDL and IFDDL the majority of the learning 

time spends on the sparse coding stage. It means that our proposed method IFDDL has 
complexity similar to the FDDL. 

4. EXPERIMENTS AND EVALUATION 

To evaluate the effectiveness of our algorithm, we conducted experiments on popu-
lar benchmark data sets for face recognition and digit recognition. One problem in all our 
experiments is parameter selection. Due to the large number of hyper parameters in 
IFDDL model, instead of re-determining all the parameters, we keep 1 , 2 ,  , w  as in 
previous experiments [15], and tune   using 10-fold cross validation. 

To compare between approaches, we evaluate the accuracy rate in recognition. The 
accuracy rate is the ratio between the number samples in the dataset that is correctly rec-
ognized and total number of samples in the dataset: 

#

#

correctly recognized samples
Accuracy rate

samples
 . (22) 

 
4.1 Face recognition 
 

ORL database [26] contains 400 face images of 40 people, each image has a size 
of 112 92  pixels. The images were taken under different lighting conditions, facial 
expressions (open or closed eyes, smiling or not smiling) and facial details (glasses or 
not). For each person, we select randomly 6 images for training and remaining is for 
testing. We use random face feature descriptors by [27] in these experiments. Each face 
image is projected onto a 300-dimensional vector with a randomly generated matrix. The 
learned dictionary has 240 atoms, or 6 atoms in each sub-dictionary. Parameters in 
IFDDL found by experiments are as follows: 1 =0.005, 2 =0.005,  =0.001, w =0.5, 
and  =0.0001. We compare our algorithm with related and recently proposed methods. 
The experimental results are described in Table 1. As one can see from the table, our 
method improves the accuracy of the state-of-the-art models. 

 
Extended Yale B database [28] consists of 2414 frontal-face images of 38 subjects. 

There are about 64 images for each person. The origin images were cropped to 
192 168  pixels. We setup experiments like in [5]: extract random features by project-
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ing images to 504-dimensional space, select randomly half of images for training and the 
remaining for testing. We use using random-face features. The learned dictionary con-
sists of 570 atoms, which corresponds to 15 atoms per person. We found that the best 
result of this method was given by setting 1 =0.005, 2 =0.05,  =0.005, w =0.5, 
and  =0.0012. Table 2 summaries the recognition rates by our approach and several 
related approaches. One can see that our method gives better results than existing re-
cently proposed methods. 

Table 1. Recognition accuracy on ORL database. 
Algorithms Accuracy

KSVD [13] 95.6 
D-KSVD [23] 93.6 

LC-KSVD [2013] 95.6 
IDL [6] 95.7 

FDDL [15] 96.3 
IFDDL 97.1 

 

Table 2. Recognition results on Extended Yale B database. 
Algorithms Accuracy

KSVD [13] 93.1 
D-KSVD [23] 94.1 

SRC (15 person) [27] 80.5 
LLC (70 local bases) [29] 90.7 

LC-KSVD [5] 95.0 
IDL [6] 95.7 

FDDL [15] 97.6 
IFDDL 97.9 

 
AR database [30] contains over 4000 frontal images of 126 people. For each per-

son, 26 images were taken in two separated Sessions. As in [27], we chose a subset con-
sisting of 50 male subjects and 50 female subjects for the experiment. For each subject, 
the 7 images with illumination and expression changes from Session 1 were used for 
training, and the other 7 images with same condition from Session 2 were used for test-
ing. We use using random-face features. The parameters are setting as 
lows: 1 =0.005, 2 =0.005,  =0.001, w =0.5, and  =0.0022. The recognition rates of 
algorithms in our experiments were reported in Table 3. The results show that our algo-
rithm outperformed other state-of-the-art dictionary learning methods. 

Table 3. Recognition results of AR database. 
Algorithms Accuracy

D-KSVD [23] 85.4 
SRC [27] 88.8 

LC-KSVD [5] 89.7 
FDDL [15] 93.5 

IFDDL 93.7 
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4.1 Digit recognition 
 

For Digit recognition, USPS database [31] is used to evaluate our algorithm. USPS 
database consists of 7291 training images and 2007 testing images of size 16 16 . We 
compare our algorithm to various algorithms which their results were also reported in 
[13]. In this experiment, original image 16 16  is directly used as the feature and the 
dictionary of each class has 90 atoms in FDDL with 1  =0.1, 2 =0.001, w =0.005, 
and  =0.0022. The results are showed in Table 4. 

Table 4. Accuracy rates of various methods on digit recognition. 
Algorithms Accuracy

IFDDL 97.51 
FDDL [15] 96.46 (*)1

IDL [6] 93.85 
SRSC 93.95 
REC-L 93.17 

REC-BL 95.62 
SDL-G 93.33 
SDL-D 96.46 
DLSI 96.02 
KNN 94.8 

SVM-Gauss 95.8 
 
As one can see from the table, although FDDL result is very impressive in compar-

ison to others, our method gives a significant improvement over it. 

5. CONCLUSION 

This paper has presented a new approach for an improvement of the FDDL algo-
rithm by combining the Fisher Discrimination Dictionary Learning (FDDL) method and 
the Incoherent Dictionary Learning (IDL) method. We have proposed to incorporate the 
incoherence between atoms which represent a specific object class to improve the dis-
crimination capacity of the sub-dictionaries. The combination allows one to exploit the 
advantages of both methods and the discrimination capacity of the entire dictionary. The 
experiments have been conducted on well-known data sets in computer vision. The ex-
perimental results have shown that our approach outperformed others recently approach-
es in dictionary learning based classification tasks. For future work, our approach can be 
extended in several ways. We plan to investigate the sharing features approaches such as 
[23] to improve the power of dictionary in classification tasks. The learning process cur-
rently employed gradient method for optimization, which is often slow to converge to an 

                                                 
1 The reason that FDDL gives a better result in our implementation than in original pa-
per could be the way the sub-dictionaries were initialized. We randomly select data from 
training set and use them as initial dictionary rather than randomizing the whole diction-
ary matrices. 
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optimal solution in practice. Therefore, another future work is to find an efficient way to 
optimize the learning process of the model. 
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