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Abstract:

The common vector (CV) method is a linear subspace
classifier for datasets, such as those arising in image
and word recognition. In this approach, a class
subspace is modeled from the common features of all
samples in the corresponding class. Since the class
subspace are modeled as a separate subspace for each
class in feature domain, there is overlapping between
these subspaces and there is loss of information in the
common vector of a class.  This reduces the
recognition performance. In CV method the followed
criterion considers only the class scatter matrices.
Thus the neglecting of the influence of neighboring
classes in CV also reduces the recognition
performance. In multi-class problems, within-class
and between-class scatter should be considered in
classification criterion. Since the scatter matrices Sw
and Sb followed in Discriminative common vector
(DCV) based on the assumption that all classes have
similar covariance structures, these scatter matrices
cannot be followed in CV method. Generally a linear
subspace classifier fails to extract the non-linear
features of samples which describe the complexity of
1. Introduction:

In the last two decades, face recognition technology
has become one of the most wanted technologies for
its potential applications in personal identification,
security access control, surveillance,
telecommunications, digital libraries, human-computer
interaction, military and so on [1],[2],[28]. Face
recognition can be described as the identification
process of a given input face image using a stored face
database [3].

The extraction of best representative features from the
face images significantly improves the performance of
any face recognition system. Thus the feature
extraction is a critical issue in face recognition tasks.
Numerous approaches have been proposed in recent
years. Among them linear subspace analysis is one of
the most popular feature extraction methods, which
aims to project face images into a low-dimensional
subspace with a linear transformation. This linear
subspace classifier uses a linear subspace for each

face image due to illumination, facial expressions and
pose variations. In this paper, we propose a new
method called “Improved kernel common vector
method” which solves the above problems by means
of its appealing properties. First the boosting
parameters in the proposed between-class and within-
class scatter matrices consider the neighboring classes
and a sample of a class with other classes increases the
recognition performance. This makes the obtained
common vector has more significant discriminant
information. Second like all kernel methods, it handles
non-linearity in a disciplined manner which extracts
the non-linear features of samples representing the
complexity of face images. Experimental results on
real time face database demonstrate the promising
performance of the proposed methodology.

Keywords:  subspace classifier, kernel common
vector, pair wise class discriminant criterion, mislabels
distribution, boosting parameter, scatter operators.

class [4]. In this method, it is assumed that the vector
distribution of each class corresponds to a lower
dimensional subspace of the original sample space.
The subspaces representing classes are defined in
terms of basis vectors that are linear combinations of
the sample vector of each class. Therefore, basis
vectors spanning those subspaces must first be
computed. Also, determining the dimension of each
subspace is a major issue since subspace dimensions
have a strong influence on the performance of the
subspace classifier. In particular, large subspace
dimensions lead a low recognition performance due to
the overlapping regions among classes whereas small
subspace dimensions increase the error rates because
of a poor resulting approximation [5], [6].

The first subspace method [7] is the class-featuring
information processing (CCAFIC) for pattern
classification. This method employs the principal
component analysis (PCA) to compute the basis
vectors spanning the subspace of each class. However,
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the subspaces may sometimes have a large
overlapping region in common, which causes poor
classification of data samples. Therefore, the method
of orthogonal subspace was proposed which attempts
to remove the common regions of the classes and
makes the class subspaces mutually orthogonal [8].
Another new method proposed in [9] selects the basis
vectors in such a way that the projections onto the so-
called rival subspaces are minimized.

In some classification tasks, the dimensionality of the
sample space can be larger than the number of training
samples in each class. The computations that carried
out at full dimensionality may not deliver the
advantages of high dimensional sample space when
the number of training samples is insufficient.
Therefore the dimensionality of the sample space is
usually reduced before applying a classifier to data
samples in the original sample space. The Eigen face
method [10] and Fisher’s linear discriminant analysis
[11] are two popular feature extraction methods that
are used for dimension reduction. However,
dimensionality reduction through feature extraction
may cause loss of important discriminatory
information. Therefore [12] proposed the common
vector subspace classifier method that models
subspaces in such a way that their basis vectors span
the null space of the co-variance matrix of each class,
assuming that the number of samples in each class is
smaller than or equal to the dimensionality of the
sample space [13], [12]. This method has been
successfully applied in the isolated word recognition
and face recognition problems [12], [14]. The class
decision boundaries that are obtained by linear
subspaces are quadratic. However, the linear
subspaces may not extract non-linear features of
classes since each class is associated with a linear
subspace [15], [16]. The kernel-based non-linear
subspace method, which is called the kernel class
featuring information compression was developed to
overcome the limitation [15],[16]. In this, it is
assumed that all samples in each class lie in some non-
linear subspace. Therefore, all data samples in each
class are mapped to a high dimensional feature space
through a non-linear kernel mapping function and the
kernel PCA [17] has been employed to compute the
principal components of the correlation matrices of
classes in the mapped space. This process spreads the
data over a greater volume which in turn reduces
overlapping regions among the classes. In this, the
mapped function or the mapped samples are not used
explicitly, which makes this method feasible.

Another new non-linear method, the kernel common
vector method was developed in [18]. In this method,
the training set samples are mapped into an implicit
higher dimensional space using a non-linear kernel
mapping function and then applying the linear CV
method in the mapped space .In this the kernel
functions are used to compute the dot products of the
mapped samples. As a result the mapping function and
the mapped samples are not used explicitly which
makes the method feasible. However, in this method,
the followed discriminative criterion considers the
within-class scatter only. Within-class scatter matrix
may cause overlapping regions between the class
subspaces. This makes the criterion neglecting the
overlapping between the classes and thus reduces the
recognition performance. This shows the importance

of consideration of between-class scatters also. Rifat
Edizkan et al[19] proposed an improvement in
common vector method by introducing two different
optimization criterion [18] in their study report. In
this, the first optimization criterion, the distances of
inter-class scatter are maximized in the indifference
subspace obtained from the within-class scatters and
in the second optimization criterion, the distances of
intra-class scatter are minimized in the difference
subspace obtained from the between-class scatters.
The obtained class subspace dimension is less as
compared to the subspace obtained in KCV method.
The results in [19] show among these two criterions
the first criterion provides advantages in designing
recognizer in processing time and in memory space
utilization. However, in first criterion, the methods
followed in the distances of inter-class scatter are
measured in the indifference subspace leads to
overlapping between the class subspaces. The within-
class scatter criterions of [18] consider only the class
co-variance and neglecting the other class co-
variances. Thus the within-class scatter fails to
estimate the correct value for improved classification.
In this paper, we propose a new method called
“Improved Kernel Common Vector” (IKCV) which
integrates the boosting parameters with scatter
operators and then applying KCV which works based
on our proposed scatter operators. The IKCV employs
the boosting parameters to robustly calculate the
pairwise class discriminate information that is
integrated into the proposed within-class and between-
class scatter operators in order to solve the problems
in KCV. The boosting techniques has been applied to
LDA, KDA, and showed the recognition performance
[20], Our proposed method has many advantages as
follows: (i) it handles non-linearity in a disciplined
manner (ii) by introducing the pair wise class
discriminant criterion in the scatter operators improves
the discriminant information consider for recognition.
This increases the recognition speed with accuracy.
The remainder of this paper is organized as follows: In
section II, a brief review of the KCV method is
presented; section III describes the proposed within-
class and between-class scatter operators. In section
IV we describe our proposed method “Improved
Kernel Common Vector” method. We discuss our
experimental results in section V and our conclusions
are given in section V1.

2. A brief review of KCV method:

Let the training set be composed of C classes, where
the i class contains N; samples and let xfn be a d-

dimensional column vector, which denotes the m™

sample from the i" class. There is a total of

C . . .
M=Z, 1Ni samples in the training set.
i=

In this method, the training set samples are mapped
into an implicit higher dimensional space using a non-
linear kernel mapping function and then applying the
linear CV method in the mapped space. In high
dimensional space,
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let CD=[¢(1),¢(2),....,¢U)] represents the matrix
whose columns are the mapped training samples

where  ®=[ ¢(xf),¢(x£),....,¢(x§vi)] is the

matrix whose columns are mapped samples of the i
class.

. (0] .
The scatter matrix S ; of each class is defined as

ST =3 (@(x! ) uf Yool ) e )

(M
i=1...C

where ufp is the mean of samples of the i class. The

total scatter matrix is defined as,
st=Y 20 @ )- ol )- u?)

2
where p® is mean of all samples. The kernel matrix of
the mapped data is given as K=®'®=(KY), i=1, . ., C,

j=1,...,C, where each sub matrix KU is defined as
ij _ i J
3)
mil,...,Ni, Hzl,...,Nj
The class subspace followed is the

intersection of the null space of that class scatter
matrix and the range space of the total scatter matrix

that is N(S?)(’\R(S?), i=1,...,C. The basis

vectors spanning these spaces represent class
subspaces.
The Dbasis vectors spanning these mentioned

intersection subspace can be found by using the
projection matrices of the null space of a class and
range space of total scatter matrix. Since the
projection matrices of above spaces are commuted as
shown in theorem 1 in [18], the projection matrix

P“g;) of the intersection subspace

B\ = PYP=PPy i-l..C

int NS °

“4)
Where P]\(/;) is the projection matrix of the nullspaces

of class i and P is the projection matrix of the
subspace of the total scatter matrix.
The basis vectors spanning each intersection subspace

P(i)

int » = 1,...,C can be found by transferring the

training set samples onto R(S? ) using the kernel

PCA and then compute the null space of the scatter
matrix of each class in the transformed space by using
Eigen decomposition method.

The result of the above method gives the basis vectors
for all the classes projections intersection subspaces
ie., the column vector W' represent the basis vectors
of the intersection subspaces of class i. The
transformation of samples onto their corresponding
intersection subspace gives the feature vector of the

class. This vector is called as CV of class. The
transformation of all other samples in this intersection
subspace gives the same vector shows the CV is
independent of m. The CV of class i is defined as

. T .
Q=W ¢(x;1),i=1,...,c, m=1,...N,

)

In this method, the given test image sample X, ., is
recognized by comparing the feature vector of a test
sample with the CV of all the classes using Euclidean
distance method. Thus the test sample is assigned to

the class that minimizes the distance.

3. Proposed within-class and between-class scatter
operators:

The common vector is a unique vector which
represents the common properties of each class. These
common properties represent features that are
common to all samples in each class. This vector is
used in the recognition of classes in CV method. In
multi-class problems, the samples are grouped in the
form of classes and the sample space consists of
classes. Thus the within-class and between-class
scatters should be considered in classification
criterion. In this paper, we propose an enhanced
within-class and between-class scatter operators in
order to address the limitations mentioned in section 1.
The within-class scatter of the class will be close to
the average of that class. The within-class scatter
represents the distance between a sample and other
samples in the class. Based on the above concept the

within-class scatter matrix is defined as S ;;
=2 (@) - uf ol )- et )
SW - Zm:l (q)(xm ) lLli q) xm lLli

(6)
In high dimensional feature space, the distances
between the classes are represented by between-class

ig
scatter matrix S p - The between-class scatter matrix

4
SB is defined as

Sy = >l = N - )

(M
For a better discrimination the criterion should have
the significant discriminant information in it. However
in the above the between-class scatter matrix is
computed at the expense of classes that are close to
each other, leading to significant overlap between
them. Thus the required modification in between-class
scatter matrix is that it has to consider the separability
parameter of a sample with other classes. Guangoai et
al. proposed some boosting parameters which enhance
the performance of scatter operators [22]. One of the
parameter is, the pair wise class discriminant
distribution which measures the distance between the
classes in terms of the above said separability
parameter. The value of this pair wise class
discriminant distribution is based on the mislabel
distribution of samples in the classes [21]. The pair
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wise class discriminant distribution i between

classes X; and X; can be calculated as follows:

1 i i i i
di,j = EZ:—]F (xM’])+Z;]:’:1F (x'i’
|
0,otherwise

®)
Here the mislabel distribution I’ (*,0) Measures the

extent of the difficulty of discriminating the example *
from the improper label ®. Obviously, a larger value

ofdij

classes X; and X;. Therefore this parameter is used to

indicates the worse separability between two

s
compute the between class scatter matrix S 5 - Thus

iy
the modified between-class scatter matrix S g is

;=35 Sl

(€]

Where the weighting function w(*) is generally
chosen to be monotonically increasing function of *.
For simplicity, we let w(*)=* in this paper. Based on
the above processing, it can be seen that classes that
are not well separated in high dimensional space and
thus can potentially impair the classification
performance should be more heavily weighted in this
space.

N2

Another scatter matrix, the within-class scatter S V;
computation procedure considers only the distance
between the samples in that class. This will fail to
estimate the correct value for improved classification,
due to minimizing the spread of the outlier classes
while neglecting the minimization of other co-
variances. Inorderto solve this problem the parameter

7; measures the relevance based weight for class i

and the other parameter ¢, ~which measures the

hardest samples in class i are considered in the
computation procedure of within-class scatter operator
g

S, .

These operators are described in [22]. The

4
modified within-class scatter operator S w1 defined
as

S = Dt i Bl )= oo, )= aa?

m—l,..... is l:l,....C

(10)

i Nud ~at)

i)}

Where 7, =Zw(d ; j) is the relevance-based

J#i
weight for class X; and it shows the influence of class
iy
X in the estimation of S w [25].
q.,, = Z r (xﬁn ,J ) , indicates a greater
J#i

difficulty of classifying a sample of class i. Thus the
parameter ¢, shows the difficult examples in the
class i.

From the above, the parametersd

i,j° rl ’qim
enhance the estimation of within-class and between-
class scatter operators. Thus these parameters are
called boosting parameters. These modified scatter

iy iy
operators S W .S g are called as boosted scatter

operators. In this paper, we use these boosted scatter
operators in the calculation of common vector of each
class in the transformed space.

4. Proposed Improved Kernel Common Vector
method: (IKCV)

ip
Based on the weighted scatter operators .S W S g we

propose the modified IKCV algorithm called
Improved KCV algorithm. In IKCV algorithm, the
KCV technique with modified scatter matrices is used
to extract common vector of a class in feature space F.
In addition, common vector method is a strong feature
extraction technique for classification. In general,
some sampling procedures are employed to artificially
weaken the discriminant technique and in IKCV, we

choose some examples in each class based on g, to

focus hardest examples in each class. Then the
improved KCV technique is applied on these classes
for feature extraction. The kernel common vector of
each class can be computed by using our proposed
algorithm.

Thus IKCV method classifies a new test image X (. to
class C by finding the minimum Euclidean distance

between Q¢ and Q¢ze

test

¢ _ P
C mlnHQ ’ =l
an
Algorithm:-
Assuming that in set

a
1 1 1 2 2 2 c c
X:{{xl,xz,...xN }, {xl X5, Xy },...{x1 3 X5 5

there are C classes and each class contains N samples.
Let X, be the m™ sample in i class. There are a total

of M =N * C samples in the training set X.
In kernel method [27] and [28], the training samples in
X are transformed into an implicit higher dimensional

feature space F through a non linear mapping ¢(x)
Let the sample matrix be x= [X,Xp....u.e.... x,] which
X, =[p(x), $(x,),

after samples are mapped into feature space F through

becomes
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a non-linear mapping. The feature vector in F is to be
computed by computing the inner product of two
vectors in F with a kernel function k(x, y) = ®(x)"

D(y).

The modified within class scatter

ip
matrix S w > the modified between class scatter

iy
matrix S g and the total scatter matrix of a class is

defined by using the boosting parameters as,

Sy =3 1, g, (e, ) - Yolot, ) w? )

(12)
Sy =2y, Zf_m et =it —1!)
) ) (13)
Sp =S5 +Sy
(14)

The total scatter matrix of all classes is defined as

C .
Sy =Y 8¢

i=1

(15)
Where /J¢ is mean of all samples and /Jl.¢ is the
mean of samples of the i" class in F. The

di’ il and ¢, are called boosting parameters

which are described in previous section.

The algorithm for IKCV is summarized as
follows.

STEP 1: In transformed feature space F, the training

o
set samples of class i is trasformd on to R( ST )

using the kernel PCA.
STEP 2: Compute the new within-class scatter matrix

§V;}"as
S0 =0 4ol )= 2t Yol )- 2t )

(16)

in the reduced space.
STEP 3: Compute the new between-class scatter

~ iy

matrix S p as

=2 X

(17)

in the reduced space.

Sla, N - e

The kernel matrix K% is  defined as

T . N
D DYk, j-I....
is defined as [18],
K=k D7y m=1,.. N;n=1,....N;

STEP 4: For each class, find a basis of the null space

,C and each submatrix k™

of § ;,f’ . This can be done by Eigen decomposition.

The normalized eigen vectors corresponding to the

. Qi .
zero eigen values of S y form an orhtonormal basis

for the null space of S V’[;" . Let Q(l) be a matrix
whose columns are the computed eigen vectors

corresponding to the zero eigen values.

STEP 5: The matrix of basis vectors ¥ ") , whose
columns span the intersection subspace of the i class

The number of basis vectors spanning the intersection
subspace is determined by the dimensionality of

N( SV’I}" ) for each class.
STEP 6: The extracted features all classes are

available in the matrix W. The feature of class I is

available in W(i) . Thus the common feature of class
1 is obtained by projecting any sample in that class on
to its projection matrix. This is defined as

Qy, =W d(x,,)

com

(18)

..,C, mil...Ni
Note that the above step independent of m that is the
common vector of a class is independent of samples in
that class.

STEP 7: To recognize a given test sample, we
compute the feature vector of a test sample by

ov - W(i)rq)(xfest)

test

19)

STEP 8: This method classifies a new test image X (g
to class C by finding the minimum Euclidean distance

between Q7 and Q? ie.,

test

C mln HQ¢

,i=l..c

test

5. Experimental Results:

The face images of YaleB university database [24] is
used to test our proposed method. The sample training
images are shown in fig.1. In this portion of the face
database were retrieved for our training and testing
purpose. The retrieved face database consists of
images from C=12 different people, using 10 images
each person, for a total of 120 images. The image
;U fontains  variations with the following facial
expression as center-light, left-light, and normal, right-
light, happy, sad and surprised. First these images
were converted to grayscale images. Second we
preprocessed these images by aligning and scaling
them so that the distance between the eyes was the
same for all images and also ensuring that the eyes
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occurred in the same co-ordinates of the image. The
resulting images were then cropped. The final size of
the image was 92 x112.

training images

fig. 1. Sample training images from yaleB face
database

The training set consists of seven images that were
randomly selected from each subject, and the rest of
the images were used for constructing test set. Thus a
training set of 84 images and a test set of 36 images
were created. This recognition process was repeated 5
times and 5 different training and test sets were
created. These 5 training set and testing set were
created by randomly selecting samples from classes at
each trial. The final recognition rates for the
experiment were found by averaging these rates that
were obtained in each trial. An appropriate selection
of kernel functions give rise to different constructions
of the implicit feature space [25] we have
experimented with polynomial kernels
k(x,y)=(<x,y>)" of degree n=2.

top 3 malches ...

5,

fig.2. Sample test result identified the given test image
in a trial

The sample test result is shown in fig-2. The fig-2
shows that the proposed method identified the given
test image varying in different lighting conditions and
also varying in facial expression. The top few matches
of a given test image is found and displayed along
with its label. The IKCV method significantly
outperformed the KCV method and Modified CV
method in all cases ie., in terms of accuracy and in
recognizing time.

We can apply both the Modified CV and KCV
methods also here since the dimensionality of the
sample space, which is 10304, is much larger than the

total number of samples in the training set. The
computed recognition rates on YaleB face database of
KCV, Modified CV and IKCV are given in table 1:

Non-linear Recognition rates (%)
classifiers
Kernel CV 91.71
Modified CV 92.26
IKCV 94.26

Table .1. Comparison of average recognition rates (%)

In terms of classification accuracy, the Improved
kernel CV method achieved the highest recognition
rate than other non-linear methods. The recognition
results in Table 1 show that the IKCV method
outperformed the other CV methods for YaleB face
database. The reason for this is that the classes were
better represented by the unique subspace that were
obtained using all the data samples in the training set
by the IKCV method. Among subspace classifiers,
improved kernel common vector method (IKCV)
outperforms other methods in the case of classes
having different co-variance structures in a high
dimensional sample space.

6. Conclusion:

In this paper, we proposed a new algorithm for face
recognition which addresses the non balanced
problems in KCV. We showed that the weighted
between class scatter matrix and weighted within class
scatter matrix solves the problems of KCV. These
matrices are calculated by using the pair wise class
discriminant information which improves the
classification accuracy. The hardest examples for
training are selected based on the mislabel distribution
is also increase the recognition performance in testing
time. Our proposed algorithm gives an ensemble-
based KCV framework with strong nonlinear feature
extraction capability, and simultaneously overcomes
the non-balanced and small sample size problems
commonly encountered by KCV based methods. The
experimental result shows that the proposed IKCV
enhances the recognition performance of the KCV.
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