Proceedings of the 2nd International Conference on Computer Science and Electronics Engineering (ICCSEE 2013)

Kernel Feature Extraction Approach for Color | mage Recognition

Xiaoyuan Jing™?, Kun Li' *, Songsong Wu', Y ongfang Y ao",Chao Wang*
ICollege of Automation, Nanjing University of Posts and Telecommunications, Nanjing, China
“State Key Laboratory of Software Engineering, Wuhan University, Wuhan, China
* Email:Ik674372895@126.com

Abstract—Color Image Recognition is one of the most
important fields in Pattern Recognition. Both Multi-set
canonical correlation analyss and Kernel method are
important techniques in the field of color image recognition. In
this paper, we combine the two methods and propose one novel
color image recognition approach: color image kerne
canonical correlation analysis (CIKCCA). Color image kernel
canonical correlation analysis is based on the theory of
multi-set canonical correlation analysis and extracts canonical
correlation features among the color image components. Then
fuse the features of the color image components in the feature
level, which are used for classification and recognition.
Experimental results on the FRGC-v2 public color image
databases demonstrate that the proposed approach acquire
better recognition performance than other color recognition
methods.

Keywords-color image; feature extraction; kernel method;
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l. INTRODUCTION

Recent year traditional gray image recognition has been
unable to meet the demands of people, color image
recognition is attracting a large number of researchers[1].

After the study of the neural network learning, kernel
method [2] has become one of the most significant ways in
the pattern recognition and machine learning field. It is
based on satistical learning theory and support vector
machine (SVM) and utilizes the nonlinear kernel function to
reduce the computational complexity, which gained a wide
range of application. LDA is a traditional statistical
identification method, and at the same time, its widely using
proved its efficiency in face recognition. However, kernel
methods show better classification results than LDA and
other traditional statistical methods. These years, some
scholars put forward some typical kernel methods, which
got better results than KDA [3, 4], KPCA[5] and KCCA [6].
Based on the analysis of these methods, we can find that
kernel methods can greatly reduce the time complexity of
the algorithm, and maximize the identification features in
the high dimension space, therefore, kernel methods have
been widely used.

CCA (Canonical Correlation Analysis) [7] is proposed
by H.Hotelling in 1936, it has become one of the most
widely used methods in color image recognition.It
maximize the correlation by project the two groups of low
dimensional variables to a lower dimensional space. Sun at
al. [8] using CCA to improve the performance of multi-label
classifier based on MMSE estimator, i.e, under a moderate
high dimensional data structure condition, CCA can solve a
minimum mean square error problem by constructing a class
dependent instruction matrix. Based on the equivalent, CCA

can effectively solve the problem of minimum mean
square error. Melzer a a. [9, 11] put forward kernel
canonical correlation analysis algorithm for appearance
model. Kernel CCA isakind of CCA nonlinear extension,
the input data is nonlinear transformed through the kernel
function. Similar to traditional nonlinear method, kernel
CCA is particularly suitable for the anaysis of two
related data set. Compare with other nonlinear feature
fusion algorithms, such as kernel PCA, kernd CCA has
an obvious advantage in the prediction of object position
from alot of pictures. Jing at al. [10] proposed a kind of
color image canonical correlation analysis algorithm for
color face image feature extraction and recognition.
Although the traditional CCA can only solve the problem
of correlation between the two groups of variables, and
cannot be directly used to extracting features in color
images that contain three groups of variables, this paper
utilize CCA to solve the feature extraction involved three
groups of variables, and apply preprocessed algorithm in
the three color components of the color image to make
the effectiveness of the algorithm verified in the database.

The rest of the paper is organized as follow: section 2
will give the principle of kernel discrimiant analysis. In
section 3, the novel color image kernel canonical
correction analysis will be described in detail. Experiment
results will be given in section 4. At last, section 5 will
conclude the whole paper.

II.  THEPRINCIPLE OF KERNEL DISCRIMIANT
ANANLYSIS

The kernel discriminant analysis is aimed to transform
the original data from a low dimensional space into a
nonlinear high dimensional kernel space. Assume that the
origina input sample sets X = (X, %,,X;,....;Xy) . For a

nonlinear mapping: ®:R* — K , after mapping, the
original samples can be mapped into the high dimensional
kernel space K . In the kernel space K, it is devoted to
find alinear transformation which can both maximize the
between-class scatter matrix and minimize the
within-class scatter matrix. Then we obtain a set of

mapped samples: X = (6(x),0(%,),6(%),.. (X)) ,
where N represents the number of samples per class.
According to reproducing kernel theory, if kernel
function k(x,y) satisfies Mercer condition [9,11], the
complex inner product calculation in feature space can be
replaced.
Mercer

j¢(x)2dx< oo ,

condition: For any

k(x,y)

p(x)=0

and satisfy:
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jj SOK(X, Y)g(y)dxdy >0, K(x,y) is caled as kernel
function.
Kernel function k(x,y) isdefined asfollows:
K =(X®) TX®. (1)
Assume that S, and S are the within-class scatter

and between-class scatter matrices, which are defined as
follows:

1

S= XX @

o_ 1 TyT
S —NXBQTbQ X,
where X? = (8(%),0(x,), 6(%,),....6(x,)) -

©)

CoLOR IMAGE KERNEL CANONICAL CORRELATION
ANALYSIS

A. Introduction of the color image kernel canonical

correlation analysis

Assume there are N pairs of data in the kernel space
&".y52") . i=L N, XTeR . yTeR
Zz"e R® .They respectively belong to three sample
st X®,Y*,z° We will find three projection
directions ¢, , ¢, , ¢, , to maximize the correlation
coefficients between the three functions
P (% =%X) , 0, (%, ~Y) , ¢, (z-2), and we can get the
canonical correlation characteristics between the three
groups of data set. Their correlation coefficients r,,r,,r,are

defined as follows:

‘o g X" (YY) g, @
17 Ty oy onT T ® (nyO\T !
VX (XY p [ Y* (Y*) g,
Ty ® (5 ®\T
2 = Ty q:)yt “ )T (p; oNT )
oY () o0 Z°(Z%) ¢,

r3 = ]
VOLZ® (Z°) 9, X" (XY g,
where X“’z[)(f’—i“’,~-~,xﬁ—i“’} ,

YO =y -Y e -V
Z(D =|:Z;D —7(1),...

X®,Y®,Z® respectively. In order to gain the maximum of
the correlation coefficients r,,r,,r,, we transform (4),(5),(6)
into the following optimization problem:

max gy X (Y *) ¢, + o Y *(Z%) 9, + 9, 2% (X®) o,
st. g X*(X")' g, =1,

P Y (YY) o, =1

0, 2%(Z2%) ¢, =1.

and

,zﬁ—i“’].i‘b,y‘p,i“’is mean vector of

(7)

Theorem 1. Function (7) is equivalent to solve the
following three characteristic equations:

X(D(YQ)T (Yd)(YtD)T)—lYCD (ZCD)T (Zq) (ZQ)T)—lZlD(XlD)T ¢X

=AX*(X") @,

Y(D(Z(D)T (Z(D(Z(D)T)flzCD(XCD)T(X(D(X(D)T)le(D(Y@)T¢y
=AY (Y*") o,

Z(D(X(D)T(X(D(X(D)T)leKD(Yq))T (Y<D(Y(l>)T)le<D(Z(D)T¢Z
=1Z°(2%)" g,

(8)

Proof:

By using the Lagrange multiplier method, function (8)
can be:

L=g X" (Y") 0, + @)Y (Z°) 0, + 0, Z%(X") g,
A= X (X®) 9) + 4,1~ )Y (Y) ) +
2,A-9;2%(2%) ¢,)
A 4, 4, isthe Lagrange multiplier.
Take the derivative of ¢,,9,, 9, respectively, and set
their partia derivative equal zero, that is:
A o, 2 _o, 2 _, (10
(e,) d(9,) I(e,)
After the premultiplication ¢ ,¢;,¢; to the partial
derived formulathe following will be :

PX(Y®) @, +p XP(Z%) @, = 24, (11)
oY (X*) 0, +o, Y (2) 9, =24, 12)
P Z°(Y) @+, Z°(X%) 9, =22,, (13)
Put (11), (12), (13) into (9), and set

I(L) I(L,) I(Ly)

) , equa zero, the following will be:
de,) dp,) Ie)

Y (Z°) @, -2 Y (Y") @, =0, (14)
Z*(X®) 9, -24,2°(Z%)" ¢, =0, (15
X2 (Y*) g, 24 X°(X") ¢, =0, (16)

Through the deduction, the characteristic equations
can be got as the Theorem1.

Formula (9) makes three input data set canonical
correlated. We call (9) as canonical correlation analysis
on three data sets. Moreover, if we want to make kernel
canonical correlation analysis on the three color
component of the color image, we have to use kernel
function instead of dot product operation, so we need:

Theorem 2: The desegregation ¢|,¢,,¢,t0 (7) is
g, € span(X?), ¢, e span(Y®) and ¢, e span(Z°).

Proof:

Take the following factor decomposition X®(X®)":
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X(D(x(ID)T — EAET :Zp:/lxiqu ,

i=1

(17)

Assume X®(X®)' is singular, the first equation of (8) is
expressed as a new eguation:
(XCD(XCD)T)—lxd)(Yd))T (Yd)(YCD)T)—lYtb(Zd))T (18)
Z°(Z°))'Z2°(X*) 9, = A9, '
To al solutions ¢, of (18), each ¢, is a feature
vectors linear combination of X®(X®)". To (17), each

column vector of E arein therange of X®, and this process
is effective to al columns’ linear combination, then we will

get ¢ € span( X" ), also we can attain ¢, € span(Y®) and
@, € span(Z®) inthe same way.

According to the theorem 2, for ¢,,¢,,¢, in (18),
there ae ¢x’¢y’¢ze RN ’ (P; = X¢¢x 1 ¢; :Yq’¢y ’
@, =Z"¢,. And (4) can be transformed as follow:

max @ (X*)" X (Y*) Y9, +9; (Y*)'Y*(Z*) 2%,
+¢;’ (ZCD)T Zq)(xq))T Xq)¢x’
st. g (X®) X®(X?)' X%, =1 ,
¢;’ (Y(D )TY(D (Y(D)TY(D¢y — 1'
¢;’ (ZCD)T Z(D (Z(D)T Z(D¢Z — 1
(19
Formula (19) shows that we can use the dot product

form to represent (8), then we can utilize kernel method to
substitute the dot product operation. Define kernel matrix

Keo K, K,asfollows:

e
K, =€ , (20)
s e
K,y =e 117, @
K, =el (22)

zij

Where K,, K, K,e R™™ , o is a parameter. Then
XX, YY), z®(Z*) in (19) is replaced by
Ke» K,» K, , respectively. We may get the kernel
canonical correlation analysis form of three variables of the
color image:

max ¢, K, K 8, + 8K K.¢, +4, K,K,g,,
st. /K, =1
9, Ko, =1
¢, Kig, =1.
According to the theorem 1, theorem 3 is promoted.

Theorem 3: The solution set of (19) is equivaent to the
solution set of the following three characteristic equations:

(23)

KK, (K™K K, (K2 TK K 8,
= K2,
2y 23— '
K K, (K2) KK (KD TK K g,
2 0 )
=1K;9,
KZKX(K5)71KxKy(Kj)ileKz¢;
= AKJg,
The proof is similar to Theorem 1.
CIKCCA is used in color image recognition, whose
input data sets are a color image's preprocessed red,
green, blue color component. That is the proposed
CIKCCA. CIKCCA extracts canonical correlation
characteristics of the three color components red, green

and blue of the RGB color image, which proved to be
effective in color image recognition.

(24)

B. Algorithm description

Assume X, X, X, represent  three  color

components R,G,B of a color image respectively.
CIKCCA isredalized as following steps:
Step 1. Caculate n, (number of the principa

components) principal components
We ={wP®, wp=,--,.wi=} by using PCA on R color
component.

Step 2: Cdculate n, (number of the projection

vectors) projection vectors W, ={w®, wi*,---,w*} by
using LDA on G color component.

Step 3: Calculate n,(number of the projection vectors)
projection vectors W, ={w™,w,™ -, W™} by using
MSDDA on B color component.

Step 4: Project R, G B color components to
Y:. Y5, Yy space respectively by using W, W, W, that
is Yo =WIXg, Yo=WIXs, Yo=WJX,.

Step 5. Caculate Kg,K;,K; according to the
(11),(12),(13).

Step 6: Caculate W, ,W;,W, by using CIKCCA
Kg Kg.,Kg according to (24).

Step 7: Construct a new data set B

Ws Kg
B=|W.K, |,
W K

(25)

Step 8: Apply the nearest neighbor classifier with the
cosine distance to do classification.

IV. EXPERIMENTS

We will testify our algorithm on FRGC-V2 database.
There are 12776 training images in FRGC-V2[12],
including 16028 controlled images and 8014 uncontrolled
images while controlled images have a better image
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quality than uncontrolled images. Training sample set
consist of both controlled images and uncontrolled images.
Training set contains 222 people, each has 36-64 images.
We choose 100 people, everyone's 24 images are used to
construct the sample set we needed, and every image is
preprocessed to 60*60. Fig.1 is an individual’s demo images
of FRGC-V2.

In order to verify the effectiveness of our method, we
will compare the results of CIKCCA and the results of
CICCA on FRGC-V2 database. In the experiment, we
choose 6 samples among the 24 samples in each class as
training samples, the remaining samples as test samples.
Each method runs ten times randomly.

In the experiment of CICCA and CIKCCA, we exact the
three  color  components canonical correlation
characteristics of a color image by utilizing PCA, LDA and
MSDDA. In PCA, we choose c-1 principal components, in
LDA, we choose N-1 discriminant vectors, in MSDDA, we
choose N-c discriminant vectors, these components or
vectors are used for dimension reduction, where N is the
total number of training samples, ¢ is the number of the
class.

Table 1 shows comparison of the randomly experiment
results between CICCA and CIKCCA, each class has 6
training samples and run 10 times randomly. The
experiment result shows that CIKCCA increase the
recognition rate by 1.02% compared to CICCA. Through
nonlinear transformation, CIKCCA gets a better result than
CICCA, which fully proved the superiority of the kernel
i Tal Y alalole

L

Figure 1. Demo images of oneindividual on FRGC-V 2 database

The experiment results are shown as follow:

V.

Color image recognition methods and kernel methods
are both significant hot spots in pattern recognition and
machine learning. Based on the above two methods, this
paper proposed a novel color image recognition method:
CIKCCA —color image kernel canonical correlation
analysis method. First of al, the three groups of color
components are projected into a high dimensional kernel
space by utilizing kernel function, and then canonical
correlation characteristics are extracted in the high
dimensional kernel space and fused in the feature level.
At last, the fused vectors are used for classification and
recognition. The experiment results shows that our
proposed approach has a better result than classica
canonical correlation analysis, validating the advantage of
kernel method.

CONCLUSION
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TABLE I EXPERIMENT RESULTS OF CICCA AND
CIKCCA oN FGRC-V2
Methods
CICCA CIKCCA
Random Times

1 88.01 88.02
2 88.52 90.73
3 85.93 87.01
4 79.89 82.14
5 89.21 90.33
6 87.03 87.78
7 88.89 90.54
8 85.32 86.65
9 89.03 89.01
10 83.32 86.04

Average 86.89 88.09
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