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Abstract 
 
An eigen color co-occurrence approach is proposed that exploits the correlation between color channels to identify the degree of image 
similarity. This method is based on traditional co-occurrence matrix method and histogram equalization. On the purpose of feature 
extraction, eigen color co-occurrence matrices are computed for extracting the statistical relationships embedded in color images by 
applying Principal Component Analysis (PCA) on a set of color co-occurrence matrices, which are computed on the histogram equalized 
images. That eigen space is created with a set of orthogonal axes to gain the essential structures of color co-occurrence matrices, which is 
used to identify the degree of similarity to classify an input image to be tested for various purposes. In this paper RGB, Gaussian color 
space are compared with grayscale image in terms of  PCA eigen features  embedded in histogram equalized co-occurrence features. 
The experimental results are presented. 

 
 

1. Introduction 
 
Image features such as edges and contrast can be enhanced in 
a way that their dynamic range is increased without any 
change in the information content inherent in the data. One 
of the image enhancement techniques is histogram 
equalization, which is roughly classified into adaptive and 
global ones[12]. Also it may be the simplest approach for 
image enhancement and assumes that the pixel gray levels 
are independent identically distributed random variables and 
the image is a realization of an ergodic random fields. To 
apply this to color images, there are several issues to be 
considered such as the correlation between color components 
and the color perception by humans. In this paper the most 
straightforward extension of  histogram equalization to 
color images is adapted to extract co-occurrence matrices, 
that is, the application of grayscale histogram equalization 
separately to the different color channels.  
 
The other issues will be considered in the next paper.  
Cooccurrence matrix represents the second-order joint 
conditional density function between two gray levels within a 
particular distance along a given direction[6][13].  In most 
researches, the gray levels are considered as the dimensional 
factors of co-occurrence matrix. Nowadays it is extended to 
the those of color images, since obviously multiple spectral  
channels composing color images give richer information 
than gray level counterparts since the correlations between 
the color bands could be reflected in the feature space .  
These statistical information can be used to extract the 

decision criteria by performing Principal Component 
Analysis (PCA) on a set of color co-occurrence matrices to 
create a set of orthogonal axes, so called eigen co-occurrence 
matrices[9][15]. Each co-occurrence matrix of an image is 
manipulated and described as a vector in the new orthogonal 
vector space. This process reduces the representation of large 
co-occurrence matrix and enables to obtain essential features 
embedded in the co-occurrence matrix. Extracting features in 
the form of vector representation enables us to used various 
classification method introduced in pattern classification.  

 
2. Color Image Histogram Equalization 
 
Grayscale histogram equalization attempts to uniformly 
distribute the pixel gray levels of an image to all the 
available gray levels L. Let us consider the image pixel gray 
level to be a random variable X. The histogram of a gray 
scale image is the probability density function of X defined 
as[12] 
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where N(xk) is the number of pixels with gray level value xk.  
The cumulative density function FX(xk) of the random 
variable X given by 
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defines the transformation function for obtaining the gray 
levels yk of the equalized image that are uniformly distributed. 
For color image, the color of each pixel is assumed to be a 
random vector composed of three components. The equalized 
histogram of each color component is estimated.   
    
3. Color Co-occurrence Features 
 
The co-occurrence matrix is a well-known statistical tool for 
extracting second-order texture information from images 
[1][2][3][5][10]. This matrix can be thought of as an estimate 
of the joint pdf of gray level pairs in an image. Suppose the 
image I to be analyzed is an NM ×  dimensional matrix. An 
occurrence of some gray level intensity may be described by 
a matrix of relative frequencies ),(, baO dθ

, describing how 
frequently two pixels with gray levels a, b appear in the 
matrix separated by a distance d  in direction θ . Non-
normalized frequencies of co-occurrence as functions of 
angle 0o and distance can be represented formally as: 
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where |{…}| refers to set cardinality, D is the target image 
block and )()( NMNMV ×××= . The graylevel 
parameters a, b are determined by the predefined image 
graylevels. The distance metric ρ  in these equations can be 
defined by |}.||,max{|)],(),,[( nlmknmlk −−=ρ  The 
angles could be defined by eight directions to take into 
account the eight nearest neighbors. These angle and distance 
parameters generate eight matrices, which are summed to 
obtain a rotation-invariant matrix P. It may be required to 
normalize P so that the entries become probabilities of co-
occurrence.  
 
The formulas of other directions can be figured without 
much efforts. This method can be extended to color images. 
Color images are usually  coded in three channels. The 
cross co-occurrences  can be counted to utilized the 
correlation between two channels as follows.   
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where |{…}| refers to set cardinality, D1 , D2 are the channel 
blocks(in RGB image, 1 can stand for R, 2 for G, etc) 
respectively. Each O12 generates 8 co-occurrence matrices by 
considering 8 directions and are summed to get rotation-
invariant feature matrix O12. Also O12 and O21 are summed to 
obtain a symmetric matrix O12.  From this, an image in RGB 
color space may generate (R,R), (G,G), (B,B), (R,G), (R,B), 
(G,B) co-occurrence matrices. The dimension of each O is 
determined by the range of pixel values.  
 
4. Eigen Color Co-occurrence Matrices 
  
PCA is applied to color co-occurrence matrices to obtain a 
set of eigen co-occurrence matrices[11]. For each training 

RGB color image Ik , six co-occurrence matrices, as 
mentioned above, are generated, which are reshaped into a 
vector Mk  by connecting each row of them. From these 
vectors  the average color co-occurrence vector M0  is 
computed as follows: 
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where L is the size of training images. Then M0 is subtracted 
from each color co-occurrence vectors Mk .  
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The row vectors of Sk are juxtaposed to form a co-occurrence 
feature space A, that is, A=[ S1  S2  …  SL  ]. The A matrix is 
then subject to perform PCA, seeking a set of L orthonormal 
vectors uk.  These vectors uk defines eigen color co-
occurrences, which  best describe the embedded structure of 
domain data. To get the uk  , the covariance matrix  C of  
AAT  should be computed as follows:  
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But, for computational convenience, uk  is derived from uk 
=Avk , where vk is the eigenvectors of ATA . The computation 
of eigenvalues and eigenvectors of AAT may be heavier than 
that of ATA, since the dimension of image resolution is 
usually much larger than the size of a set of training images. 
The eigenvalues of AAT are same as that of ATA. 
 
5. Classification Process 
 
An input color image to be tested is firstly computed to get 
color co-occurrence matrix, then color co-occurrence feature 
vector M and finally transformed into its eigen space 
components by computing the difference of the mean vector 
of color co-occurrence space derived from a set of training 
images, followed by multiplying it with each eigenvector of 
eigen space to get the weights of eigen space vectors wk.   
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This weight vector w is sent to classifier in order to 
determine which image class provides the best description 
for the input image.  This can be done by minimizing 
Euclidean distance or the other distance measures such as 
Mahalanobis distance. The Euclidean distance are as follows: 
 

WwLkww kIkkk ∈=−=∑ ,,1,2ε  

 
where W is the weight matrix whose columns are weights of 
each Mk and wI  the weight vector of input image. The 
Mahalanobis distance can be computed as follows: 
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where Σ-1 represents the inverse of covariance matrix. Here 
only Mahalanobis measure is considered to compare the 
classification performance.  
 
6. Gaussian Color Model (GCM) 
 
To study of the efficiency of the suggested method, several 
color models are investigated[4]. RGB color space is 
standard color model for monitor without luminance 
information. In case of HSV model, more subtle approach 
should be applied and will be implemented later. In this paper,  
the Gaussian color model (GCM), so called Kubelka-Munk 
theory model, is also considered. To get this spectral 
differential quotients, the following implementation in RGB 
terms is used[7][8].  
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7. Experiment  
 
Training image set used here consists of 10 images of indoor 
scenes with few specularities and taken under normal  
lighting conditions[see Figure 1]. They are two parts of the 
image sets, which were captured under different 
circumstances.  
 
First set composes of images taken under indoor lightening 
only. The images of second set is to be tested and taken 
under indoor lightening mixed with outdoor conditions. 
These image capturing conditions are intentionally set for 
further image processing not for this research. However, 
second set is used to differentiate the classification 
performance in terms of PCA features from multispectral co-
occurrence matrices after color image histogram equalization.  
    

    

    
 

    

    
Figure 1. Two sets of images: upper 10 images for 
training and lower 10 for test 
 

 
Figure 2. Maximum errors of Mahalanobis  distance. 
Each error means the maximum distance of each test 
image projected on the eigen space.   
 
For the purpose of performance comparison, the grayscale 
feature is also included. The size of color images captured by 
SONY Cybershot DSC-T3 is 1944 x 2592, resized with 10:1 
resolution ratio. The intensity levels of each color plane are 
adjusted to the range 0-19 for computational convenience.  
The distance parameter of co-occurrence feature is set to 1 
and 8 directions are considered. The Mahalanobis distance 
are used for classification[14].   
 
For comparison of performance, only maximum error of each 
test image projected onto the eigen space is considered. It is 
simply assumed that the maximum errors may be larger as 
the differential efficiency gets bigger. It may be very naïve 
conjecture to compare the performance of several color 
models and the suggested approach. In this paper, only the 
result of a preliminary research for further subtler processes 
and analysis is presented. 
 
Figure 2 shows that RGB and histogram equalized grayscale 
model apparently have the most useful power to separate two 
different images. In case of GCM and grayscale model, the 
histogram equalized versions are more effective. Only RGB 
model has more discriminating power than the equalized 
counterpart.  

 
8. Conclusion 
 
As a sequel paper of [16], histogram equalized eigen features 
of co-occurrence matrices of several color spaces are 
investigated and compared to examine the effectiveness of 
classification. Mahalanobis distance approache is adopted 
here to compare the dissimilarity of color images. For future 
study, the correlation of color channels will be considered to 
extract the more robust color image features. Also the  PCA 
features will be more investigated.   
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