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ABSTRACT 
 
The use of appropriate features to characterize an 
output class or object is critical for all classification 
problems. This paper identify an optimal window 
size for the extraction of spatial information that 
we are interested in the evaluation of the variation 
of the homogeneity index based on the size of the 
window resolution panchromatic 0.6 and 2.5 m of 
the Quickbird satellite. Gray level co-occurrence 
matrix (GLCM) method has been used for 
extracting texture from remotely sensed satellite 
image. Results of classification have also been 
reported. 
 
INTRODUCTION 
 
In a satellite image, pixel is characterized not only 
by its spectral signature but also with the spatial 
information. Textural information plays an 
important role in image analysis. The typical goal 
of texture synthesis is to produce existing textures 
in different sizes, forms and contexts [1]. it is often 
used as a descriptor in image analysis and 
computer vision. Specifically, a textured region 
consists of a connected set of pixels that satisfy a 
given gray level property which occurs repeatedly 
in an image region [2]. Several methods have been 
applied towards the analysis and characterization 
of texture, the use of texture in the identification 
and extraction of information contained in remote 
sensing images is very important for thematic 
mapping.  Several methods exist to solve the 
problem of texture analysis. However, all these 
methods share the insufficiency of analyzing 
texture at a fixed scale. Mathematical procedures 
to characterize texture fall into two major 
categories statistical and syntactic Statistical 
approaches compute different properties and are 
suitable if texture primitive sizes are comparable 
with the pixel sizes. These include Fourier  
 

 
 
 
 
transforms, convolution filters, co-occurrence 
matrix, spatial autocorrelation, fractals, etc. 
Syntactic and hybrid (Combination of statistical 
and syntactic) methods are suitable for textures 
where primitives can be described using a larger 
variety of properties than just tonal properties; for 
example shape description. Using these 
properties, the primitives can be identified, 
defined and assigned a label. For gray-level 
images, tone can be replaced with brightness.  
Although several descriptors have been proposed 
to extract and to analyze texture [3]. Properties 
such as gray level, co-occurrence, contrast, 
entropy and homogeneity are computed from 
image gray levels to facilitate classification. 
The method adopted in this study considers the 
homogeneity feature used from the gray level co-
occurrence matrix [4][5][6][7]. 
 
Of those mentioned, in texture analysis, co-
occurrence matrices is extensively used, it is able 
to capture the spatial dependence of gray-levels 
which contribute to perception of texture [2]. 
 
The main goal of this paper is to find the 
homogeneity feature which gives the best 
spectral-textural classification. To obtain it, we 
have studied the impact of the window size on this 
texture feature. The different experimentations 
were conducted on the QuickBird images. In 
second time a supervised classification based SVM 
is carried on both purely spectral data and the 
spectral data with the homogeneity feature and 
then a supervised classification are applied on the 
two images. 
The rest of paper is organized as follows: Section 2 
describes the proposed approach used in this 
study. Data sets used for the experiments and 
reports on experimental results are presented in 
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Section 3. A summary and conclusions are 
presented in Section 4. 
 
PROPOSED APPROACH 
 
In this section we present the methodology used 
to study the evolution of the variation of the 
homogeneity feature terms of the size of the 
window as well as the resolution.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: Flow chart of the study.  
 

Grey Level Co-occurrence Matrix and textural 
features 
 
Grey Level Co-occurrence Matrix (GLCM) is one of 
the most used texture analysis methods in remote 
sensing data processing [8]. The GLCM is an 
illustration of how frequently different 
combinations of grey levels concur in an image. 
Each entry       in GLCM corresponds to the 
number of occurrence of the pair of gray levels   
and   within a given distance   and along the 
direction . Figure 2 illustrates an example of 
matrix of 16 pixels co-occurrence with four grey 

levels,     and two orientations   {      }.  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Example of co-occurrence matrix in 4x4 pixel image 
up, down the co-occurrence matrix. 
 

From GLCM, 14 statistical texture features have 
been defined by Haralick et al. [4], among these 

features 7 are described (Equations from 1 to 7) as 
follows: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 1: Some features extracted from the co-occurrence matrix. 

 
Support Vector Machine classification  
 
Several classification algorithms have been 
developed since the first satellite image acquired 
in 1972 [9] [10]. Among the most popular and 
widely used is the maximum likelihood classifier 
[11]. It is a parametric approach that assumes the 
class signature is normal distribution although this 
assumption is generally valid; it is invalid for 
classes that have different spectral features [12]. 
To overcome this problem some non-parametric 
classification techniques such as artificial neural 
networks, decision trees and Support Vector 
Machines (SVM) have been recently introduced. 
 
Developed by Vapnik [13], SVMs are a powerful 
machine learning for both regression and 
classification problems. It perform well on data 
sets that have many attributes, even  if there are 
very few cases on which to train the model. There 
is no upper limit on the number of attributes. 
SVMs have been proposed as an efficient method 
for pattern classification and nonlinear regression. 
Their appeal lies in their strong connection to the 
underlying statistical learning theory where an 
SVM is an approximate implementation of the 
method of structural risk minimization (SRM) [13]. 
This principal states that a better solution (in 
terms of generalization capabilities) can be found 
by minimizing an upper bound of the 
generalization error. SVMs have many attractive 
features. For instance, the solution of quadratic 
programming problem is globally optimized. In 
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additions, SVMs can handle large input spaces, can 
handle large input spaces, can effectively avoid 
over fitting by controlling the margin, and can 
automatically identify a small subset made up of 
informative points, namely Support Vectors 
(SVMs) [14]. Consequently, they have been used in 
a wide range of applications and their popularity 
within the remote sensing community is constantly 
on the increase [15], due to their properties and 
intrinsic effectiveness. For greater detail on SVMs, 
we refer the reader to [13] [15]. 
The basic idea of SVM is to classify the input 
vectors into two classes using a hyperplane with 
the maximal margin, which is derived by solving 
the following constrained quadratic programming 
problem: 
 
 
 
 
 
 
 
 

where      are the training sample vectors, 
   {     } are the corresponding class labels, 
   is the Lagrange multiplier,    is a constant 

needed for non-separable classes, and  (     ) is 

the kernel function. In this study, the radial basis 
function (RBF) was selected as the kernel function.  

EXPERIMENTAL RESULTS 

In this study we used the Matlab environment. 

Parameters from the texture matrices co-

occurrences and SVM classifications have also been 

carried out in the software environment ENVI 

(Environment for Visualizing Images).  All 

treatments related to this work have made 

summers on a PC Pentium IV Core 2 Duo. 

In this paper, we have used two QuickBird image 
datasets consists of four multispectral images with 
a spatial resolution of  2.5 m (figure 3.a), and one 
panchromatic image with a spatial resolution of  
0.6 m (figure 3.b). These datasets of Boumerdas 
(northern Algeria) were acquired on May 21 2007. 
 
 
 
 
 
 

 
 
 
 

 
Figure 3a: Multispectral image 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3b: Panchromatic image 
 

A moving window with five different sizes (3x3, 
5x5, 7x7, 9x9, and 11x11) is used in the tests. The 
co-occurrence matrix was calculated in the 0° 
direction for each window size. The figures 4.a and 
4.b show an example of images of the 
homogeneity feature with 5x5 window size. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4a: Extraction of the homogeneity feature 5 x 5: from 
the green band of the multispectral 
 
 
 
 
 

 
 
 
 
 
 
Figure 4a: Extraction of the homogeneity feature 5 x 5: from 
panchromatic image 
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Figure 5: Evolution of variation coefficient of the homogeneity 
feature - Case of the multispectral image. 

 
Figure 6:  Evolution of variation coefficient of the homogeneity 
feature - Case of the panchromatic image. 

 
The figure shows the evolution of the coefficient of 
variation calculated on the homogeneity feature 
from images at 2.5 and 0.6m. They show for the 
majority of classes, a gradual decrease in the 
coefficient of variation when the window size 
increases. Whatever the spatial resolution, it 
appears that the curve stabilizes the majority of 
objects, the size of 7x7 windows. This shows that 
the use of a smaller window size provides greater 
dependence between the size of the window and 
the value of the texture index calculated. The 
classification is performed according to eight 
classes. The training samples set consists of pixels 
selected from Roofs buildings, various buildings, 
Grass, Road, Water, shadow, Vegetation and Tree. 
Figures 7 and 8 shows the supervised classification 
results obtained by SVM using spectral bands only 
and with the addition of homogeneity feature, 
respectively. Table 2 shows the confusion matrix of 
the spectral classification, in which the accuracy is 
equal to 95.10% and kappa coefficient is equal to 
0.941. Table 3 shows the confusion matrix of the 
spectral with addition of homogeneity feature 
classification. We note that the accuracy increased 
to 97.24% and coefficient kappa is equal to 0.967. 
The homogeneity feature extracted from image 
increases the total accuracy by 2.14%. 
 
 
 
 
 
 
 
 
 
 
Figure 7:  Supervised classification results using spectral bands 
only. 

 

 
 
 
 
 
 
 
 
 
 
Table 2: Confusion matrix of spectral classification.   

 
Note: C1: Roofs buildings; C2: Various buildings; C3: Grass; C4: 
Road; C5: Water; C6: Shadow; C7: Vegetation; C8: Tree 

 
 
 
 
 
 
 
 
 
 
 
Figure 8: Supervised classification results using spectral bands 
with the addition of homogeneity feature. 

 
 
 
 
 
 
 
 
 
 
Table 3: Confusion matrix of spectral/homogeneity feature 
classification. 

 
Note: C1: Roofs buildings; C2: Various buildings; C3: Grass; C4: 
Road; C5: Water; C6: Shadow; C7: Vegetation; C8: Tree 

 

CONCLUSION 

 
This paper focus on assessing homogeneity feature 

using different windows sizes. For this end, we 

used two Quickbird images to select the most 

relevant homogeneity feature. It was then 

combined and classified with the spectral data 

using SVM classifier. Results show clearly that the 

textural information allows better classification 

compared to using only the spatial information. 

Indeed, the classification accuracy increases from 
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95.10% (using spectral data only) to 97.24% (with 

the homogeneity feature). As perspective to this 

work, we can try with other texture features such 

as, mean, variance, etc. 
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