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Abstract – The aim of this paper is to design and develop a 

filter bank for the detection and classification of radar image 

texture with 4.6m resolution obtained by airborne synthetic 

Aperture Radar. The textures of this kind of images are more 

correlated and contain forms with random disposition. The 

design and the developing of the filter bank is based on 

Gabor filter. We have elaborated a set of filters applied to 

each set of feature texture allowing its identification and 

enhancement in comparison with other textures. The filter 

bank which we have elaborated is represented by a 

combination of different texture filters. After processing, the 

selected filter bank is the filter bank which allows the 

identification of all the textures of an image with a significant 

identification rate. This developed filter is applied to radar 

image and the obtained results are compared with those 

obtained by using filter banks issue from the generalized 

Gaussian models (GGM). We have shown that Gabor filter 

developed in this work gives the classification rate greater 

than the results obtained by Generalized Gaussian model. 

The main contribution of this work is the generation of the 

filter banks able to give an optimal filter bank for a given 

texture and in particular for radar image textures.  

 

Keywords – Radar Image, Filter Bank, Gabor Filtering, 

Texture, Identification Rate, Classification Process.  

 

I. INTRODUCTION 
 

IMAGE analysis consists to extract some characteristic 

proprieties and to allow the parametric representation. The 

parametric extraction is often the first procedure of the 

decision step.  

The remote sensing offers, with a lot of satellite 

equipments available today, more and more images, data 

and information which may not be accessible from the 

earth. Remote sensing becomes an important topic because 

it is an excellent tool for decision and is necessary for the 

terrestrial resources. The analysis and interpretation of 

these images constitute an intensive scientific study and 

research activities through the world. The information 

interpretation in the natural environment is not an easy 

task. In fact, the natural textures are more irregular and the 

classical modeling such as statistical methods and 

orthogonal transforms are not appropriate because these 

techniques cannot give the desired precision. 

In recent decade, spatio-frequential methods are more 

and more used because psycho physiological study results 

operated in human visual system show that the nervous 

system processes the images by using frequential analysis. 

These studies establish that image is decomposed in many 

scales relative to different frequential channels. This paper 

presents a method for texture identification based on the 

Gabor filter bank. The remaining of this paper is 

structured as following: in the section II, we present the 

state of the art and the classical texture analysis. Few 

literatures on Gabor filtering and Generalized Gaussian 

Model are presented in section III. Our contribution 

consisting to develop a procedure for the application of 

Gabor filtering on radar texture image is presented in 

section IV. Section V presents the simulation and results. 

Finally section VI presents conclusion and perspectives of 

this work. 

 

II. STATE OF THE ART 
 

A. Few elements about textures 
Texture may be defined by an image area which 

presents homogeneity of its characteristics; it may be also 

defined as a group of primitives presenting variable form 

and size which have particular spatial organization [1][2]. 

There exist two types of textures: 

- The macro textures which have a regular aspect 

consisting in periodical forms for which the spatial 

position obeys to a precisely law; 

- The micro textures presenting the microscopic 

primitives for which the spatial distribution is a random 

process. Despite their random spatial distributions, they 

are homogenous in its environment [3]. 

Brodatz has established a catalogue of texture [4] and this 

catalogue is today a most popular of the texture data set. 

The figure 1 and figure 2 show Brodatz textures having 

one scale and multiple scales respectively. 

   
Fig.1. Brodatz textures with one scale 

 

   
Fig.2. Brodatz textures with multiple scales 

 

B. Texture analysis 
Globally, there is a diversity of approaches used to 

describe or identify textures [5]. Some approaches are 

based on stochastic models or on the linear prediction. 

Other approaches are based on statistical analysis or on the 

orthogonal transforms. 

These approaches may be classified in four main 

methods [13]: statistical, based on a model, frequential and 

geometric. 
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1) Statistical methods 
They are based on quantitative evaluation of the grey 

scales or on other primitives. These methods study the 

relationship between a pixel and its neighbors and define 

discriminate parameters of the texture using statistic tools. 

In general, these methods are used for the characterization 

of fine textures having no apparent regularity [14][15]. 

Matrix of grey scales co-occurrences is the distribution of 

the nature [16]. 

2) Geometric methods 
They are concerned by structural analysis based on the 

identification of one ore many features and their spatial 

repartition. The result depends of the geometric properties 

of primitives and their spatial constraints [15] 

3) Methods based on a model 
The objective of these methods is to obtain a model 

which may be considered as a generator of the texture 

[17]. The parameters of this model are used for the 

characterization or the synthesis of a texture. The Markov 

fields belong to these methods. 

4) Frequential methods 
They consist to analysis the texture in the spectrum or 

the repetition of features explained by the apparition of 

specific frequencies. One distinguishes three types of 

filtering: spatial filtering, Gabor filtering and wavelet 

transform. Among these filtering types, the Gabor filtering 

has demonstrated its performance in texture analysis and 

description [18][19]. The Gabor filters are particularly a 

power tool for the texture classification [19][20]. Among 

the spatio-frequential filtering methods, the Gabor filtering 

meet a great and particular attention in scientific research 

activities [6][7]. 

The interpretation of the information in the natural 

environment is one of the most important activities of 

human visual system but the modeling of this task is not 

easy. The natural textures are so irregular that their 

modeling by classical methods such as statistical or 

orthogonal transforms cannot give the desired results 

[8][9]. It is necessary to use methods able to 

approximately accomplish the human visual system 

procedure in image analysis [10]. The Gabor filtering uses 

redundancy within image data to represent an explain each 

pixel; this redundancy used is the main reason that 

introduces a delay in the texture processing (the rapidity is 

not optimal) but the Gabor filtering can give the desired 

result [11] and it is very important because the texture 

describing and identification don’t requires a necessary 

real time processing and the rapidity is not a requirement. 

 

III. FEW ELEMENTS ON GABOR FILTERING AND 

GENERALIZED GAUSSIAN MODEL 
 

A. Gabor filtering 
In image analysis, when there are multiple local 

orientations, methods based on filter bank are often used. 

These methods consist to search the orientation 

corresponding to the maximum of filter bank where each 

filter is the result of the rotation of a basis filter called also 

the mother filter. 

In this work, we use the Gabor filter with add symmetry 

and for which the orientation is zero degree. The Gabor 

filter may be considered as a complex frequency 

modulated by the Gaussian function [1] and the pass-band 

filter. For signal processing, this filter is defined by 

equation (1): 
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Where x  is the standard deviation of the Gaussian and 

0xf  is the central frequency. The selectivity of this band 

pass filter may be controlled by x  because bigger is x , 

high is the selectivity. 

In image processing, this filter is considered in its bi-

dimensional form defined by equation (2) [21]: 
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Finally, the basis form of the Gabor filter may be 

expressed using equation (3): 

    ''2exp
22

exp
2

1
, 0

22

yxfj
xx

yxg
yxyx

b 













 


 (3) 

Where 



























y

x

y

x





cossin

sincos

'

'
 

In texture analysis, we have needed to localize 

information both in spatial domain for characterizing the 

orientations of the primitives and in frequential domain for 

obtaining the grey scales variation which can indicate the 

separation between features. In this context, the Gabor 

filter is the solution [22] [23].  

The best simultaneous localization in spatial and 

frequential domain may by operated by the Gabor filtering 

applying a cosine filter type having a certain direction 

modulated by a Gaussian window [24][25]. In this work, 

we have radar image which is the real data, we have 

needed the real form of the Gabor filter defined by 

equation (4): 
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To obtain different orientation, we need to operate a 

rotation of the coordinate axis using equation (5): 
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Depending of the type of the sub-images, the filter may 

have many appropriate directions; in this case, the 
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resulting filter is the sum of the basis filters in each 

direction defined by equation (6): 

   iib yxgg ,      (6) 

B. Generalized Gaussian Model  

1) Discreet Wavelet Transform 
Multi-resolution analysis is a formal and general approach 

for constructing wavelet orthogonal basis. It is based on 

the principle according to which the signal can be 

represented by a set of approximation and details 

coefficients. In practice, dyadic wavelet decomposition is 

carried out by filtering and sub-sampling, using 

“Quadrature Mirror Filters” HF and LF due to Mallat 

theory [26]. For image or 2D signal, the decomposition is 

achieved by applying separable 1D filters HF and LF (see 

figure 3) where LF and HF design Low Frequency and 

High Frequency respectively. 
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Where (*) is a convolution product, nL  is an 

approximation image and 1nD , 2nD , 3nD  are details 

images at the n-th scale, h and g are the filters 

(respectively HF and LF) in equation (7) and are called 

Quadratic Mirror Filters, they satisfy the complementarily 

criterion (8): 

   )m1(h1)m(g
m1


     (8) 

At any scale, the approximation image is also 

decomposed in approximation and details subbands. 

Details subbands coefficients correspond to wavelet 

coefficients of the signal at a given scale. However, the 

approximation subband represents the low frequencies 

information; on the other hand, detail subbands provide 

the high frequencies information. So, if n is the number of 

decomposition levels, we get 3n+1 different subbands 

describing the image. 

 
Fig.3. DWT image decomposition 

 

2) Textural signatures 

(a) Energy signature and L1 norm 

According to Wouwer, a number of synthetic textures 

can be characterized by the energy signature (equation 9) 

as well as by L1 norm called « average deviation ( niMD

) » (equation 10). 
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Where )b,b(D kjni  is the value of wavelet coefficient of 

the detail subband i at the pixel position )b,b( kj ; M  is 

the total number of image pixels; n is the decomposition 

level. 

(b) Generalized Gaussian model applying to texture  
According to Mallat, texture histogram modelling in 

detail subband images by a set of exponential function 

under a generalized Gaussian law (equation 11) and 

extracting the signatures of the textures (equation 9), 

(equation 10) from these models (equation 6) are possible 

(the translation invariance should be ensured).  
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Where:   is the parameter which can modify the 

decrease of the histogram peak (for 2 , the histogram 

is a Gaussian distribution);   is the histogram width 

(represents the variance); K is a constant which ensures

  1du)u(h . 

The parameters ,  and K (13) may be used to 

calculate the 1
st
 and 2

sd
 order moments equivalent 

respectively to m1 and m2 values which indicate the energy 

distribution for each subband (equation 12). 
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Where:   is the gamma function (14): 
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Indeed, the function h represents the energy distribution 

in the subbands and m1 and m2 represent respectively niE  

and niMD  values of the subbands (equation 9), (equation 

10). However, the texture can be characterized by a 

signature vector V which is composed of 6 elements 

representing, respectively, the energy E in the three details 

subbands: horizontal details (DH), vertical details (DV), 

diagonal details (DD)) and L1 norm (MD) in the three 

details subbands (equation 15). 

   T
DDDVDHDDDVDH )MD,MD,MD,E,E,E(V    (15) 

 

IV. PROCEDURE FOR APPLICATION OF GABOR 

FILTER TO RADAR IMAGE 
 

The Gabor filter has four freedom degrees or 

parameters: the filter orientation , the central frequency 
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0f to extract, the standard deviations x and y . For the 

user of Gabor filter, only two parameters have to be 

chosen: the direction number (orientation ) and the 

number of scales (frequencies). It is also necessary to 

choose other parameters, such as the analysis window size 

and this last will be presented in the next under section. 

A. Choice of orientation 
In an image point or pixel, the orientation corresponds 

to the axis which well characterizes this image in the 

human visual system consideration [27]. Figure 4 shows 

an example of synthetic texture where we can see a unique 

orientation corresponding to an angle comparing to an 

arbitrary reference.  

 
Fig.4. Synthetic texture characterized by an orientation 

equal to 30°. 

 

In the presence of multiple local orientations, it is 

important to search an orientation corresponding to the 

maximum of the filter response. 

B. Choice of filtering frequency 
To obtain the best results of Gabor filtering, appropriate 

choice of frequency is important. The choice of the 

frequency may be done by the response to the following 

question: until what low frequencies the image must be 

decomposed? In the other terms, how many scale levels 

the image must be decomposed? As the response to this 

question, the scale level number depends on the size of the 

image and on the nature of texture. For the nature of 

texture, there exist two categories [12]: some textures have 

one scale, other textures have multiple scales. 

C. Choice of the window size 
The size of analysis window is an important parameter 

but it is also one of the delicate choice of the texture 

analysis (see figure 5). 

 
Fig.5. Influence of the choice of the analysis window size 

on the image texture 

 

In the figure 5, for example window A can determine 

the characteristic properties of a tile and permits to 

distinguish the clear tiles from the dark tiles; window B 

can give the average properties but cannot distinguish the 

clear tiles from the dark tiles.  

D. Choice of standard deviations   
The standard deviations x  and y correspond to the 

width of the Gaussian function in x and y directions 

respectively. The choice of these parameters must be done 

appropriately if we want to extract the information in the 

image texture. If all the primitives have the same size, the 

Gaussian function is isotropic and we can choice yx   . 

High is the value of , significant is the low frequencies 

of the filtered image. Low is the value of , the details of 

textures in the filtered image well appears.  

However, there exist a relationship between the size of 

the analysis window and the width of the Gaussian 

function ( ). The size of the analysis window must be 

significant to adapt the Gaussian function [28]. 

 

V. SIMULATIONS AND RESULTS 
 

A. Block scheme of filtering 
In figure 6, we present the procedure developed for 

Gabor filtering.  

 
Fig.6. Proposed block scheme of Gabor filtering 
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In texture analysis, it is not necessary to use color 

image; grey scale image is sufficient to describe the 

texture. This scheme shows that for each image, the four 

parameters f0, θ, σx, and σy have to be chosen 

appropriately for the application of Gabor filtering. 

The approach developed in this work, shown en in 

figure 6, is based on a multichannel filtering. It consists to 

decompose, by filtering, the image in a set of images 

containing the spatial characteristics at different scales. 

Furthermore, the original image is decomposed on 

different planes corresponding to different frequential 

channels. Each of these images captures the textural 

characteristics appearing in a narrow spatial frequency 

band and orientation. This approach has the advantage to 

exploit the spatial interactions between pixels of 

neighboring at different scales.  

After filtering, we select the filters able to offer the 

capacity for efficiently detecting the texture motives.  

B. Data sets  
To evaluate the developed filter, we use the texture data 

set presented in the figure 7 and figure 8. 

       
a                                   b 

Fig.7. Texture of bricks (a) and microtexture of       

Brodatz (b) 

 

 
Fig.8. Four textures T1, T2, T3 in airborne synthetic 

aperture radar: T1 is an olive tree, T2 is a built, T3 is a 

bare ground, and T4 is sparse vegetation. 

 

C. Results of simulations 
We show the results obtained on different test images in 

this work. 

1) Results for bricks 

The figures 9 to 12 show the results of Gabor filtering of 

the brick texture. The size of the analysis window is 9x9; 

we vary the three other parameters which are the 

orientation θ, the frequency f0 and the standard deviation. 

The Gabor filters frequency f0 varies from 0.02 to 0.47 and 

the standard deviation sigma varies from 0.3 to 1.5. The 

orientation θ have taken the following values: 0, 5π/8, π/4, 

and π/2. 

 
Fig.9. Filtered sequences in function of the frequency f0 

and the standard deviation σ for θ = 0. 
 

 
Fig.10. Filtered sequences in function of the frequency f0 

and the standard deviation σ for θ = π/2 
 

 
Fig.11. Filtered sequences in function of the frequency f0 

and the standard deviation σ for θ = π/4 
 

 
Fig.12. Filtered sequences in function of the frequency f0 

and the standard deviation σ for θ = 5π/8 
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From figures 9 to 12, we may see that the filtered 

images have a background globally blurry corresponding 

to the regions which have no response in the researched 

direction.  

However, we may see the white and dark zones on the 

edge of brick textures corresponding to the regions which 

have a significant response in the researched direction. We 

can conclude that to extract the pertinent information both 

in space (direction) and in frequency (related to the 

textures) or the texture primitives of the brick, it is 

sufficient to detect its edges. This may be possible by 

using: 

- The orientation filters which have two values: 0 and π/2; 

it means that if the filter and the texture have not the 

same direction, (edges of the brick in this case), the 

filter cannot give the response; 

- The frequencies which can give the best performances 

can also efficiently reveal the texture primitives. These 

frequencies are [0.02; 0.07; 0.22; 0.22; 0.27; 0.37; 0.42]. 

For the standard deviation σ, we may see that big is its 

value, more smoothed is the filtered image and the 

obtained image is blurry. 

These results show that a bank of 12 Gabor filters (6 

frequencies and 2 directions) isotopic (σx = σy = 0.3) is 

able to describe the textures present in this image. 

2) Results for the micro-texture of Brodatz 
We consider now a complex texture presenting the 

primitives randomly distributed in the image such that 

shown in the figure 13. 

 
Fig.13. Micro-texture of Brodatz 

 

The micro-texture with different scales presents a 

multiple orientations. It is necessary to have many 

frequencies and orientations for the features filtering. We 

have chosen 15x15 as the size of the analysis window, the 

standard deviations are σx = 1, σy = 0.5, the orientation has 

taken the following values: 0, π/8, π/6, and π/2. 

For each orientation, many tests allow us to choose 

these values of frequency f0: 0.03; 0.05; 0.1; and 1. We 

have then developed a filter bank having four frequencies 

and four orientations, so we have obtained a bank of 16 

filters. The figure 14 shows the obtained results for micro-

texture of Brodatz. 

The different parameters (central frequency f0, σ, θ) 

used in this filtering (see figure 14) have been 

experimentally chosen. The optimization method of these 

choices is based on visual evaluation of the results. We 

may conclude that using this type of spectral analysis, we 

can characterize and describe the primitives of the 

textures. This observation justifies the choice of this type 

of filtering for multispectral images and in particular the 

radar images analysis.  

    
   Θ = 0, f0 = 0.03    Θ = 0, f0 = 0.05     Θ = 0, f0 = 0.1       Θ = 0, f0 = 1 
 

    
Θ = π/8, f0 = 0.03  Θ = π/8, f0 = 0.05  Θ = π/8, f0 = 0.1    Θ = π/8, f0 = 1 
 

    
Θ = π/6, f0 = 0.03  Θ = π/6, f0 = 0.05  Θ = π/6, f0 = 0.1     Θ = π/6, f0 = 1  
 

    
Θ = π/2, f0 = 0.03  Θ = π/2, f0 = 0.05  Θ = π/2, f0 = 0.1      Θ = π/2, f0 = 1 

Fig.14. Filtering of Brodatz micro-texture by Gabor filter 

with different frequencies and different directions. The 

size of analysis window is 15x15. 
 

3) Result for radar image 
The radar image is composed of four texture sub-

images: olive tree, built, bare ground and sparse 

vegetation. The figures 15 to 22 show the obtained results. 

(a) Olive tree  

 
Fig.15. Filtered sequences of the olive tree texture 

f0 є [0,01 ; 0,15], θ = 0°, the analysis window size is 3x3.  
 

 
Fig.16. Filtered sequences of the olive tree texture 

f0 є [0,15 ; 0,5], θ = 0°, the analysis window size is 3x3 
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(b) Frame 

 
Fig.17. Filtered sequences of the builds texture 

f0 є [0,01 ; 0,15], θ = 0°, the analysis window size is 3x3 

. 

 
Fig.18. Filtered sequences of the frames texture 

f0 є [0,15 ; 0,5], θ = 0°, the analysis window size is 3x3 

 

(c) Sparse vegetation 

 
Fig.19. Filtered sequences of the sparse vegetation texture 

f0 є [0,01 ; 0,15], θ = 0°, the analysis window size is 3x3 

 

 
Fig.20. Filtered sequences of the sparse vegetation texture 

f0 є [0,15 ; 0,5], θ = 0°, the analysis window size is 3x3 

 

(d) Bare ground 

 
Fig.21. Filtered sequences of the bare ground texture 

f0 є [0,01 ; 0,15], θ = 0°, the analysis window size is 3x3 

 

 
Fig.22. Filtered sequences of the bare ground texture 

f0 є [0,15 ; 0,5], θ = 0°, the analysis window size is 3x3 

 

The different results (figures 15 to 22) allow us to 

extract the desired textures of radar image. In first time, 

we have to determine the textural signatures from the 

filtered image obtained by the Gabor filter elaborated.  

In our application, and after many tests operated, we have 

choice 0° as the orientation that gives the best 

identification result. From this observation, the final 

choice of parameters is presented in table I. 
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Table I: The Gabor Filter Parameter Chosen 

 

f0 ={0.01, 0.03, 0.09, 0.11, 0.2, 0.3, 0.4, 0.5} 

σ = 0.5 

θ = 0 

 

f0 ={0.01, 0.09, 0.11, 0.2, 0.3, 0.5} 

σ = 0.5 

θ = 0 

 

f0 ={0.01, 0.09, 0.2, 0.3, 0.4, 0.5} 

σ = 0.5 

θ = 0 

 

f0 ={0.01, 0.09, 0.2, 0.3, 0.4, 0.5} 

σ = 0.5 

θ = 0 

 

There exist in the literature many methods and models 

for the characterization of texture by textural signatures 

[29]. Among these characteristics, we can note the 

orientation and the frequency. It concerns in particular 

interactions between each pixel and its neighboring since 

the texture is defined by the luminosity variations in the 

neighboring and by the symmetry. Our goal in this work is 

to operate on the digital representation of the texture, it is 

necessary to obtain the measures in a vector 

representation. These measures correspond to the 

extraction of the texture characteristics. Figure 23 shows 

the general scheme for the characterization of the texture 

based on the vectors of the statistic characteristics. 

 
Fig.23. General scheme for the texture characterization 

based on the characteristic vectors 

 

The image texture Tj, is represented by a set of vectors 

Cpq, each vector is associated to the pixel neighboring 

where, (p, q) is the spatial position of the pixel and [P x Q] 

is the image size. The set of the K measures (filtered 

sequences), defines the vector size.  

 
 

 

We operate the characteristics extraction after the 

filtering of the texture. This operation is described in the 

figure 24 where an energy measurement is accomplished.  

 
Fig.24. Extraction process of textural characteristics after 

filtering. 

 

It is possible to characterize some textures by the L1 [9] 

norm which can define the distribution of the pixel 

average value of filtered images using equations 16 and 

17:  
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Where: 

Eij defines the energy of the Gabor filter coefficients of 

texture i after filtering by the Gabor filter of frequency j; 

Vij defines the L1 norm obtained from the output of 

Gabor filter of frequency j.  

The characteristic vector of each texture Ti of the radar 

image contains the values of Eij and Vij. For example, if 

we use a bank of four filters, the characteristic vector will 

have the form defined in equation 18: 

     43214321 ,,,,,,, iiiiiiiii VVVVEEEEC     (18) 

Ei1 represents the energy of the Gabor filter coefficients 

for the first frequency of the texture i. 

The textural signatures are determined for all the textures 

of the radar image. The selected textural signatures are 

those which have the best results in terms of texture 

classification. Table II presents the selected textural 

signatures.  
 

Table II: Example of Textural Signatures of Radar Image f0 = [ 0.01, 0.09, 0.1, 0.9] 

 E1 

x 10
3 

E2 

x 10
3
 

E3 

x 10
3
 

E4 

x 10
3
 

V1 

x 10
3
 

V2 

x 10
3
 

V3 

x 10
3
 

V4 

x 10
3
 

T1 2.07 2.07 11.87 2.07 38.45 38.45 92.89 38.45 

T2 7.33 7.33 42.57 7.33 83.41 83.41 201.33 83.41 

T3 0.52 0.52 3.06 0.52 21.84 21.84 52.83 21.84 

T4 4.83 4.83 27.92 4.83 68.30 68.30 164.30 68.30 

 

D. Principle of classification 
In general, classification consists to estimate the 

membership of a pixel to a given class in function of a 

certain criterion. There are two types of classification [30] 

[31]:  

- Supervised classification based on the knowledge of the 

number and the type of the class to identify; 

- Unsupervised classification based on the need to 

calculate or not the parameters on study zones. 
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The objective of this work is the classification of the 

different zones of radar image and we adopt the method 

based on the study followed by the classification. 

The study phase corresponds to the extraction of 

characteristic attributes from the image; it consists, for a 

given class, to concatenate all the regions included in the 

study zones and study the repartition of their vectors 

associated in the space state. 

The classification phase corresponds to use the 

precedent extracted attributes to obtain the initial 

objective. The classifier receives at the input the 

parameters calculated in an observation window and 

furnishes, at the output, an indication of the texture class 

[32].  

In the texture analysis by the Gabor filter method, we 

can use either the output values of the filter directly or the 

local statistics [33][34]. In this work, we have adopted the 

supervised classification based on the minimization of the 

mean square error (MSE) between the local statistics 

calculated in the observation window and the textural 

signature using equation 19: 

       244
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With: 

43214321 ,,,,,,, iiiiiiii VVVVEEEE  are the signatures of the 

texture Ti considered as the energy value in L1 norm for 

the four filtered images. 

4321 ,,, iiii eeee  are the local energies (that are function of 

the scanning window) calculated using equation 16 and 

4321 ,,, iiii vvvv  are the local signatures of the texture Ti in 

L1 norm calculated using equation 17 obtained from the 

four filtered images. 

 
Fig.25. Our developed classification method 

 

The textural characteristic vector (or textural signature) 

which gives the minimum distance will attribute to the 

window the associated class. The procedure consists to 

determine, in the first step, the characteristic parameters of 

the textural windows extracted from the images resulted 

from the decomposition of the original image in different 

frequential channels. In the second step, we scan the 

decomposed images using the sampling window (for 

which the size is (k x k)) and we determinate the local 

characteristic vectors which will allow us to calculate the 

MSE. The textural signature that gives the minimal 

distance will attribute to the window the associated class. 

The figure 25 describes our method. 

1) Evaluation criterion of classification 
The classification results are evaluated in terms of 

identification rate  Tid  of textural windows based on the 

labels image defined by equation 20: 
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With: 

c is the number of the considered class;  

Is the label of the pixel s;  

 TTiIp ss  /  and  iITTp ss  /  are the conditional 

probabilities where s designs the pixel, I designs the class 

and T designs the texture.  

In the other terms, the  Tid  is determined by the 

relative frequencies of the different class in the textural 

window k from the classified image. 

2) Classification results 
From the table containing the Gabor filter parameters 

which give the best filtering results of radar image textures 

(Table I), we have generated the corresponding filtered 

images. The classification algorithm is applied on the 

filtered images. We have elaborated many filter banks 

(each bank has four filters and all combinations of 

frequencies have been operated). The goal of these filter 

banks is to find the filter bank able to give the best results. 

The evaluation of the classification results has been 

operated in terms of identification rate. The textures have 

been classified using the different textural signatures 

elaborated. Different window sizes have been tested (3x3, 

5x5, 7x7, and 9x9).  

The best texture identification results of radar image 

have been obtained by a textural characterization using a 

filter bank with the parameters θ = 0, σ = 0.5, f0 ={0.09, 

0.09, 0.01, 0.09} and with a analysis window size 3x3 and 

for the scanning windows size 3x3, 5x5, 7x7 and 9x9. The 

very best results have been obtained for a scanning 

window size 9x9. 

Table III: Identification rate of radar textures in per cent 

(%), Θ = 0, f0 ={0.09, 0.09, 0.01, 0.09}, Analysis window 

is 3x3, Scanning window is 3x3. 

 Class 1 Class 2 Class 3 Class 4 

T1 60,27 1,38 20,47 17,88 

T2 2,72 76,96 0 20,32 

T3 6,44 0 93,56 0 

T4 12,13 13,16 0 74,71 

 



 

 

 

Copyright © 2014 IJECCE, All right reserved 

193 

International Journal of Electronics Communication and Computer Engineering 

Volume 5, Issue 1, ISSN (Online): 2249–071X, ISSN (Print): 2278–4209 
 

Table IV: Identification rate of radar textures in per cent 

(%), Θ = 0, f0 ={0.09, 0.09, 0.01, 0.09}, Analysis window 

is 3x3, Scanning window is 5x5. 

 Class 1 Class 2 Class 3 Class 4 

T1 90,67 0 5,02 4,32 

T2 0 85,63 0 14,37 

T3 1,05 0 98,95 0 

T4 3,15 8,55 0 88,31 

 

Table V: Identification rate of radar textures in per cent 

(%), Θ = 0, f0 ={0.09, 0.09, 0.01, 0.09}, Analysis window 

is 3x3, Scanning window is 7x7. 

 Class 1 Class 2 Class 3 Class 4 

T1 98,31 0 0,63 1,06 

T2 0 93,42 0 6,58 

T3 0,45 0 99,55 0 

T4 0,18 3,17 0 96,65 

 

Table VI: Identification rate of radar textures in per cent 

(%), Θ = 0, f0 ={0.09, 0.09, 0.01, 0.09}, Analysis window 

is 3x3 Scanning window is 9x9. 

 Class 1 Class 2 Class 3 Class 4 

T1 99,69 0 0 0,31 

T2 0 98,62 0 1,38 

T3 0 0 100 0 

T4 0 0,42 0 99,58 

 

These classification results show that the radar image 

textures are identified with an identification rate more than 

98% (see table VI). It may be explained by the fact that, 

the zone of the classified image, supposed to be 

represented by the texture T1 «olive tree», contains a great 

number of pixels belonging to class 1 label and a little 

number of pixels represented by the class 4 «sparse 

vegetation»; these are the waited results. The textures T2 

«builds» and T4 «sparse vegetation » are essentially 

represented by their class and also other class but with a 

little contribution. The texture T3 « bare ground» is 

perfectly identified because its identification rate is 100%; 

we can say that T3 is 100% represented by the class the 

class 3.  

Then, the average rate of a good classification rate for 

the four textures reaches 99.47% (see table VII). This is 

the demonstration of our classification method based on 

Gabor filter banks. 

Table VII. Average classification rate of radar textures in 

per cent (%), Θ = 0, f0 ={0.09, 0.09, 0.01, 0.09}, Analysis 

window is 3x3, Scanning window is 9x9. 

T1 T2 T3 T4 Average Ratio (%) 

99,69 98,62 100 99,58 99,47 

 

The classified image shows the best identification rate 

and is presented in figure 26. 

3) Comparison with Generalized Gaussian model 
To prove the advantage of the classification based on 

Gabor filter bank developed in this work, we have 

compared the obtained results to those obtained using 

Generalized Gaussian model (GGM) [35][36] (based on 

wavelet transform) because the wavelet transform has 

been used in classification process in the literature 

[37][38][39]. According to [31], once the image is 

decomposed by wavelet transform and taking account of 

all the decomposition possibilities, a GGM has been 

elaborated on the different distributions of local variances 

of subband energies. The modeling of the local variances 

of subband energies (in terms of occurrence probability) 

has been operated using an interpolation of successive 

occurrences probabilities as shown by the figure 27.  

 
Fig.26. Radar image classified by the Gabor filter bank 

with θ = 0°, σ = 0.5, scanning window is 9x9 and f0 

={0.09, 0.09, 0.01, 0.09} 

 

 
Fig.27. Procedure of the determination of Generalized 

Gaussian parameters [32]. 
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The procedure of the GGM has been applied on the 

distributions of the local variances of the energies relative 

to textural zones of radar image (after the wavelet 

transform) taking account of the different wavelet 

decomposition levels. Then, the textural signatures (m1, 

m2) have been determined for the scanning window with 

the size 5x5, 7x7, 9x9 and 11x11. The images are 

classified using the mean square error defined by equation 

19 between the local statistics calculated in the scanning 

window 5x5, 7x7, 9x9, 11x11 and the textural signatures. 

The classification results are also evaluated in terms of 

textures identification rate using equation 20.  

The best texture identification rate have been obtained 

for two wavelet decomposition levels and the scanning 

window 11x11. Then, the analysis by GGM, from the best 

classification results obtained, shows that the textures of 

this image have an identification rate more than 90% and 

less than 95%. The average rate of the good identification 

of the four textures is 94.69 %. Figure 28 shows the 

classified image by Generalized Gaussian Model. 

Table VIII: Identification rate of radar textures in per cent 

(%) using GGM 

 Class 1 Class 2 Class 3 Class 4 

T1 94.4 5.6 0 0 

T2 3.7 90.4 0 5.9 

T3 0 0 100 0 

T4 0 3.35 2.7 93.95 

 

 
Fig.28. Radar image classified by Generalized Gaussian 

Model 

 

The figure 29 presents the comparison of the 

identification rate of texture radar image by the Gabor 

filter bank and the GGM. We can conclude, from the 

figure 29 that the classification method based on Gabor 

filter bank developed in this work gives the best results 

than the classification based on GMM.  

 

 
Fig.29. Comparison of identification rate of radar texture 

image by Gabor filter bank and Generalized Gaussian 

modeling 
 

VI. CONCLUSION AND PERSPECTIVES 
 

In this work, we have distinguished three fundamental 

aspects of the image research by contents: description, 

extraction and classification.  

We have, in the first part, presented a texture 

characterization method based on Gabor filters and we 

have tested this frequential approach by the analysis of 

different texture types from de Brodatz data base. The 

results are interesting.  

In the second part, the analysis of the textures of radar 

image allows us to generate the textural characteristics and 

to elaborate the filter banks for each texture. Textural 

signature vectors have been determined by the developed 

method. So, for each filter bank of a given texture, the 

characteristic vector is formed by two indexes: energy 

index designed by E and L1 norm. 

The evaluation of the textural characterization has been 

operated by the supervised classification of radar image 

using mean square error between the signature vectors and 

the local characteristic vectors determined in the scanning 

windows. The classification results have been evaluated in 

terms of identification rate of the textures on the classified 

image.  

The decomposition by the Gabor filters allows us to 

obtain the filtered images corresponding to each textural 

filter bank. Then, we have determined the optimal filter 

bank able to give the filtered images necessary for the 

determination of the textural characteristic vectors. These 

vectors have been used to classify the radar image and to 

evaluate the classification contribution in terms of textural 

identification. With this optimal filter bank, we have 

obtained the identification rate greater than 99%.  

By comparing the classification results obtained by the 

Gabor filter bank that we have developed and the 

classification obtained by GGM, we have shown that our 

method based on Gabor filter bank give the best scores. 

The classification based on Gabor filter bank may be 

considered as a powerful and robust tool. 

In the perspectives of this work, we think that it is 

possible to study the behavior of our method by using 

other attributes different to energy used in our method. A 

deepened analysis of textures may be developed by using 

the association of Gabor filter bank and the pyramidal 

representations.  
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