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ABSTRACT

RISAT-II or Radar Imaging satellite - II is a microwave-imaging satellite lunched by ISRO to take images of the earth during day 
and night as well as all weather condition. This satellite enhances the ISRO’s capability for disaster management application together 
with forestry, agricultural, urban and oceanographic applications. The conventional pixel based classification technique cannot 
classify these type of images since it do not take into account the texture information of the image. This paper presents a method to 
classify the high-resolution RISAT-II microwave images based on texture analysis. It suppress the speckle noise from the microwave 
image before analysis the texture of the image since speckle is essentially a form of noise, which degrades the quality of an image; 
make interpretation (visual or digital) more difficult. A local adaptive median filter is developed that uses local statistics to detect the 
speckle noise of microwave image and to replace it with a local median value. Local Binary Pattern (LBP) operator is proposed to 
measure the texture around each pixel of the speckle suppressed microwave image. It considers a series of circles (2D) centered on 
the pixel with incremental radius values and the intersected pixels on the perimeter of the circles of radius r (where r = 1, 3 and 5) are 
used for measuring the LBP of the center pixel. The significance of LBP is that it measure the texture around each pixel of the image 
and computationally simple. ISODATA method is used to cluster the transformed LBP image. The proposed method adequately 
classifies RISAT-II X band microwave images without human intervention.

1.0 INTRODUCTION

Optical remote sensing technology is used for mapping the 
earth surface. But it cannot map the earth surface in all weather 
conditions since optical bands cannot penetrate clouds, smog 
and haze. Microwave remote sensing technology is used as an 
alternative technology for mapping the earth surface features 
especially when optical data is not available (Oliver et al., 
1998). But interpretation of microwave images is very difficult 
due to the presence of texture in these images. Classical 
methods namely K-Means (Hartigan et al. 1979), Fuzzy C 
Means (Bezdek et al. 1984) and methods of Minimum Distance 
(Richards, 1995) are not adapted because they fail to take into 
account the fact that a texture can be represented as a mix of 
smooth regions and very sharp transitions. The issue of texture 
based image classification is an old and difficult problem, 
which is still a field of a lot of research.

Relevant studies on Texture Classification: GLCM (Gray Level 
Co-occurrence matrix) algorithm (Tsai et al. 2006; Clausi et al. 
2004; Tsai et al. 2005; Haralick et al. 1973) quantifies the 
texture by measuring the spatial frequency of co-occurrence of 
pixel gray levels in a user defined moving kernel (window). 
Since the size of a GLCM matrix depends on the data range of 
pixel gray values, images of large numbers of data bits may 
result in large matrix sizes during GLCM operation and require 
a large amount of memory and CPU cycles to handle the 
computation. The reductions of GLCM matrix sizes by 
rescaling the image gray  levels to  a  lower  data bit  number

reduce the classification accuracy. Another important factor 
that may cause substantial impact to GLCM processing is the 
kernel size. Moreover, the method is not able to properly 
identify the boundary region between the textures.

Markov random field (MRF) model (Szira’yi et al. 2000; Clausi 
et al. 2004; Chellappa et al. 1985; Solberg et al. 1996; Chen et 
al. 1998) assumes that the intensity at each pixel in the image 
depends on the intensities of the neighboring pixels. The 
method segment the image based on the local calculations of 
probability and potential functions. The draw back of the 
method is that, it cannot properly handle the data from classes 
not present in the training set, erodes the quality of the 
segmentation in the boundary region and needs huge amount of 
computing power.

Some more techniques like the gamma, Weibull, and K 
distributions have been used to classify microwave images 
(Bernad et al. 2009; Dong et al. 2001; Tison et al. 2004; Petrou 
et al. 2002). These mathematical models have done well in 
characterizing low-resolution microwave images. But most of 
them failed to classify high-resolution microwave images due 
to presence of complex structure of textures in such type of 
images. RISAT II is capable of high-resolution microwave 
imaging of 1m, 3m, 1.8m and 8m.  Therefore classification of 
this type of high-resolution microwave images without much 
human intervention is required to be developed.
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1.1 Local Binary Pattern (LBP)

In last two decades Local Binary Pattern has been used for 
texture analysis of images including remote sensing images 
[Ojala et al. 1996; Ojala et al. 2002; Lucieer et al. 2005]. The 
central concept of LBP is that it measures the gray-scale 
invariant texture of the image. It is derived from the analysis of 
a 3 x 3 local neighborhood over a central pixel. The LBP is 
based on a binary code describing the local texture pattern. This 
code is built by thresholding a local neighborhood by the grey 
value of its center. The eight neighbors are labeled using a 
binary code {0,1} obtained by comparing their values to the 
central pixel value. If the tested grey value is below the grey 
value of the central pixel, then it is labeled 0, otherwise it is 
assigned the value 1. The obtained value is then multiplied by 
the weights given to the corresponding pixels. The weight is 
given by the value 2i+1. Summing the obtained values gives the 
measure of the LBP.  The microwave images contain texture 
and non-texture region. Advantages of using LBP on 
microwave images are that (i) it can be used as a tool to 
measure the spatial pattern around each pixel of the image and 
(ii) it does not require any prior information about the pixel 
intensity, (iii) LBP technique theoretically and computationally 
is simple. This work attempts to describe the textures of 
microwave images using LBP.

1.2 Objective

The aim of this study is to develop a method to classify high 
resolution microwave images. To achieve this aim (i) local 
adaptive median filter is developed to replace the speckle noise
of microwave images with a local median value, (ii) LBP is 
used as a tool to measure the texture around each pixel of the 
speckle suppressed image and (iii) ISODATA clustering 
technique is used to cluster the transformed LBP image.

1.3 Outline of the Proposed Work

A median filter is developed to suppress the speckle noise from 
microwave image. A new method is proposed to compute the 
LBP of pixels in the image. This LBP analysis is used to 
measure the texture around each pixel of the noise suppressed 
image. To show the robustness of the proposed LBP analysis 
the ISODATA is applied separately on the transformed images 
obtained from Lucieer et al’s  LBP analysis as well as images 
obtained from the proposed LBP analysis and compared the 
results. From the results, it is found that the “Lucieer et al’s  
LBP analysis and ISODATA” under segment the images where 
as “proposed LBP analysis and ISODATA” segment classes 
distinctly. The proposed method is proved to be effective to 
classify RISAT-II microwave images.

The paper is organized as follows. Section 2.0 discusses about 
methodology and consists of three sub-sections. Sub-section 2.1 
discusses the methods used for speckle suppression. Sub-
section 2.2 discusses the methods used for Image 
Transformation. Sub-section 2.3 discusses about the clustering 
of transformed image. Comparison of the result of  “Lucieer et 
al’s LBP analysis and ISODATA” and “Proposed LBP analysis 

and ISODATA” is discussed in Section 2.4.   The final 
conclusions are drawn in Section 3.0.

2.0 METHODS

Methodology adapted to classify the microwave images has 
three main steps: (i) suppression of speckle noise, (ii) 
transformation and (iii) clustering. In the first step speckle is 
identified from microwave image by using local statistics and 
replaced it with a local median value. In the second step each 
pixel of the image is transformed into degree of texture based 
on the spatial pattern of the neighborhood. In the third step, 
ISODATA clustering technique is used to cluster the 
transformed image.

2.1 Speckle Suppression

A local adaptive median filter is developed to suppress the 
speckle noise from microwave image. It is two step procedures: 
(i) in the first step speckle is identified from microwave image 
and (ii) identified speckle is suppressed in the second step.  The 
central pixel value that is not falling in between the range of 
lower bound (LB) and upper bound (UB) value is considered as 
a speckle. LB and UB are represented here as ( - ) and   ( + 
) respectively, where   and  stand for  mean and standard 
deviation of the pixel values falling in the  local window 
respectively. The pixel value of the central pixel position of the 
local window that is not falling in between LB and UB replaced 
by the median (M) of the pixel values of local window.  

 2.2 Transformation

Transformation is carried out on the speckle-suppressed image. 
The LBP is used as a tool to transform the image. Intersected 
pixels by the perimeter of the circles are used for computing the 
LBP. The proposed method uses a series of circles (2D) 
centered on the pixel with incremental radius values. Measures 
rotation invariant texture for each circularly symmetric 
neighborhood. Finally all measure together becomes LBP value 
of the center pixel of the kernel. The significance of uses of a 
series of circles is that (i) the circular neighborhoods enable a 
definition of a rotation invariant texture and (ii) multiple circles 
facilitate to consider more number of pixels than a circle to 
compute the degree of texture of the neighbor of the center 
pixel of the kernel.  Detail procedure to compute the degree of 
texture of the neighborhood of the pixel is given bellow:

Initially for each pixel a series of three values of radius r (where 
r = 1, 3 and 5) are considered as shown in figure 1 for 
measuring the degree of texture around the pixel. 

The grey values { f0, f1, …………., fP1-1 }, { g0, g1, …………., 
gP2-1 } and { h0, h1, …………., hP5-1 } of intersected pixels on 
the perimeter of the circle of radius r =1, r =3 and r =5 
respectively are used for measuring the same. Here, P1 (P1 > 1),  
P2 (P2 > 1)  and P3 (P3 > 1) are the total number of intersected 
pixels on the perimeter of the circle of radius r =1, r =3 and r =5 
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Figure 2a-c: 

(a)  RISAT-II image of agriculture, built-up area and water bodies,
(b) Output image obtained by applying “Lucieer et al’s  LBP analysis and ISODATA” on (a),
(c) Output image obtained by applying “proposed LBP and ISODATA” on (a).

Figure 1:  Circles of increasing r = 1, 3 and 5 radius for measuring degree of texture around each pixel of the image.
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respectively. With the center pixel as the threshold, its 
neighbors (i.e. intersected pixels) are labeled as 1 (where digital 
number of the neighborhood is larger than that of the center) or 
0 (where digital number of the neighborhood is smaller than 
that of the center). Consequently the number of 1 to 0 or 0 to 1 
transition ξ r=1, ξ r=3  and ξ r=5  for the circle of radius r=1 , r =3  
and r = 5 are computed respectively as follows:

        
                P1

ξ r =1   =     ∑    |s(fi − fc)  - s(fi -1− fc)|            (1)
                i=1
      

 P3

ξ r =3   =     ∑    |s(gj − gc)  - s(gj -1− gc)|             (2)
                j=1

                 P5

ξ r =5   =     ∑    |s(hk − gc)  - s(hk -1− hc)|             (3)
                k=1

Where,
P1 is the intersected pixels on the perimeter of the circle of 
radius r =1,
P3 is the intersected pixels on the perimeter of the circle of 
radius r =3, 
P5 is the intersected pixels on the perimeter of the circle of 
radius r =5.
fc ,gc, hc is the grey values of  the center pixel (pc) and fc =gc= hc

and
            1,  x ≥  0

s(x) =  {                                                                             (4)
            0,  x < 0  

Finally the total transition ξTot is calculated as follows:
                                                            
   ξTot  = Σ ξ r , r = 1,3,5                                                      (5)
              
Transition ξTot is considered as the LBP value of the center 
pixel. The above arrangement is moved over the whole image 
until all pixels considered. As a result the original image ‘I’ is 
transformed into degree of texture on the basis of its neighbor. 
The transformed image is represented here as ILBP.  The 
presented method for selecting the texture feature value using 1 
to 0 or 0 to 1 transitions retains the rotation invariance of the 
texture measurement system, since, the number of transitions 
do not change if the texture is rotated.

2.3 Clustering

The Interactive Self-Organizing Data Analysis Technique 
(ISODATA) method (Jain et al. 1999; Kohei et al. 2007) is 

used to cluster transformed image. It includes three key steps. 
First, assign some arbitrary clustering centers in the image. 
Next, classify each pixel to the nearest cluster. Last, calculate 
all the new cluster centers on the basis of every pixel in one 
cluster set. Step 2 and step 3 are iterative and they stop until the 
change between two iterations is fine or little. During each 
iteration the ISODATA clustering algorithm may have 
refinement by splitting or merging clusters.  Clusters are 
merged if either the number of members (pixel) in a cluster is 
less than a certain threshold or if the centers of two clusters are 
closer than a certain threshold. Clusters are split into two 
different clusters if the cluster standard deviation exceeds a 
predefined value and the number of members (pixels) is twice 
the threshold for the minimum number of members. ISODATA 
clustering algorithm has many benefits such as less computing, 
fast computing speed and simplicity as well as un-supervising. 

2.4 Results and Discussion

“Lucieer et al’s  LBP analysis and ISODATA” and “Proposed 
LBP analysis and ISODATA” have been applied on a 3m 
spatial resolution RISAT-II X band microwave image (shown 
in Figure 2a )  of (i) vegetation, (ii) built-up area, and (iii) water 
bodies. Texture is visible in the images. The results of 
“Proposed LBP analysis and ISODATA” method is then 
compared with the results obtained from the analysis based on 
“Lucieer et al’s  LBP analysis and ISODATA”   respectively.

The  “Lucieer et al’s  LBP analysis and ISODATA” and 
“Proposed LBP analysis and ISODATA” methods are applied 
on  a RISAT-II X-band microwave image are shown in Figure 
2b and 2c. In the output images i.e. in Figure 2b and 2c green, 
blue and brown colors represents agriculture, water bodies and 
built-up area respectively.  From the results, it clearly appears 
that the “Lucieer et al’s  LBP analysis and ISODATA”  method
gives heterogeneous segments.   While “ Proposed LBP 
analysis and ISODATA” method gives more homogeneous 
segments with distinct classes than “Lucieer et al’s  LBP 
analysis and ISODATA” method. 

Using the ground truth data overlaid separately on the resultant 
outputs obtained from “Lucieer et al’s  LBP analysis and 
ISODATA” and “Proposed LBP analysis and ISODATA” 
methods, the area statistics of the classification rates for each 
approach is shown in Table 1. The numerical results shows that 
the success rate for recognizing agriculture, built-up area and 
Water bodies are (48.48, 12.23, 58.36) by  “Lucieer et al’s  
LBP analysis and ISODATA” whereas (82.55, 73.65 and 
86.20) by the “Proposed LBP analysis and ISODATA” 
approach.
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Table 1: The comparative success rate for classifying the features obtained by applying “Lucieer et 
al’s  LBP analysis and ISODATA” and “Proposed LBP analysis and ISODATA” separately on 
RISAT-II X-Band image. The   column of the Table represents the percentage (%) of area occupied 
by the features according to the classification results when there is a unique feature as per the ground 
truth.     

The experimented results with the input image (Figure 2a) 
shows that the “Lucieer et al’s  LBP analysis and ISODATA”  
technique under segment (i) agriculture area mixed with built-
up area,  (ii) water bodies mixed with the agriculture shown in 
Figure 2b.  This discrepancy decreases the success rate of 
recognizing agriculture, built-up area and water bodies as 
shown in Table 1. The “Proposed LBP analysis and 
ISODATA” mostly overcome these discrepancies. It is found 
that the superposition of agriculture, water bodies, and built-up 
area becomes less as shown in Figure 2c. Moreover the 
decreased discrepancies increase the success rate in recognizing 
agriculture, water bodies and built-up area (shown in Table 1).   

2.4.1  Comparison between Lucieer et al’s  [2005] 
classification technique and proposed technique 

-  Lucieer  et al’s employ a circle of fixed radius ‘c’ from the 
center pixel position of the kernel and  intersected pixels on the 
perimeter of that circle are only considered for measuring the 
texture around that pixel. As a result most of the pixels of the 
kernel are not used for measuring the texture. The proposed 
method uses a series of circles (2D) centered on the pixel with 
incremental radius values. The intersected pixels on the 
perimeter of the circles of radius r (where r = 1, 3 and 5) are 
considered for measuring the texture around that pixel. As a 
result it uses more number of pixels of the kernel for measuring 
the texture around each pixel of the image.  

- Lucieer  et al’s used supervised (fuzzy c-means) classification 
technique where as the proposed technique  an un-supervised 
(ISODATA) classification technique.

-   The experimental results with the input image (Figure 2a) 
shows that the use of  “Lucieer  et al’s”  technique can 
superpose regions namely built-up area and agriculture as 
shown in Figure 2b. The proposed   technique mostly 
overcomes these discrepancies as shown in Figure 2c.

3.0 CONCLUSIONS

In this paper LAM (Local Adaptive Median) filter is developed 
to suppress the speckle noise from RISAT-II image. LBP is 
used as a tool to compute the degree of texture around each 
pixel in the microwave image. This computed texture measure 
around each pixel in the image is used farther to classify the 
microwave image.  From the results of the experiments it is 
found that the proposed method adequately clusters complex 
images containing texture region as well as non-texture region. 
Moreover it can be considered as an intuitively appealing, 
unsupervised (no need for a predefinition of the number of 
clusters) and fast clustering algorithm. As a result the method is 
potentially useful to classify RISAT-II microwave images 
efficiently and accurately. 
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