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Abstract 

 

The objective of the paper is to classify the objects occurring in SAR Images as Natural or Manmade using Kernel based 

Support vector machines method. The non linear image data is mapped into piecewise linear data using a kernel 

function. Support vector machine uses training images to train a classifier and this classifier is tested on the test images. 

Training Images are classified into positive for natural images and negative for manmade objects. Test Images are the 

SAR regions under consideration. SVM method with Radial Basis kernel (RBF) function is used to categorize the regions 

of a SAR Image. The parameters that measure the performance of using this method are False Alarm(FA) and Target 

Miss(TM).They indicate the percentage of incorrectly detected objects. Simulation results based on Matlab proves the 

efficiency for manmade classification for different sets of SAR Images. 

 

Keywords: Support vector machines; RBF Kernel; Image Classifier 

 

 

1. Introduction 
 

1
 Synthetic aperture radars (SAR) are becoming 

increasingly popular in remote sensing applications. The 

significant properties of SAR are   

 Sensitivity of back scattering coefficient to target 

geometry. 

 Measures are independent of atmospheric conditions 

and solar illumination 

In this paper, we focus on the classification of manmade 

and natural objects based on their geometrical properties. 

The technique applied here is Support vector machine 

(SVM).  

 Automatic target recognition (ATR) systems 

incorporate SAR sensors for a wide variety of applications 

in the Military and defense sector. The goal of these 

machines is to detect and classify military targets using 

various signal processing techniques. In surveillance and 

military applications of SAR, Buildings and vehicles are 

the most important man-made structures, which need to be 

detected. Some of the previous work on detection of 

buildings is given at (H.Mayer,1999;C.Lin et al,1998; S. 

Krishnamachari et al,1996; Q.Iqbal et al,1999;B.Bradshaw 

et al,2001) on normal images. Large number of these 

techniques uses aerial images for building detection by 

generating a hypothesis on the presence of surface on 

building roof top image (H.Mayer, 1999). 

   The first step is detecting low-level image 

characteristics such as edges and regions. Image 

segmentation is a primary step in doing so. One of the 

methods is using Graph cut Image segmentation described 
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in (Mohammed Ben Saleh,2011; J.shi et al,2000 ) of any 

SAR related image in (I.B.Ayed et al,2005) which uses the 

principle of convergence of energy to a local minimum 

(Y.Boykov et al,2001) to classify regions(A.Jain et 

al,2000)In next step either geometric feature based 

hypothesis (C.Lin et al,1998), or a statistical models such 

as Markov Random Field (MRF) (S.Krishnamachari et 

al,1996) is applied. In (S.Sarkar et al, 2000) a technique 

was proposed to use graph spectral partitioning for 

detection.      
 The work at (A.Olivia et al, 2001; A.Vailaya et al, 

1998) establishes method to classify the whole image as a 

landscape or an urban scene. Oliva and Torralba (A.Olivia 

et al, 2001) obtain a low dimensional holistic 

representation of the scene using principal components of 

the power spectra. The power spectra based features to be 

noisy for SAR images, which contain a mixture of both the 

landscape and man-made regions within the same image. 
 One popular approach towards target classification is 
to a SAR’s target image’s amplitude values to generate 
image features. These image features can be used with 
common classifiers like nearest neighbor or neural 
networks. Principle component analysis (PCA) and 
independent component analysis (ICA) are popular 
features extraction approaches for target classification 
(Lee.k et al,2008;P.Felzenszwalb et al,2004;Yang.Y.Allen 
et al,2008)   
 The work at (A.Vailaya et al,1998) uses the edge 
coherence histograms over the whole image for the scene 
classification, using edge pixels at different orientations. 
Olmos and Trucco (A.Olmos et al,2002) proposed a 
system to detect the presence of man-made objects in 
underwater images using properties of the contours. The 
techniques discussed in (X.Feng et al,2002;S.Konishi et 



Deepthi P. Jordhana et al                                                                      SAR Imagery Classification using Kernel based Support vector machines 

 

4021 |International Journal of Current Engineering and Technology, Vol.4, No.6 (Dec 2014) 

 

al,2000) perform classification in outdoor images using 
color and texture features, with different classification 
schemes. These papers report poor performance on the 
classes containing man-made structures since color and 
texture features are not very informative for these classes 
(A.Vailaya et al,1998). However for SAR images these 
techniques cannot be applied. These techniques classify 
the whole image in a certain class assuming the image to 
be mainly containing either man-made or natural objects, 
which is not true for many real-world images. In case of 
SAR created images, the images are taken over wide area 
containing mixed real world and man-made objects.  
 In this paper, we propose to detect man-made 

structures in 2D images, formed by SAR. The proposed 

method uses Support vector machines method for 

classification. The section 2 illustrates introduction to 

Support vector machine. The section 3 explains the 

various kernel mapping functions and SVM algorithm 

simulated on the SAR images. The section 4 has 

algorithm, simulation results and applications. 

 

2. Support Vector Machine 
 

Synthetic Aperture Radars (SAR) are often employed in 

Remote sensing areas because they offer better 

performances than Optical or Infrared applications. A 

SAR Image is shown in Fig.1.Support vector machines are 

applied to the problem of classification of remote sensing 

images where it overcomes the limitations of Fuzzy theory 

and Neural networks.  

 The support vector machine is actually a training 

algorithm for learning and classification. It can be used to 

learn Polynomial, Radial basis function (RBF) and Multi 

Layer Perceptron (MLP) algorithms. The underlying 

concept of SVM is Statistical Learning theory shown in 

Fig.2 whose goal is to model a hypothesis space which is 

compared with the target space. Approximation and 

Estimation error are found and the objective is to find the 

function that minimizes the risk. 

 

 
 

Fig.1 An SAR created image 
 

The two most important elements to consider while 

implementing SVM are mathematical programming A. and 

kernel functions. These parameters are found by solving a 

quadratic problem. Generally SVM’s are used for a two-

class classification with classes being positive P and 

negative N with labels +1 and -1.However it can also be 

extended to k class classification. SVM therefore searches 

for a hyperplane with good statistical properties 

equidistant from the two classes. 

2.1 Maximal Margin Hyperplanes (Linearly spaced data) 

 
If the training data are linearly separable then there exists a 
pair (w,b) such that  

                              (1) 

                                                                     (2) 

With the decision rule given by  

    ( )       ( 
    )                                               (3) 

w is weight vector and b is the bias .The inequality 
constraints (1) and (2) can be combined to give 

  (  
       )                                                 (4) 

The pair(w,b) can be rescaled such that 

             
                                                       (5) 

SVM always searches for the simplest solution to classify 
data correctly. The learning problem can thus be 

reformulated as: minimize            .This is 
equivalent to maximizing the margin i.e., distances 
between the 2 planes. The optimization is now a quadratic 
problem 

Minimize  ( )  
 

 
 |   |

 
 

  (  
       )                

This problem has a global optimum; thus the problem of 
many local optima is avoided. 

                 
 

                 Fig.2 Statistical Learning Theory 

 

2.2 kernel induced feature spaces 

 

A linear classifier may not be always suitable for being the 

most suitable  hypothesis for the two classes.SVM can be 

used to learning non linear decision functions by first 

mapping the data into higher dimensional space and 

constructing a separate hyperplane there shown in Fig.3. 

 

Mapping to feature space 

 
X  H 

x    ( ) 
 

The decision function is given by               

f(x) = sign( ( )     +   )                                              (6)   

sign(∑        ( )
   (  )   

 
     ) 

      

The kernel function is given by 

K(x,z)   ( )  ( )                                          (7) 
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The kernel function allows us to construct a hyperplane in 

the feature space H without actually having to perform any 

calculations in the space.Instead of calculating the inner 

products,the value K is directly computed.The Polynomial 

kernel 

 K(x,z) = (     )  which corresponds to a map   

into the space spanned by products of up to d dimensions 

of    .The decision function then becomes 

 

f(x) = sgn(∑    
 
       (    )    

 )                            (8) 

where the bias is given by 

        ∑   
 
       (     )                                      (9) 

for any support vector   . 

The kernel function should therefore be easy to 

compute,well-defined and span a rich hypothesis 

space.Most commonly used kernels in this aspect are 

Gaussian RBF, two layer MLP or polynomial 

classifier.Mercer’s theorem which states that any positive 

kernel is an inner product in feature space makes this  

possible. 

    The ‘kernel trick’ gives the SVM great flexibility to 

perform.With suitable parameters ,it can separate any 

consistent data.Usually this flexibility causes a learner to 

overfit the data. Overfitting is usually the main problems 

of data mining in general. SVM overcomes this issue by 

using regularization where the data is separated by a large 

margin.The space of classifiers that separate the data over 

a large margin has much lower capacity. 
 

 

Fig.3 Optimal Separating Hyperplane 

     

3. SVM Algorithm and kernel functions 

 

This section elaborates on the algorithm of Support vector 

machines that is applied on the images under consideration 

to classify whether or not it is natural or manmade. 

 

3.1 Data Preparation 

 

The data to be prepared is first separated in two distinct 

categories as Training Images and test images.  

 Training Images are categorized into positive images 

and negative Images. Positive Images are labeled as +1 

and negative as -1. 

 The feature vectors are found for Training Images first. 

The feature vectors consist of SIFT features computed on 

a regular grid across the image. The frequency of each 

visual word is then recorded in a histogram for each tile of 

a spatial tiling as shown in Fig.4. The final feature vector 

for the image is a concatenation of these histograms. 

 

                              Fig.4 Spatial tiling 

 

3.2 Training a classifier 

 

The natural images are all used as positives and the 

manmade objects are used as negatives. The classifier is a 

Linear Support vector machine (SVM) .The classifier can 

be tested by ranking all the training images qualitatively. 

 

3.3 Classify the test images 

 

The learnt classifier can now be applied on the test images. 

The retrieval performance can be quantitatively measured 

by computing a precision and recall curve. 

 Precision 

It is the proportion of returned images that are positive. 

 Recall 

It is the proportion of returned images that are returned. 

The Precision-Recall curve shown in Fig.5 is computed by 
varying the threshold on the classifier (from high to low) 
and plotting  the values of precision against recall for each 
threshold value. In order to assess the retrieval performance 
by a single number (rather than a curve), the Average 
Precision (AP, the area under the curve) is often computed. 

 

Fig.5 Precision Recall curve 

4. Kernel functions in Machine Learning Approach 

 
The basic idea of kernel methods is to (φ) transform the 
input data points (black dots) in to a high-dimensional 
feature space, where they can be described by a linear 
model (straight solid line).  

 
 

Fig.6 Input space to linear feature space mapped by kernel 
function 
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The linear model found in feature space corresponds to a 

non-linear model in the input space (curved solid line). 

The Fig. 6, has the basic illustration of mapping involved 

in kernel functions. 

 This section describes the low level image parameters 

and mapped kernel functions which are considered for the 

ML algorithm.  The edges, regions, statistical parameters 

are considered as input data set X. The output correct 

decision which is marked by operator is labeled as Y. 

Hence the training data set can be described as given in 

(10). 

 
(     ) (     )   (     )                                         (10) 

 

The kernel functions considered here are first order and 

second order partial derivatives in the x and y directions. If 

the P being the pixel set for an edge the first order 

derivative can map the linear edges to constants. Similarly 

the second order derivative can map the circular manmade 

objects to constants. Let Ф(x) be the mapping from the 

input data space to a higher dimensional feature/mapped 

space. The first step in algorithm divides the image 

domain into multiple regions and edges (X). Each region 

is characterized by one identifier, Further the region 

characteristics are mapped to kernel function which 

becomes input to optimization algorithm. 
 

   (          )   
φ

     (            ̂)         (11) 
 

            
φ

                                                    (12) 
 

The perceptron based classification problem for binary 

decision uses weight vectors given in (13) defined on 

feature space. 

 

 ̂   (            ̂)                                    (13) 

 

 ( )       ( ̂  ( ))                                         (14) 
 

Based on the sign the correctness of perceptron is used to 

update the weight vectors iteratively. The final selected 

hypothesis ‘g’ becomes the candidate for classifying on 

the unknown data set. 
 

   * +                             (15) 
                                                  

The Kernel function that is used here is Radial Basis 

function (RBF) kernel function which is a very popular 

kernel function used in Support vector machine 

classification (SVM) 
 

KF(x,y)=    (            )                                (16) 
 

          is taken to be squared Euclidean distance 

between the two feature vectors and   > 0 is called the 

width parameter 
 

 The value of kernel decreases with distance and 

ranges between zero and one, it is referred to as 

Similarity measure.  

 The RBF Kernel specifies an infinite dimension 

feature space where higher order dimensions decay 

faster than lower order dimensions. 

 It is comparatively faster. 

 It provides smoothness over the contours. 

 

The numerous type of prevalent functions include 

 

 Polynomial Kernel : KF(x,y) = (     )  

 

 Sigmoid kernel : KF(x,y) = tanh(c(x.y)+θ) 

    

5. Algorithm, Results and Applications 

 

This section presents the results and discusses the possible 

applications of the developed Support vector machine 

algorithm.  

 

5.1 Algorithm 

 

 In the first step, regions are detected using Graph cut 

Image Segmentation method and pixel groups are 

made corresponding to each region. 

 

 In the second step the pixel coordinates are substituted 

in kernel mapping functions and feature space values 

are computed. 

 

 To obtain region based classification, K means 

clustering algorithm is applied on the SAR Image to 

obtain clusters of the total image. 

 

 Next on each cluster, Graph cut Image Segmentation 

algorithm is applied with specific kernel mapping 

function (RBF) to estimate the local minima 

convergence points. 

 

 Contours are estimated over these points to finally 

obtain regions.  

 

 All the regions are saved as Test Images in a separate 

folder. 

 

 The Training Images are saved in one folder 

comprising of Natural as well as Manmade Images. 

 

 Natural Images are considered to be positive Images 

with a label +1. 

 

 Manmade Images are considered to be negative 

Images with label -1. 

 
 The classifier is trained using a kernel function using 

features extracted from the training Images. 

 
 The classifier is now tested using features from the 

test Images. 

 

 If the score is +1 for a test image it is considered to be 

natural else it is manmade. 

 
The Algorithm flow of SVM based object detection is 

shown in Fig.7. 
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Fig 7: Algorithm flow of Object Classification 

 

5.2 Simulation results 
 

The SVM algorithm with Graph cut Image Segmentation 

is implemented in MATLAB and simulation results of the 

same are discussed in this section. The Fig. 8 has the 

region detection output for a specific SAR image. 

 

  
            
      (a)             (b) 

 

Fig.8 (a) Input space (b) Processed image with regions 

 

The Natural Images consist of trees and terrains while the 

Manmade Images comprises of buildings as shown in 

Fig.9. The training Images are trained with a RBF kernel 

classifier .This classifier is tested on the test images that 

were saved in .jpg format as regions. 

        
 
        Fig.9 (a) Natural image (b) Manmade object 

Table 1   Experimental procedure parameters 

 

Algorithm declared 

result 

Actual scene on SAR image 

Manmade object Natural object 

Manmade object 
Correct 

Decision 
False Alarm 

Natural object Target Miss Correct Decision 

 

MATLAB based graphic user interface (GUI) is developed 

to allow interactive user training for this purpose. The Fig. 

10, has this GUI’s screen shot. Every iteration highlights 

the region of the image and the decision made by SVM 

algorithm. Operator declares the decision to be correct or 

incorrect. The statistics are displayed on the right. 
 

 

 
Fig.10 GUI for interactive SVM Algorithm 

The two parameters measured for every incorrect decision 
made are False alarm and Target miss. They are given by 
the below formulae: 

               
                              

           
               (17) 

 

               
                               

           
            (18) 

The table below displays significant improvement i.e. 

decreases in false alarm % and target miss % as the 

training data set size increases.   

 
Table 2 Improvement in SVM based object classification 

with larger data set 
 

Sl. No. 
Improvement analysis of ML algorithm 

Training data set size 
False 

alarm 

Target 

miss 

1 22 20% 19.57% 

2 94 8.51% 14.26% 

Ideal Target Function 

         X  Y 

Regions Extraction of         

SAR Image 

Training Images set 

(x1,y1) (x2,y2)..(xn,yn) 

    Test Images set 

 (X1,Y1) (X2,Y2)…(Xn,Yn) 

     Kernel Functions 

               Ф(x) 

   SVM 

   Natural or Manmade  

    Object classification 
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5.3 Applications 

Synthetic Aperture Radar imagery is the only imagery that 

can be acquired at any time of the day or night and during 

any adverse weather conditions. SAR products that are 

available are full resolution (25 m) and high resolution 

(240 m) images; Complex format raw SAR data that retain 

amplitude and phase information; geo coded images etc. 

     SAR’s ability to pass relatively unaffected through 

clouds, illuminate the earth’s surface with its own signals 

and measure the distance precisely make it useful for the 

applications like Lake and river ice monitoring, 

Cartography , surface deformation detection, Glacier 

monitoring , forest cover mapping , Urban planning and 

monitoring disasters such as forest fires , floods , volcanic 

eruptions and oil spills. 

 

Conclusions 

 

The Experiment is performed on a set of 15 SAR Images. 

Each Image is first segmented into regions via Graph cut 

Image Segmentation using Radial Basis kernel function. 

Support vector machine (SVM) is applied to classify each 

region to either Natural or Manmade Object. It has been 

observed that the more the no of regions, the better is the 

measure of False Alarm and Target miss. 
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