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Abstract. The aim of this image processing project is to create an automatic ship and oil spill detection system,  

based on SAR radar pictures. Any SAR picture is taken with a precise resolution. The study of this resolution and of the  

sea clutter associated enables us to understand the pixel repartition. We proceed to an efficient denoising method based  

on a wavelet filtering. Then we binarize the picture according to several methods relying on an estimation of the sea  

clutter, on an experimental table, and on the pixels’ intra-class variance and we compare the results. 

Introduction 

 Oil spills have become a critical issue for the environment protection. Airborne and satellite surveillance missions 

are carried out in order to detect events such as the apparition of oil spills. The stake is then to be able to detect them or 

even the ships which lead them. Detection on black-and-white SAR images is based on a previous denoising in order to 

correct the typical SAR noise, then on a binarization. The binarization algorithms decide whether a pixel is part of an oil 

spill, of the sea or even of a ship. The study of the sea clutter enables to understand the pixel repartition and to improve 

some detection algorithms that particularly fit to a resolution. The project was divided into a three step plan  

(Figure1). This report presents the project context, the development steps and the algorithm set up. This study partly leans 

on more detailed articles which are given at the end of the report. 

 

 

 

 

 

 

 
 

 

Figure 1: Steps of the image processing. 

 

 This 8
th

 semester project was carried out during five months from January to May 2013 by a team of six            

Telecommunications students from ENSEIRB-MATMECA. This project was also supervised by two teacher-researchers 

from the Laboratory of the Integration from Material to System (IMS): Mr. Berthoumieu Yannick and Mr. Zinck  

Guillaume. All members of the team chose to work on this very rewarding project since a fifth year of higher education in 

the field of signal processing was considered. MATLAB was used to develop the algorithms and the final aim was to create 

a program toolbox containing several possible approaches of ship and oil spill detection.  
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1 SAR Images 

 Environmental monitoring, earth-resource mapping, and military systems require broad-area imaging at high reso-

lutions. Many times the imagery has to be acquired in bad weather conditions as well as during night and day. Synthetic 

Aperture Radar (SAR) provides such a capability.  

1.1   ENVISAT 

 ENVISAT ("Environmental Satellite") was an operative ESA (European Space Agency) satellite, the most ad-

vanced environmental spacecraft ever built. The ENVISAT mission ended on 08 April 2012, following the unexpected loss 

of contact with the satellite. The satellite carried an array of ten instruments that gathered information about the Earth and 

provided guidance using a variety of measurement principles. One of those instruments was the ASAR -Advanced Synthet-

ic Aperture Radar-, a radar technique for airborne imaging.  

 

 This device uses heavy data processing and provides high-resolution 

images of the ground, both during the day and at night, with or without cloud 

cover. In general, the larger the radar antenna, the more gathered information. 

With more information, a better image can be created (improved resolution). 

But it is expensive to place very large radar antennas in space, so the space-

craft motion and advanced signal processing techniques are used to simulate a 

larger one. An ASAR antenna transmits radar pulses very rapidly. In fact, the 

SAR is generally able to transmit several hundred pulses while its parent 

spacecraft or satellite passes over a particular object (Figure 2). Many 

backscattered radar responses are therefore obtained for that object.  

 

 

 

 

 

 

 

 

 

 

Figure 2: Synthetic Aperture Radar. 
          

1.2 Resolutions 

The ENVISAT SAR images are acquired by different modes (each one giving a different resolution), providing a 

database of resolutions ranging from 30m to 150m. Creating a decent database was not an easy step; a contact had to be 

made with the ESA section that owns such images and provides only non-processed data. Fortunately a program to extract 

images from the provided files was available too on the ESA website. BEST -Basic ENVISAT SAR Toolbox- is a collec-

tion of executable software tools that has been developed to facilitate the use of ESA SAR data.  

1.3 Clutter 

 The main analysis of the image was the study of the pixel correlation through 

the sea clutter: a clear sea without disturbances (Figure 3). The stake was then to be 

able to approximate the sea clutter with a univariable and a multivariable distribution. 

As so, the study was focused on two resolutions: the 30m and 150m resolution images 

that do not assume the same distribution. For 150m resolution images, it was verified 

that the histogram referring to the sea clutter followed a Gaussian distribution  

(Figure 4), given as (1). 
 

                
 

    
 
  

      

        (1) 

 

   where μ and σ² are respectively the  

sample mean and variance of the pixels x.  

 
Figure 3: ASAR imagery for 150m → sea clutter. 

 

 

 

 

 

 

 

 
 

 

 

 

Figure 4: Image’s histogram and 

Normal distribution response. 

  

 To improve the analysis, the next step was to find a correlation between the pixels and how this correlation was 

done. Once more, the distribution was the Gaussian distribution, but now with a multivariable form (2). 
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            The multivariate normal distribution is set with a mean vector μ, and a covari-

ance matrix Σ. These are analogous to the mean μ and variance σ² parameters of a 

univariable normal distribution. The correlation was verified and quite similar for the 

neighbor pixels in vertical, horizontal and diagonal pairs (Figure 5).  

 

            For 30m resolutions, the sea clutter becomes spikier and Gaussian models 

become inadequate, which results in a much more important false alarm rate. A study 

was carried out on the K-distribution model which arises when a gamma distributed 

radar cross-section is modulated by a gamma distributed noise process (Figure 6). The 

radar cross-section may be described by a random variable with probability density 

function:  

 
 

 

where a is a scaling factor, v is the shape factor,   is the gamma function, and    is the 

modified Bessel function of the second kind of order v. It is more difficult to fit the 

30m resolution histogram with a known distribution. That is why the denoising and 

detection algorithms were only implemented for 150m resolutions SAR images. 

 

 

 

 

 

 

 

 
Figure 5: 3D histogram of the corre-

lation in horizontal neighbor pixels. 
 

 

 

 

 

 

 

 

 

 

Figure 6:  Image’s histogram and 

several distribution responses. 

2 Denoising 

Satellites images are usually degraded by the presence of a special noise, called Speckle noise. To be able to inter-

pret these images and especially, in this case, to detect ships and oil spills, it is necessary to reduce this harmful noise. So, 

the first step is to reduce the effect of this disturbing element while preserving the potential targets. 

2.1 Speckle Noise 

            Speckle noise is a granular noise that affects the quali-

ty of the Synthetic Aperture Radar (SAR) images. It is due to 

the coherent addition of waves backscattered from elemental 

targets contained in a pixel. It increases the mean grey level 

of a local area.  

 

           Indeed if it is a “constructive” layout, white pixels 

would confuse with ships and on the contrary if it is a “de-

structive” layout, grey pixels would distort the detection of oil 

spills (Figure 7). 

 

 

 

 

 

 

 

 
 

Figure 7: Influence of the speckle noise. 
 

2.2 Usual Filters 

In order to suppress this noise, many different adaptive filters can be implemented, such as the Lee, Frost, Kuan 

and Gamma filters, which are the most widely used ones. They all use the standard deviation of the pixels within a window, 

and the principle is the same for all of them: replacing the original pixel by a new value, calculated using the surrounding 

pixels in the window. They rely on three essential assumptions: the speckle noise is considered as a multiplicative noise, it 

is entirely independent of the signal, and the mean and variance of a pixel are equal to the mean and variance of the local 

area that is centered on that pixel. 

 

These filters preserve details whereas they effectively reduce speckle noise in the image, unlike a typical low-pass 

smoothing filter. All these filters have parameters, like the window size for instance, that can be adjusted to optimize the 

results. 
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 For each of them it is a local filter whose 

weights change. The dimensions of the sliding win-

dow sizes greatly affect the quality of processed 

images: if the filter is too small, the noise filtering 

algorithm is not effective. On the contrary, if the 

filter is too large, some details of the image  

will be lost in the denoising process. Even with an 

optimal 7x7 window, those four implemented filters 

required too long an execution time and the smooth 

effect destroyed too much information. Another 

approach had to be carried out. 

 
 

Table 1: Filters. 
 

 Filters Specifications [1] 

 

Lee 

Filter based on the local variance. The lower the variance, 

the higher the average value is used. On the contrary the 

higher the variance, the higher the measured value is used 

(original pixel’s value). Uses mean/variance in each 

window and coefficient of noise variance estimation. 

 
Kuan 

Same as Lee but does not make approximation of the 

original model. Offers better results than Lee’s filter. 

 Gamma Uses Gamma distribution (instead of Gaussian). 

 
Frost 

Uses the "reflectivity stage" and a damping factor for 

each pixel. 

2.3 Denoising using wavelets 

 To represent a signal, Fourier Series or the Fourier Transform can be useful. With the Fourier transform, when a 

small change occurs in the time domain signal, it affects all the components in the frequency domain. Therefore, it is not 

adapted for a non-stationary signal analysis. The wavelet transform smoothes the signal and eliminates the discontinuities 

using a high-pass filter and a low-pass filter at the same time. The high-pass filter is used to obtain detailed frequency in-

formation and the low-pass filter is used to retrieve the approximation frequency information of the signal so it can be ana-

lyzed at different scales. If      is a real function of a real variable, its wavelet transform is (4). Where    is the scaling 
 

factor,    is the translating factor, k and j are integer values, repre-

senting respectively the translation and the scale. Function   s,τ  is 

obtained by translation and scale of a particular function called 

mother wavelet (5). Where variable s reflects the scale of a basis 

function, variable τ is the translation, and   
   

 
   is the mother 

wavelet. 

 

            
 

   
 
        

       
 

  
    

  

  
       (4)  

 

                
 

  
   

   

 
  (5) 

                         

      The Wavelet decomposition cuts the signal in four subbands: the scaling coef-

ficients (LL), horizontal details coefficients (HL), vertical details coefficients (LH) 

and the diagonal details coefficients (HH). HL, LH and HH subbands represent the 

high frequency components and the LL subband represents the low frequency com-

ponents. At the next level of decomposition, only the top left quadrant (LL) is passed 

to the decomposition process (Figure 8). 

 

Wavelet-based denoising consists of: first a logarithmic transformation on 

the noisy image, an application of the DWT, a thresholding on the detailed wavelet 

coefficients, then an application of the inverse transformation, and finally an expo-

nential transformation to reverse the logarithmic operation (Figure 9). 

 

 

 

 

 

 

 

 

 
 

Figure 8: Subband decomposition. 

 
 

 
 

 

Figure 9: Chain processing of the wavelet filtering. 

          On the same signal, several levels of decomposition were 

applied to determine the N that minimizes the mean error. 

Thresholding was necessary to set to zero high frequency compo-

nents. Two thresholds were implemented: the universal VisuShrink 

(6) and the BayesShrink threshold (7). BayesShrink performs better 

than VisuShrink because it is a subband adaptive threshold selec-

tion technique that determines a specific threshold for each 

subband of the wavelet decomposition. X represents the studied 

subband coefficients and Y the coefficients of the first HH 

subband. 
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          The process was implemented on a well-known signal in order to verify 

its efficiency and determine the number of decompositions needed for an 

optimal treatment. From four decompositions the mean error became con-

stant, so it was not necessary to go further (Figure 10). 

 

          With a square 1D noised signal and four decompositions the noise was 

extremely reduced whereas the shape of the initial signal was kept  

(Figure 11). After denoising, it could be noticed that the image was smoothed 

(Figure 12). Moreover the filtering of the sea clutter (150m) led to a much 

thinner Gaussian distribution; the variance was reduced. Therefore the detec-

tion algorithms should be more effective and should make less numerous 

mistakes due to isolated dark spots. 

 

 

 

 

 

 
 

 

 

Figure 10: Mean error for each level  

of decomposition. 

 

 

 

 

 

                → 

 

 

 

 

 

 
         Figure 11: Noised and denoised signal.           Figure 12: Scaled colour images, Initial image (left) and Filtered image (right). 

3 Detection 

 Various detection algorithms were implemented. Many of those were focused on the oil spill detection (black 

pixels), which is one the main purposes of SAR Images, but algorithms on the ship detection were also developed (white 

pixels). The issue with images in levels of gray is to define a suitable threshold in order to binarize the data. This threshold 

is between 0 and 255, which are the limit values for data coded on 8 bits. In fact, the oil spill pixels’ values are very likely 

to spread from 0 to 35, the sea clutter from 25 to 90 and the ship intensity can vary between 80 and 255. So, a unique 

threshold, set for the whole image cannot be suitable enough to efficiently detect the oil spills or the ships despite their very 

high intensity. An adaptive threshold relying on the environment of any pixel was set, and before every binarization, the 

SAR images were denoised with the previous wavelet filter. 

3.1 Oil Spill Detection 

 Oil spill detection essentially relies on the homogeneity of the environment. To be considered as a black pixel and 

so, as an oil spill, a pixel must be part of a surrounding oil spill. For each detection method a square window of a predeter-

mined size was considered around each pixel and the algorithm was applied on this window. 

3.1.1 Intra-Class Variance Method (ICV) 

 A first very theoretical method is to work on the Intra-Class Variance that enables to detect dark spots as oil spills. 

This method maximizes the ICV criterion (8) from a sliding window for each pixel. Data h corresponds to an N-histogram 

of the sliding window, where N is set to 256 for data coded on 8 bits. The length of the window must be superior to a few 

pixels to be significant enough but must not be too important so the environment is not representative. 

 

       ICV(l) = 
             

   

        
   

  
             

   

        
   

           (8)                 for l            
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           The parameter OSL (for Oil Spill Limit) is a value that is 

set according to the resolution of SAR images. It represents the 

mean value on an oil spill pixel. Finally, the l value that maxim-

izes the ICV corresponds to the adaptive threshold of the pixel 

studied.  

 

          With a global threshold set for the whole image, many 

isolated dark spots in the sea are detected as black pixels. This 

first method partly corrected these detection errors, but was not 

very resistive to high intensity clutter; the oil spills near the shore 

(Figure 13 - on the right) were not detected at all. 

 

 

 
  

                                        → 

 

 

 

 

 
  Figure 13: Oil Spills detected with ICV method (OSL=26). 

 

3.1.2 Power-to-Mean Ratio Method (PMR) 

 The second method is based on an adaptive thresholding using an experimental table that corrects the threshold  

according to the environment. The following adaptive algorithm was used on each pixel:  
 

1)- Around each pixel, set the square window of a predetermined size. 
 

2)- Compute the window mean value µ and the standard deviation σ. 
 

3)- Compute the Power-to-Mean Ratio PMR = 
 

 
 . 

4)- Then refer to table 2 from the European Remote Sensing (ERS),   

     to obtain the suitable threshold in dB. 
 

5)- Binarize the pixel with the threshold   t = 
 

   
 . 

 

             To improve the efficiency of this experimental table, the     

threshold was determined by a polynomial that fitted PMR intervals. 

This method appeared to be quite efficient regardless of the reliefs  

(Figures 14 & 15). 

  

 
 

Table 2: PMR to     thresholds. [2] 
 

 
 

PMR intervals 
 

 

    Thresholds in dB 
 

 PMR > 0.15 4.0 

 PMR              2.7 

 PMR              2.4 

 PMR              1.5 

 PMR               1.3 

 PMR < 0.015 1.0 

   
 

 

 

 

 

                     →                              →  

 

 
 

 

    Figure 14: Oil Spill detection among the sea.         Figure 15: Oil Spill detection near the shore.   

3.1.3 Consta  nt of False Alarm Rate (CFAR) 

 CFAR [3] is the last oil spill detection method, which has already been much studied all over the world. It presents 

the considerable advantage to be based on the sea clutter. The False Alarm Rate Pfa parameter corresponds to an area of 

outing tolerance of the sea clutter. If the tested pixel value is lower than the value of the threshold returned by the Pfa  

equation then it is considered as a part of an oil spill. Indeed, the CFAR method considers a certain clutter distribution to 

return the suitable adaptive threshold t: 
 

       Pfa =        
 

  
          (9) 

 

where x(u) is the clutter distribution and t the adaptive threshold. Once the clutter is computed, a suitable distribution can 

be found and a threshold value of Pfa can be set experimentally. As for the oil spill detection, each pixel was studied by a 

sliding window.  



   

7 of 8 

For example with an Exponential distribution:           
 

 
  

  
 

  

   →                    

And with a Gaussian distribution:               
 

    
  

 
      

    

   →                           
 

 

         For each window, the standard deviation   and the mean 

value   are computed to give the threshold. With the Gaussian 

distribution studied in the analysis of SAR pictures, this method 

was the most efficient: the detected oil spills were very thin and 

without blanks, contrary to the previous methods (Figure 16). 

 

 

 

 

                                     →  
 

 
 

 

 
 

Figure 16: CFAR detection, Gaussian model,  

Pfa = 0.03. 

3.1.4 Algorithm Enhancement 

 The oil spill detection system through all its algorithms is the step that requires the greatest amount of computing 

power. A solution to reduce the need is the use of a two-level resolution. First, an image of a low-level resolution is created 

from the original image by taking half of the image’s pixels. Then to speed up the processing, two factors can be set.  

S1 corresponds to the skip factor for the high-resolution original image. If S1=5, one pixel out of 5 is binarized in higher  

resolution. The blanks are then filled with the lower-resolution threshold. The other factor is the skip factor S2 for the  

window computing. Indeed, the environment window is not necessarily a complete window and can skip pixels.  

The parameters chosen for the oil spill detection were S1 = 5, S2 = 11 and a window width of 121 pixels. 

3.2 Ship Detection 

 As for the oil spills, the ships are out of the sea clutter. However on SAR pictures, they appear as a little bloc of 

white pixels. So they are in high contrast to their environment.  

3.2.1 Constant of False Alarm Rate (CFAR) 

             As for the oil spill detection, the CFAR method can be ex-

tended to detect ships. The new Pfa concerns the outing tolerance of 

the other side of the clutter. So the Pfa equation becomes: 
 

           Pfa =        
  

 
 = 1 -        

 

  
             (10) 

 

Exponential distribution:   →                   
 

Gaussian distribution: →                           
 

On every SAR image tested, the ships were all detected (Figure 17).    

 

 

 

                                    → 

 

 

 

 
 

     Figure 17: CFAR method, Gaussian model, Pfa = 0.1. 

3.2.2 Otsu’s Method 

 In 3.1.1, the oil spill detection method was based on the maximization of the Intra-Class Variance. The Otsu’s 

method considers the heterogeneity of an image and then is based on a minimization of that Intra-Class Variance that corre-

sponds to a maximization of the Inter-Class Variance. Contrary to the oil spills, the ships are in high contrast to their 

environment, so the algorithms of ship detection must be focused on the heterogeneity between the pixel and its environ-

ment. This method is linked to the k class subscript which maximizes the Otsu’s criterion (Figure 18) given as (11). 
 

                                                 (11)               ω (k) = 
      
   

        
   

      and      µ(k) =  
        
   

        
   

  . 

 

Data h corresponds to an N-histogram of the sliding window, where N is set to 256 for data coded on 8 bits. 
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                    →            → 

 

 

 
   Figure 18: Otsu’s criterion on a random window.                  Figure 19: Ships detected with Otsu’s method. 

 

 This method is very sensitive to high intensity pixels; each white pixel leads to a considerable block of white  

binarized pixels. That is why a shortest window was set (7x7 pixels). As for the CFAR method, the ships were very well 

detected (Figure 19) but the environment had to be quite clear, ideally with sea and ships in order to avoid perturbations. 

Synthesis 

 Through this study, a work was done on several aspects of the processing of SAR Images. The study was not only 

based on the treatment of several resolutions and the clutter study, but on the combination of denoising, and oil spill and 

ship detection. The few SAR images from the Basic ENVISAT SAR Toolbox were enough to develop the algorithms that 

correspond to 150m resolution images. 

 

 With SAR technology, a very specific kind of noise is inevitable: the Speckle Noise which results from the pro-

cessing of backscattered signals from multiple distributed targets. Very different filters were tested in order to correct the 

Speckle Noise. It appeared that traditional filters did not give a level of satisfaction acceptable whereas very good results 

were obtained by the wavelet approach; the noise was well suppressed. A previous filtering enabled to facilitate the oil spill 

detection: the isolated dark spots within the sea are smoothed and no longer considered as part of an oil spill. 

 

 Various detection algorithms were implemented in order to detect ships and oil spills. If the oil spill methods relied 

on the homogeneity of the environment, the ship detection was based on heterogeneity. The study showed that using an 

adaptive threshold increased the overall efficiency and that many methods existed according to each resolution.  

 For a 150m resolution, with the CFAR method, oil spills could be very clearly delineated, significantly more than 

with any other process. This method could be applied with every previous filter when the PMR approach suited a very 

specific resolution (150m) but an unknown denoising, and so suffered from a lack of adaptability to other filters. 

 For ship detection, the Constant of False Alarm Rate was quite as suitable as the Otsu’s method. Ships are easier to 

detect due to their very high intensity. However the CFAR method is very likely to better resist to a blur effect coming 

from difficult weather conditions because it is based on the clutter study. Moreover, particularly with ship detection, the 

window’s size became an issue as it got closer to the shore because of potential white pixel interference.  

 

 A public Matlab toolbox containing all the denoising and detection methods presented was created. Actually the 

oil spill Radar detection is mainly used in real time. However, to broach recognition algorithms, or to establish tables of 

degrees of freedom according to the resolution, more SAR samples, computing power, and algorithms that incorporate 

prior knowledge in terms of wind and weather information, would be needed. 
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