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Abstract:



The convolution between co-polarization amplitude only data is studied to improve ship detection performance. The different statistical behaviors of ships and surrounding ocean are characterized a by two-dimensional convolution function (2D-CF) between different polarization channels. The convolution value of the ocean decreases relative to initial data, while that of ships increases. Therefore the contrast of ships to ocean is increased. The opposite variation trend of ocean and ships can distinguish the high intensity ocean clutter from ships' signatures. The new criterion can generally avoid mistaken detection by a constant false alarm rate detector. Our new ship detector is compared with other polarimetric approaches, and the results confirm the robustness of the proposed method.
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1. Introduction


Ship detection by Synthetic Aperture Radar (SAR) has been widely used for monitoring fishing vessels, oil pollution, and traffic and immigration controls. There are two different fundamental modes of ship detection with single-channel (HH, HV or VV) SAR imagery: detection of the ship's wake [1-7] and detection of the ship itself [8-10]. For the former, many factors affect the imaging of wakes on SAR images, such as the state of the sea, stationary ships and radar imaging parameters; 37% of ships could not be detected using only their wake with ERS-1 and Seasat SAR data [8], and the figure is expected to be larger with RadarSAT-1 because of its lower HH-polarization signal-to-noise ratio (SNR). The latter is effective to detect ship's signatures whose intensity is larger than the threshold. However, the dimensions and shapes of ships and sea state are, a priori, unknown and very diverse. A reasonable threshold is the key to reduce misses and false detection. Therefore the method is conceived to discriminate an exceptionally bright localized pattern, according to an established decision rule. Otherwise, these algorithms assume the homogeneity of the statistical distribution of the image to be analyzed within a region of fixed dimensions. Owing to these limitations, researchers focus on ship detection with polarimetric SAR data.



Traditional single-polarization SAR data is not sufficient for ship detection in that it cannot fully characterize the scattering mechanisms. Many researchers have explored the use of polarimetric information for ship detection. In 1999, Ringrose and Nicola [11] first applied the coherent target decomposition (CTD) [12] method on ship detection and the scattering mechanism of each pixel was analyzed. The method was tested by a simulated image and a SIR-C/X image. In 2001, Yeremy et al. [13] combined the decomposition methods proposed by Cameron et al. [12] and Van Zyl [14], the results were satisfactory. Touzi et al. [15] introduced the symmetric scattering characterization method and detected two ships (35.4 m and 28.3 m) with CV-580 full polarization data. On the other hand, Touzi et al. [15-18] focused on polarimetric entropy, and pointed out that when wind conditions were lower than 20 knots and the incidence angle was lower 60 degrees, the application of the method on ship detection would not be limited, but entropy would degrade under rough sea conditions (>20 knots). Although these methods are effective in ship detection, they require full-polarization data. They can not be used with dual-polarization (Envisat ASAR) data, not even with only-amplitude dual-polarization data.



A somewhat similar technique of SAR interferometry for ship detection has been described by Arnaud [19]. The idea is to use information from the interferogram from two different looks processed from a single aperture SAR system. This is done by selecting two different non-overlapping bands from the synthetic aperture Doppler spectrum. Iehara et al. [20], Ouchi and Yaguchi [21] and Ouchi et al. [22] have developed Arnaud's work. They suggested taking advantage of the fact that two different looks processed from different sub-apertures of a SAR system would be separated by a small time delay. Owing to this time delay and different scattering mechanisms, there will be little correlation of the ocean backscatter in the two images but a large correlation in the backscatter from ships. Thus they proposed measuring the correlation between the looks to detect ships. Iehara et al. [20] computed the two-dimensional cross correlation function of the two images for ship detection, while Ouchi and Yaguchi [21] calculated the correlation with coherence. Both methods can detect ships, even when the intensity of the ship backscatter is similar to that of the surrounding ocean. However, these methods need raw data to calculate the Doppler spectrum and this degrades the resolution.



In Arnaud's work [19], the time difference is critical. His application is to the ERS satellite SAR in which case the time difference will be hundreds of milliseconds. Arnuad's presumption is that during this time delay the sea, which is continuously moving, will have strongly incoherent behaviour while ships like point scatterers will have coherent behaviour. With this method, Arnaud obtained promising results. In Ouchi's work [22], the integration time of each look is calculated as 0.28 s, and the center time difference is 0.028 s.



Inspired by this pioneerng work, we wanted to use the time different between the co-polarization. For SIR-C/X data, the pulse repetition frequency is 1,395∼1,736 Hz, the pulse length ranges from 8.5 to 40 milliseconds. SIR-C/X transmits alternating H/V with simultaneous receiving, so there is a time difference between co-polarization. Owing to this time delay and different scattering mechanisms, the ships are distinguished from the ocean cluster. The method neither needs raw data nor degrades the resolution with co-polarization data.



The two-dimensional convolution function (2D-CF) is adopted to characterize the degree of correlation between two polarization channels. The 2D-CF is extracted from the corresponding windows from each channel. If the windows contain a ship, the 2D-CF has a peak, otherwise ocean clutter. The paper is organized as follows. The next section will introduce the basic concept of convolution and the results of simulated images. In Section 3, the method is employed on a SIR-C/X SAR image. Polarimetric parameters H, á, PD ϕhh−vv, polarmetric correlation coefficient and the results of CFAR algorithm are analyzed to confirm the results of convolution in Section 4. Another kind of polarimetric SAR data is used to validate 2D-CF in Section 5. Finally, several concluding remarks are presented in Section 6.




2. The theory and the analysis of simulated images


2.1 The convolution between co-polarization channels HH and VV


The definition of two dimensions cross correlation function (2D-CCF) is given as follows [20]:
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(1)







The definition of 2D-CF is given as follows [23]:
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(2)




where f1(X, Y) and f2(X, Y) are the intensities of different polarimetric channels, respectively. Except for the minus sign, 2D-CF is the same as 2D-CCF. The minus sign only folds the function f(X, Y) to f1(−X, −Y).



Letting X′ = −X, Y′ = −Y, so equation (2) is equivalent to:
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(3)







If f1 and f2 are both even, or both odd, then:
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(4)







It is easy to extend f1 and f2 into even or odd function. Therefore, 2D−CF(x, y) can be used to describe the cross-correlation between the co- polarization images.



For the discrete signals, equation (2) can be rewritten as:
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(5)







Because of the time delay between the two co-polarizations, the continuously changing ocean surface will have a weak overlap behavior between the two co-polarization channels. However, the point scatters of ships have strong overlap behaviors for the different channel imaging of the same ships. Owing to the fact that 2D-CF is closely related with 2D-CCF, the different statistical behaviors of ships and ocean are also characterized by 2D-CF. Therefore, 2D-CF can be used to detect ships. If there is no overlap between polarimetric channels 1 and 2, 2D-CF is flat because it is almost the same value for the entire (X, Y). 2D-CF has a strong peak when the area contains a ship which overlaps in the images of two different channels. Thus the existence of a ship can be judged by the appearance of a peak in the 2D-CF images.



The processing flow is as follows:

	
Extract the sub-window from each channel,



	
Calculate the 2D-CF between the two co-polarization images,



	
If the 2D-CF has a peak, the sub-window is judged to contain a ship,



	
Process the entire images by moving the sub-window to the next area.









2.2 The results of simulative SAR images


The ocean surface is simulated on each polarimetric channel as an independent K-distribution, which has proven to be successful in many cases [24]. To preserve the polarimetric correlation of ships in HH and VV images, the ship's signatures of ship 1 for HH and VV channels in the SIR-C/X data are adapted. The difference between the real SIR-C/X ship's signature and the simulated ocean surface signature are subtracted to get the images where the return wave of ships are at a similar intensity to ocean. Then the ships' signatures of HH and VV channels are embedded into the simulated HH and VV channels ocean images, respectively.



In Figure 1, the contrast of ship to ocean for HH polarization is better than VV polarization. The ocean images, with different shapes, have little overlap between different polarization channels, while for ships the opposite happens. The following shows the effects of ship size, sea state and ship shape on convolution.


Figure 1. The simulated HH and VV polarization images.
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2.2.1 The variation of ship size


During the simulation, SNR is set at 1.1, which represents high sea state. The variation of ship size is described by the variation of the number of ship signatures' pixels. The effects of ships' size on convolution are shown in Figure 2. In Figures 2a and 2b, the result of convolution is not obvious until the number of ship's signatures reach 4×4 pixels. Figures 2a to 2d demonstrate that the larger the ship size the higher the convolution is, therefore large ships can be easily detected.


Figure 2. The effects of ships' size on 2D-CF. a, b, c and d are the 2D-CF values without ship signatures, the size of ship signatures are 4×4, 6×6 and 8×8 pixels, respectively. X and Y axes represent the number of pixels in range and azimuth direction. In all the following figures, the physical interpretation of X and Y axes is the same.
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2.2.2 The variation of sea state


During the process, the variation of SNR represents the variation of sea state. The ship size is invariable with 5×5 pixels. The higher SNR represents a lower sea state. Figures 3a and 3b show the results of different SNR values. The high value of SNR is about three times the low, which is large enough to represent different the sea state. Figure 3 shows that the convolution value is not sensitive to sea state. Therefore the method can be used under high sea state conditions (>12.5 m/s).


Figure 3. The effects of sea state on 2D-CF. a and b are 2D-CF values between co-polarization channels, SNR is 1.1 in Fig2 a. and 3.0 in Fig2 b.
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2.2.3 The change of ships' shape


To study the effects of ship's shape on convolution, line shape and T shape ships are embedded in the ocean clutter, respectively. Except for the shape (the array), other parameters such as the SNR and the number of pixels are the same. Figure 4 demonstrates that the peaks of 2D-CF decrease from 200 to 100 when the ship shape is changed from ‘line’ to ‘T’, which indicates the change of ships' shape obviously affects the convolution.


Figure 4. The effects of ships' shape on convolution. a and b are gray images with ‘line’ and ‘T’ shape, respectively, c and d are 2D-CF values between co-polarization channels corresponding different ship shapes.



[image: Sensors 09 01221f4]






From above analyses one may conclude that convolution between HH and VV polarimetric channels is sensitive to ship size and shape, but not to sea state. The results benefit weak ship signature detection under higher sea state conditions. Based on the simulation, a practical ship-detection algorithm is developed.






3. Analysis of SIR-C/X SAR image


3.1 Test data description


To validate the performance, a full polarimetric SIR-C/X SAR image was analyzed using this method. The image was acquired on Oct 4, 1994 off Hongkong Victoria port center at E114.05° N22.106° and 33° incidence angles. The image mode is multi-look complex and the number of looks is 5.2. The sensor operated in the C band (λ= 5.8 cm) and the resolution was 12.5 m. The span image of the data is shown in Figure 5, in which there are many targets distinguishable from sea. They are marked with different numbers 1-9. Unfortunately, the ships were not ground-trued during SAR data acquisition, so this dataset will mainly be analyzed in terms of ship detectability.


Figure 5. The span image of SIR-C SAR on 4th Oct.1994.
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3.2 The choice of window


There are many possible variations of size and shape of ships and windows and how they are moved across the image. The final choice will be determined by the detection problem at hand and will also need to take account of computational burdens. The standard practice in ship detection is to use square windows and move them as a unit. Square windows are the common choice because they allow computational efficiency and there is lack of a priori knowledge of preferred shapes and orientation for ships and ocean clutter. Wackerman et al. [10] expanded upon these topics. The sizes of the windows should be related to the sizes of ships to be detected and the resolution of the radar. The window should be a similar size to the smallest ship to be detected. Perhaps an auto-adapted, edge-aligned window is the best. However, if there is a weak target, it is difficult to ascertain the edge direction. Considering these factors and with trial and error, the size of window was 5×5 pixels and moving as a unit.




3.3 Application the method to the SAR image


The above image was analyzed with the method and the results are shown in Table 1. In this table, the parameters Max_b_c and Max_a_c represent the maximum power before and after convolution, respectively. In a similar way, Mean_b_c and Mean_a_c denote the mean power at the two phases. The maximal power only shows the information of one local pixel. However, it is directly related to the contrast and can provide a measurement of ship-sea ratio. The mean power will change with the numbers of pixels, but represents the general information of the object. Both parameters describe the power from different point of view. In Table 1, after convolution the max and mean power of targets 1-8 are improved, regardless of whether they are large or small,. However, for those of ocean and target 9 the very reverse ocurrs. The max power of ocean decreases from 7.4×10-2 in the initial data to 2.3×10-2 after convolution, and the mean power of the ocean decreases from 1.3×10-2 to 3.6×10-3. Similarly, the max and mean power of target 9 also reduce after convolution.



Table 1. The max power and mean power before and after convolution. The parameters Max_b_c,and Max_a_c represent the maximum of power before and after convolution, respectively. In a similar way, Mean_b_c and Mean_a_c can be referred as the mean power at two phases.







	

	
ocean

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9






	
Max_b_c

	
7.4×10-2

	
5.7×101

	
2.7×101

	
8.8×101

	
2.1

	
5.1×101

	
2.5×102

	
1.4×102

	
3.7×10-1

	
1.5




	
Max_a_c

	
2.3×10-2

	
2.0×104

	
2.5×103

	
1.8×104

	
1.4×101

	
1.2×103

	
6.4×104

	
4.5×104

	
4.2×10-1

	
4.8×10-1




	
Mean_b_c

	
1.3×10-2

	
8.1

	
4.8

	
1.3×101

	
7.0×10-1

	
4.9

	
1.4×101

	
1. 5×101

	
1.1×10-1

	
3.2×10-1




	
Mean_a_c

	
3.6×10-3

	
1.7×103

	
4.9×102

	
1.8×103

	
1.8

	
1.2×102

	
1.8×103

	
5.0×103

	
1.9×10-1

	
1.6×10-1










The advantages of the convolution method can be shown clearly and visually in Figure 7. The contrast of targets 1-8 has been improved owing to the act the method depressed the power of the ocean clutter and elevated that of targets. Therefore there is the potential for detecting weak ship signals with low SNR. However target 9 is an exception, its contrast has been decreased after convolution. The convolution method could improve the contrast of targets 1-8, which, we can confirm, are ships. While target 9 has the same variation trend as ocean, which is reverse to that of targets 1-8, so at first we conclude that target 9 may be ocean clutter.


Figure 7. The span image after convolution. 1-9 mark the targets with higher power than ocean clutter.
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4. Comparison with other algorithms


4.1 Comparison with polarimetric parameters


Without ground-truth data, we adopt the polarimetric entropy H and scattering angle α, polairmetric degree PD and co-polarimetric phase difference ϕhh−vv to verify the above opinion. The following reviews these parameters simply.



Cloude and Poitter obtained the polarimetric entropy and mean alpha angle α based on the decomposition of coherence matrix [25-26]. Both parameters are widely used in classification [27-28], because they are directly related to scattering mechanisms. H is the measurement of randomness of the scattering mechanisms. Ocean is dominated by surface scattering with low entropy, while ships have complex scattering with correspondingly high entropy. The angle α stands for an indicator of the type of scattering mechanism, and it corresponds to the variation from surface scattering (α=0) to dipole scattering (α=45°) to double bounce scattering from conductive surface (α=90°). In fact, PD is the ratio between the intensity of the polarized part and the total scattered intensity [29]. The ocean is dominated by surface scattering with high polarimetric degree, while ships have complex scattering with low polarimetric degree. Just as the name describes, co-polarization phase difference ϕhh−vv, ranging from 0° to 180°, gives the phase difference between HH and VV polarization. It has been proven to be useful in ship detection [16,30]. A single bounce scatterer generally results in a phase difference close to 0°, whereas an ideal double bounce scatterer has a phase difference of 180°. The dominant scattering mechanism of ocean is single bounce while that of ships is double bounce. All these parameters can distinguish ships in different aspects.



Figure 8 demonstrates the results of polarimetric parameters. The targets 1-8 have high H, á, ϕhh−vv and low PD, which are the typical characteristics of ships. On the contrary, target 9 has low H, á, ϕhh−vv and high PD, which are the same as those of ocean. Based on the features, target 9 is judged as ocean clutter. It is noticed the power of target 9 is more than ten-fold that of other ocean. The CFAR method will generally classify target 9 as a ship, in that a threshold as large as ten times that of the ocean is impossible. As expected, the convolution method has improved the contrast of targets 1-8 and decreased that of target 9. The results are consistent with those of H, á, PD and ϕhh−vv, which indicates that the convolution with co-polarization amplitude data can a the same results as quad-polarization data.


Figure 8. Validating the results of convolution with polarimetric parameters. a, b, c and d show the images of polarimetric entropy H, scattering angle α, polarimetric degree PD and co- polarimetric phase difference ϕhh−vv.
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4.2. Comparison with polarimetric correlation coefficient


The polarimetric correlation coefficient between HH and VV channels is defined by Lee et al. [31]:


[image: there is no content]



(6)




where the asterisk denotes the complex conjugate. The angular brackets represent the ensemble average. Subscripts HH and VV represent the different polarimetric states. The polarimetric correlation coefficient has been used in feature extraction of polarimetric SAR data [31-32]. Liu et al. [30] have studied the correlation coefficients of ships and ocean for four polarimetric channels. It can distinguish ships from ocean. For ideal single-bounce or double-bounce scattering, the absolute of the correlation coefficient between HH and VV channels both are 1. For ship detection, the phase must be considered. Generally, we adopt the function:
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(7)







In fact, combining the information of amplitude and phase restricts that the data type is complex. However, the convolution of co-polarization channels developed in the paper does not need the information of phase.



In Figure 9, the correlation coefficient of some ocean areas, except ships, is lower than -0.6, which will cause false detection. Comparing the correlation coefficient with 2D-CF (Figure 7), the convolution method will improve the contrast of ships to ocean with less false detection.


Figure 9. The correlation coefficient of co-polarization.
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4.3. Comparison with CFAR


Detection of ships in radar clutter by calculating thresholds on clutter probability distribution functions has been extensively studied. Most of the work focuses on CFAR [8], which includes bi-parameters [10] and cell-average (CA) algorithms [33]. To compare the results of 2D-CF with CFAR, the results of bi-parameters CFAR [10] is presented.



In Figure 10, the signatures of ships 1, 2, 3, 5, 6, 7 are detected; those of weak ships 4, 8, 9 are mistaken as sea clutter. Comparing the results with 2D-CF (Figure 6), the advantages of 2D-CF are obvious.


Figure10. The result of CFAR.
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Figure 6. The HH,VV and HV polarization gray images of SIR-C/X data.
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5. Test of 2D-CF with AIRSAR data


To test the method, a full polarimetric AIRSAR image was also analyzed. The image was acquired on Oct 4, 2000 near Japan. The center latitude and longitude is (34.37, 132.56). The sensor operated in L band. In the span image (Figure 11) there are some targets denoted with different numbers. Numbers 1, 6∼8 represent the sea bank near the island, and 2∼5 represent ships.


Figure 11. The span image of AIRSAR on 4th Oct.2000.
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Figure 12 shows the results of convolution with 5×5 windows, the contrast of targets 1-8 are improved, which confirms the 2-D convolution method.


Figure 12. The span image after convolution of AIRSAR data.
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6. Conclusions


This paper has studied ship detection with convolution between two co-polarization SAR data by applying the different statistical behavior of ships and ocean. The 2D-CF depicting the overlap and correlation of different channels is used to detect ships. Ocean is a stochastic process, so the overlap of ocean between co-polarization data is weak. On the contrary, the same ships are imaged on the co-polarization SAR images. Therefore the 2D-CF of ships will have a peak, while that of ocean is flat. The simulative processes demonstrate the size and shape of ships affect 2D-CF dramatically, while that of sea state is small. The real SIR-C/X SAR data analyses show the convolution method decreases the intensity of ocean and increases that of ship, and then enlarges the difference between ships and ocean, therefore the convolution facilitates ship detection. The opposite variation trend of ocean and ships can be considered as a new criterion. Objects which have the same polarimetric features as ocean except for high intensity can be distinguished as ocean clutter by the new criterion. While CFAR cannot make out the differences they are generally mistaken as ships. Furthermore, the results are in accord with those of polarimetric parameters, which indicate the method with co-polarization amplitude only data can reach the same effects as full-polarization data. The comparison between correlation coefficient and convolution shows that the latter improves ship detection, with less false detections. Additionally, the convolution is a bit affected with sea state and resolution, so the method facilitates ship detection in large areas under high sea state conditions. However, the convolution method will enlarge the size of ships, so it can not be used to estimate the size of ship by the number of pixels. Otherwise, the amplitude of overlap does not correspond well to the intensity of initial data, the reasons for which need further study. Improving ships detection with less data is the aim of many researchers. These encouraging results for ship detection should motivate the further study of suitable algorithms. This work will be extended to include an analysis of other datasets with different ships, different incidence angles, and different environmental conditions, to characterize performance under more general conditions.







Acknowledgments


This work was sponsored by the National Natural Science Foundation of China (40276050), the ENVISAT-ASAR data opening and sharing project and the ships detection on the ocean with Terra SAR data project, the Open-ended Fund of Key Laboratory of Ocean Circulation and Wave, Chinese Academy of Sciences (KLOCAW0808). We would like to thank NASA-JPL SIR-C/X and AIRSAR for providing SAR data.




References


	1. 
Eldhuset, K. Principles and performance of an automated ship detection system for SAR images. IEEE 1989 International Geoscience and Remote Sensing Symposium; 1989; pp. 358–361. [Google Scholar]

	2. 
Rey, M.; Tunaley, J.K.E.; Folinesbee, J.T. Aplication of radon transform techniques to wake detection of Seasat-A SAR images. IEEE Trans. Geosci. Remote Sensing 1990, 28, 553–560. [Google Scholar]

	3. 
Copeland, A.C.; Ravichan., G.; Trivedi, M.M. Localized radon transform- based detection of ship wakes in SAR images. IEEE Trans. Geosci. Remote Sensing 1995, 33, 35–45. [Google Scholar]

	4. 
Eldhuset, K. An automatic ship and ship wake detection system for spaceborne SAR images in coastal regions. IEEE Trans. Geo. and Remote Sensing 1996, 34, 1010–1019. [Google Scholar]

	5. 
Lin, I-I.; Kwoh, L.K.; Lin, Y.C.; Khoo, V. Ship and ship wake detection in the ERS SAR imagery using computer-based algorithm. IEEE 1997 International Geoscience and Remote Sensing Symposium; 1997; pp. 151–153. [Google Scholar]

	6. 
Zhou, H.J. Apply Randon transform to detect narrow-v ship wake in SAR images. Chinese Journal of Image and Graphics 2000, 5, 901–905. [Google Scholar]

	7. 
Wang, Sh.Q.; Jin, Y.Q. Ship wake detection in SAR imagery based on Randon transform and morphologic images processing. Chinese Journal of remote sensing 2001, 5, 289–294. [Google Scholar]

	8. 
Vachon, P.W.; Campbell, J.W.M.; Bjerkelund, C.A.; Dobson, F.W.; Rey, M.T. Ship detection by the RADARSAT SAR: Validation of detection model predictions. Canadian Journal of Remote Sensing 1997, 23, 48–59. [Google Scholar]

	9. 
Vachon, P.W.; Adlakha, P.; Edel, H.; Henschel, M.; Ramsay, B.; Flett, D.; Rey, M.; Staples, G.; Thomas, S. Canadian progress toward marine and coastal applications of synthetic aperture radar. Johns Hopkins APL Technical Digest 2000, 21, 33–40. [Google Scholar]

	10. 
Wackerman, C.C.; Friedman, K.S.; Pichel, W.G.; Clemente-Colon, P.; Li, X. Automatic detection of ships in RADARSAT-1 SAR imagery. Canadian Journal of Remote Sensing 2001, 27, 568–577. [Google Scholar]

	11. 
Ringrose, R.; Nicola, H. Ship detection using polarimetric SAR data. Proc. of the CEOS SAR workshop; ESAS, 1999; p. 450. [Google Scholar]

	12. 
Cameron, W.L.; Youssef, N.; Leung, L.K. Simulated polarimetric signatures of primitive geometrical shapes. IEEE Trans. Geosci. Remote Sensing 1996, 34, 793–803. [Google Scholar]

	13. 
Yeremy, M.; Campbell, J.W.M.; Mattar, K.; Potter, T. Ocean surveillance with polarimetric SAR. Canadian Journal of Remote Sensing 2001, 27, 328–344. [Google Scholar]

	14. 
Van Zyl, J.J. Unsupervised Classification of Scattering behaviour using Radar polarimetry data. IEEE Trans. Geosci. Remote Sensing 1989, 27(1), 36–44. [Google Scholar]

	15. 
Touzi, R.; Charbonneau, F.J.; Hawkins, R.K.; Vachon, P.W. Ship detection and characterization using polarimetric SAR. Canada Journal Remote Sensing 2004, 30, 552–559. [Google Scholar]

	16. 
Touzi, R. Calibrated polarimetric SAR data for ship detection. IEEE 2000 International Geoscience and Remote Sensing Symposium; 2000; 1, pp. 144–146. [Google Scholar]

	17. 
Touzi, R.; Charbonneau, F.; Hawkins, R.H. Ship-Sea contrast Optimization When using polarimetric SAR. IEEE 2001 International Geoscience and Remote Sensing Symposium; 2001; 1, pp. 426–428. [Google Scholar]

	18. 
Touzi, R.; Keith, R.; Francois, C. On the use of permanent symmetric scatters for ship characterization. IEEE Trans. Geosci. Remote Sensing 2004, 42(10), 2039–2044. [Google Scholar]

	19. 
Arnaud, A. Ship detection by SAR interferometry. IEEE 1999 International Geoscience and Remote Sensing Symposium; 1999; 5, pp. 2616–2618. [Google Scholar]

	20. 
Iehara, M.; Ouchi, K.; Takami, I.; Morimura, K.; Kumano, S. Detection of ships using convolution of split-look SAR images. IEEE 2001 International Geoscience and Remote Sensing Symposium; 2001; 4, pp. 1807–1809. [Google Scholar]

	21. 
Ouchi, K.; Yaguchi, H. Simulation on the extraction of ships' images embedded in speckle using convolution of multilook SAR images and applications to Radarsat data. IEEE 2002 International Geoscience and Remote Sensing Symposium; 2002; 4, pp. 2498–2500. [Google Scholar]

	22. 
Ouchi, K. Ship detection based on coherence images derived from cross correlation of multilook SAR images. IEEE Trans. Geosci. Remote Sensing Letter 2004, 1, 184–187. [Google Scholar]

	23. 
Bracewell, R. Convolution and Two-Dimensional Convolution. In The Fourier Transform and Its Applications, 3rd ed.; McGraw-Hill: New York; Volume 1999, Ch. 3.

	24. 
Jiang, Q. Sh.. Detection de bateaux dans les images de radar a ouverture synthetique. Ph. D Thesis, National Library of Canada, AAINQ80535. 2002. [Google Scholar]

	25. 
Cloude, S.R.; Pottier, E. Concept of polarization entropy in optical scattering. Optical Engineering 1995, 34, 1599–1610. [Google Scholar]

	26. 
Cloude, S.R.; Pottier, E. A review of target decomposition theorems in radar polarimetry. IEEE Trans. Geosci. Remote Sensing 1996, 34, 498–518. [Google Scholar]

	27. 
Cloude, S.R.; Pottier, E. Application of the H/A/alpha polarimetric decomposition theorem for land classification. Proceeding of SPIE 1997, 3120, 132–143. [Google Scholar]

	28. 
Ferro-Famil, L.; Pottier, E.; Lee, J.S. Unsupervised classification of multi-frequency and fully polarimetric SAR images based on H/A/Alpha-Wishart classifier. IEEE Trans. Geosci. Remote Sensing 2001, 39, 2332–2342. [Google Scholar]

	29. 
Diane, L. Radar Polarimetry: Analysis Tools and Applications. IEEE Trans. Geosci. Remote Sensing 1988, 26, 774–789. [Google Scholar]

	30. 
Liu, C.; Vachon, P.W.; Geling, G.W. Improved ship detection with airborne polarimetric SAR data. Canada Journal Remote Sensing 2005, 31, 122–131. [Google Scholar]

	31. 
Lee, J.S.; Hoppel, K.W.; Mango, S.A.; Miller, A.R. Intensity and phase statistics of multilook polarimetric and interferometric SAR imagery. IEEE Trans. Geosci. Remote Sensing 1994, 32, 1017–1028. [Google Scholar]

	32. 
Toshifumi, M. A study on polarimetric correlation coefficient for feature extraction of polarimetric SAR data. IEICE Institute of Electronics, Information and Communication Engineers 2005, E88-B, 2353–2361. [Google Scholar]

	33. 
Cusano, M. A real timeoperational scheme for ship traffic monitoring using quick look ERS SAR images. IEEE 2000 International Geoscience and Remote Sensing Symposium; 2000; 7, pp. 2918–2920. [Google Scholar]

































© 2009 by the authors; licensee Molecular Diversity Preservation International, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution license (http://creativecommons.org/licenses/by/3.0/).







media/file4.png





media/file18.png





media/file13.png





media/file9.png





media/file22.png
convolution

350 400 450





media/file23.png
convolution

350 400 450





media/file10.png
09

g M
B
£ 3 o
- &
8
& B
e & B
= & B
H

01






media/file5.png





media/file15.png
Azimuth pixels





media/file19.png





media/file14.png
Azimuth pixels





media/file6.png
2D-CF






nav.xhtml


  sensors-09-01221


  
    		
      sensors-09-01221
    


  




  





media/file11.png
09

g M
B
£ 3 o
- &
8
& B
e & B
= & B
H

01






media/file1.png





media/file16.png





media/file2.png
2
150 00

100

100

g
N o
3
8
x
2
3
o
°
- >
8

§88° 8

40-02

)

§8° 8§

40-02

200
a

100

50

100






media/file20.png





media/file7.png
2D-CF






media/file24.png





media/file12.png





media/file3.png
2
150 00

100

100

g
N o
3
8
x
2
3
o
°
- >
8

§88° 8

40-02

)

§8° 8§

40-02

200
a

100

50

100






media/file0.png





media/file17.png





media/file8.png





media/file21.png





