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Abstract:



For ship detection, X-band synthetic aperture radar (SAR) imagery provides very useful data, in that ship targets look much brighter than surrounding sea clutter due to the corner-reflection effect. However, there are many phenomena which bring out false detection in the SAR image, such as noise of background, ghost phenomena, side-lobe effects and so on. Therefore, when ship-detection algorithms are carried out, we should consider these effects and mitigate them to acquire a better result. In this paper, we propose an efficient method to detect ship targets from X-band Kompsat-5 SAR imagery using the artificial neural network (ANN). The method produces the ship-probability map using ANN, and then detects ships from the ship-probability map by using a threshold value. For the purpose of getting an improved ship detection, we strived to produce optimal input layers used for ANN. In order to reduce phenomena related to the false detections, the non-local (NL)-means filter and median filter were utilized. The NL-means filter effectively reduced noise on SAR imagery without smoothing edges of the objects, and the median filter was used to remove ship targets in SAR imagery. Through the filtering approaches, we generated two input layers from a Kompsat-5 SAR image, and created a ship-probability map via ANN from the two input layers. When the threshold value of 0.67 was imposed on the ship-probability map, the result of ship detection from the ship-probability map was a 93.9% recall, 98.7% precision and 6.1% false alarm rate. Therefore, the proposed method was successfully applied to the ship detection from the Kompsat-5 SAR image.
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1. Introduction


Ship-detection algorithms from SAR images have been proposed by many researchers [1,2,3,4,5]. Most methods exploit the fact that ships on SAR images are much brighter than the sea surface due to the corner-reflection effect [6,7]. That is, the ship is a target having a higher backscatter coefficient, and hence the ship is very bright in SAR imagery, while the sea surface is very dark in SAR imagery because it has a lower backscatter coefficient.



Constant false-alarm rate (CFAR) has been widely used for ship detection. The CFAR detects ships by finding a threshold value using the probability density function (PDF) of background clutter [8,9,10,11]. However, detection results from the CFAR algorithm can be biased by statistical variables such as mean and standard deviation, because the false-alarm rate must be fixed [12]. In addition, the CFAR algorithm has the disadvantages that it is very complex and time-consuming [13]. The adaptive threshold approach is very similar to CFAR in that it estimates the mean and standard deviation of an image using constant value c, but the approach has a drawback in that it does not consider the characteristics of background noise [14].



Recently, many studies have relied on image-based feature extraction (machine learning) methods, such as the artificial neural network (ANN) and support vector machine (SVM) methods [15,16]. The machine-learning analyzes the input data by calculating weighting factors from the relation between input data and training set. Thus, results from the machine learning can be varied according to input data and training set [17]. This means that the performance of the machine-learning algorithm is largely dependent on the selection of input data and training sets. In order to choose the training set for ship detection, we can use automatic identification system (AIS) data if it is available, whereas we can select the training set from a map which is manually created if AIS data is not available [18]. Thus, the selection of training set used for ship detection is not very difficult. However, the selection of input layers used for ship detection is not easy. The limitations of ship detection using the machine-learning algorithm are as follows:



Firstly, image characteristics have been ignored when the ANN approach is applied to the detection of a target. For a better detection of the detected target using machine learning, image characteristics of the detected target must be emphasized, while those of other targets should be not underlined. Consequently, the input layers of ANN must be created from the image after target-emphasis procedures are done. This means that we need to emphasize ships in an SAR image in order to detect ships from SAR images. However, in most previous studies, input layers have not been created from SAR images without ship emphasis processing [19,20,21,22]. The SAR images have speckle noise, the ghost phenomena, the side-lobe effect, and so on. The SAR image characteristics affect the precision of ship detection. To remarkably reduce the negative effects in the ANN approach, we need to minimize these effects. Moreover, the Kompsat-5 SAR image has severe ghost phenomena and side-lobe effects. Additional steps to mitigate the effects should be applied to the Kompsat-5 image.



Secondly, subset images have usually been used to validate the ship detection algorithm in the previous studies [17,23]. When ships are detected from SAR images, the most important thing is to minimize the negative effects from background noise, the side-lobe effect, wave effect, land area effect and so on. Thus, it is a better choice that the algorithm performance is validated by using the full scene. Therefore, for a better performance of the ship detection using the ANN approach, the input layers of ANN should be created by minimizing the negative effects of the Kompsat-5 SAR image, and the detection performance should be tested and validated by using the full scene rather than the sub-image.



In this paper, we propose an efficient method to detect ship targets from X-band Kompsat-5 SAR imagery using the ANN approach. The proposed method creates two input layers for ship detection through optimal image processing in order to consider Kompsat-5 SAR image characteristics. The method is tested and validated by using a full-scene Kompsat-5 SAR image. The detection procedure is as follows: (1) two input layers, an intensity differential map and a texture differential map, are generated from an SAR image using the azimuth low-pass filter, the non-local (NL)-means filter, the median filter, the sum-of-square (SS) operation, and so on; (2) a ship-probability map is created by the ANN approach; and (3) ships are detected from the map by using a threshold value. The NL-means filter and median filter were used to reduce phenomena related to the false detections. The NL-means filter effectively reduced noise on SAR imagery without smoothing edges of the objects, while the median filter was used to remove ship targets in SAR imagery. For the performance validation of the proposed method, the X-band Kompsat-5 SAR data with horizontal transmitting and horizontal receiving (HH) polarization was used in the study. A total number of 78 ship targets were extracted from the test full scene via a visual analysis and used to calculate the precision, recall and false detection rate.




2. Test Data


X-band Kompsat-5 SAR data with the HH single polarization of the standard mode was used in this study (Figure 1). The data was provided in the single look complex (SLC) Level 1A format, and the detailed information for the data is summarized in Table 1. As seen in Figure 1, ships on sea and artificial structures on the land are very bright due to the corner reflection effect in SAR imagery. Especially, the ghost phenomenon is very severe in the Kompsat-5 SAR image as seen Figure 1b, and the side-lobe effect is severe in the image as seen Figure 1a. The side-lobe effect is caused by the matched filtering when the SAR image compression is applied [24,25]. The compression of the raw radar signal is represented as a sinc function, and the side lobes of the sinc function are relatively high. The ghost phenomena are caused by aliasing of the Doppler phase history of each target [26]. If the ghost phenomena occur in a SAR image, after-images of land objects having high backscattering coefficients appear in the ocean, and hence, the after-images can be misunderstood as ships because they are much brighter than the sea surface. Therefore, the side-lobe effect and ghost phenomena should be mitigated before detecting ship targets, because they degrade the quality of an image and are an obstacle to ship detection.


Figure 1. Kompsat-5 single look complex (SLC) image used for this study. (a–d) indicate the sub-images magnified from the A to D boxes in the Kompsat-5 SLC image.
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Table 1. Kompsat-5 single look complex (SLC) synthetic aperture radar (SAR) data information. HH: horizontal transmitting and horizontal receiving.







	
Imaging Mode

	
Standard (Strip)




	
Polarization

	
HH




	
Incidence angle (deg.)

	
41.98




	
Azimuth pixel spacing (m)

	
1.75




	
Range pixel spacing (m)

	
1.29




	
Ground-range pixel spacing (m)

	
1.93




	
Azimuth processing bandwidth (Hz)

	
3100




	
Pulse repetition frequency (Hz)

	
4032




	
Orbit

	
Ascending










The shuttle radar topography mission digital elevation model (SRTM DEM) with a spatial resolution of 30 m was used for this study [27]. A synthetic SAR image was simulated from the SRTM DEM and used to mask land area in the SAR image, in order to remove false alarms from the land area. However, some areas, such as fish farms, offshore bars and so on, were still left in the SAR image. The structures over the areas could bring out false detection, as shown in Figure 1c,d. Therefore, we need to mitigate the false detection from the structures for a better ship detection precision.




3. Methods


In this study, we proposed an efficient method to detect ships from Kompsat-5 SAR imagery through the ANN approach. A key of the proposed method is that the input layer of the ANN approach uses two ship-emphasized images through minimizing the negative effects of the SAR image characteristics. Figure 2 presents the detailed workflow of the proposed method. The proposed method is categorized into (1) input-layer generation from a SAR image via SAR image processing, (2) ship-probability map creation through the ANN approach and (3) ship identification from the probability map using threshold value.


Figure 2. Detailed workflow of the proposed method in this study. SAR: synthetic aperture radar; SRTM DEM: shuttle radar topography mission digital elevation model; NL: non-local.
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For more-optimal input-layer generation, we need to (1) enhance ships in the SAR image and (2) reduce the negative effects of the SAR image characteristics, such as the speckle noise, ghost phenomena, side-lobe effect, and so on. Especially, since the negative effects are very severe in the X-band Kompsat-5 image, the effects should be corrected. The input-layer generation procedure is as follows:

	(1)

	
azimuth low-pass filtering, which is designed to mitigate the ghost phenomena,




	(2)

	
multi-look processing, which is normally used for speckle noise reduction,




	(3)

	
sigma-naught conversion, which includes a unit conversion,




	(4)

	
intensity differential image creation,




	(5)

	
texture differential image creation.









The azimuth low-pass filtering is used to mitigate the ghost phenomena. This filter is designed to reduce the azimuth processing bandwidth. If the azimuth processing bandwidth is large, the spatial resolution is high while the ghost effect is severe. Otherwise, low spatial resolution and reduced ghost effect can be seen in the SAR image. For the filter, the SAR SLC image is Fourier transformed in the azimuth direction, and then multiplied with the Hanning window having the bandwidth of n·PRF, where n is a fraction factor and PRF is the pulse repetition frequency. The fraction factor n depends on the characteristics of SAR sensor. Finally, we obtain the ghost-mitigated SLC image after the inverse Fourier transform is applied. The multi-look processing is used for the speckle noise reduction. It is well-known that this step improves SAR image quality [28,29]. The multi-looked SAR image is converted into the sigma-naught image, which has a decibel unit.



In order to create intensity- and texture-differential images, the NL-means and median filters are used. The PDF of the sigma-naught image is a normal distribution, and hence the NL-means filter can be properly applied to the sigma-naught image. The NL-means filter smooths images using weighting factors that are estimated from a similarity between the center and adjacent pixels. For this, the filter uses two moving window kernels, unlike conventional filters. The smoothing factors of the filter can be determined from the standard deviation of noisy areas. Generally, conventional smoothing filters reduce the noise component of images while they smooth the edge of objects. However, the NL-means filter can reduce the noise without smoothing the object edges. Thus, when the NL-means filter is applied to the ship detection, the edge of ships can be preserved while the noise can be well-reduced. The median filter estimates the median value from the window kernel, and hence the filter does effectively remove outliers. The filter has been widely used for smoothing SAR images due to the speckle noise characteristics. The median filter is used to remove small bright objects, such as ship objects, from the SAR image. The details for the intensity- and texture-differential image generation will be followed in the subsections.



After the two input layers are created, the land areas in the input layers are masked out by using the SRTM DEM. Then, they are used for the ANN approach, and finally, the ship-probability map is created. If ground-truth data, such as the automatic information system (AIS), are available, they can be used for training and verification. However, since in-situ data is not available in this study, the training set for the ANN approach is determined by using a statistical threshold technique. Training samples of the ship detection are determined from the range calculated from the intensity-differential image. The ship training samples (PS) are selected as follows:


PS(i,j)={1,ifP(i,j)>MAX(P)−TS×Range(P)0,otherwise,



(1)




where P(i,j) is the pixel value at the range i and azimuth j, TS is the threshold value for the ship samples, MAX(P) is the maximum value of all of the pixels and Range(P) is the range, which is defined as MAX(P) − MIN(P). The non-ship training samples (PNS) are selected by:


PNS(i,j)={1,ifP(i,j)<MIN(P)+TNS×Range(P)0,otherwise,



(2)




where TNS is the threshold value for the non-ship samples. The threshold values of TS = 0.4 and TNS = 0.1 are used for this study, because the standard deviation of sea objects is a smaller value whereas that of ship objects is a higher value.



The final ship detection is performed by applying a threshold value to the ship-probability map. The threshold value is estimated from the histogram of the ship-probability map. This step is done by finding a point that the two PDFs from the ship and non-ship objects cross.



3.1. Intensity Differential Image


The intensity-differential image is created from the sigma-naught image by using the NL-means and median filter operations. Then, the image is used as the input layer of the ANN approach. The intensity-differential image is created by the following procedure:

	(1)

	
applying the NL-means filter to the sigma-naught image,




	(2)

	
applying the median filter to the NL-means-filtered image,




	(3)

	
subtracting the median-filtered image from the NL-means-filtered image.









In this process, it is important to determine the optimal parameters of NL-means and median filters. The NL-means filter is designed to minimize noise effects in the ANN processing. That is, the reason why the NL-means filter is used is to reduce noise without smoothing object edges. Thus, the optimal parameters used for the NL-means filter should be determined by considering the noise reduction as well as the edge preservation. The median filter is used to remove ship objects. Thus, the kernel size of the median filter should be larger than the size of ship objects, because the median value should not come from ship-object pixels but sea-object pixels. If the filter is successful, we will not be able to see any ships in the median-filtered image. The median filter does not remove objects larger than ships, including fish farms and offshore bars, but it smooths the objects. If the larger objects disappear in the image, the ship false-detection might increase. Finally, the intensity-differential image can be created by subtracting the median-filtered image from the NL-means-filtered image. The background is almost zero in the intensity-differential image, and the brightness values of fish farms and offshore bars are low in the image. The intensity-differential image enhances ship targets, and hence it must increase the ship-detection probability.




3.2. Texture Differential Image


The texture-differential image is created from the NL-means-filtered image by using the median filter and sum-of-square operation. The image is used as one of the input layers. The texture differential image is created as follows:

	(1)

	
applying the NL-means filter to the sigma-naught image,




	(2)

	
calculating the difference between the NL-means-filtered image and the sigma-naught image,




	(3)

	
creating the texture image by applying the sum-of-square operation to the difference image,




	(4)

	
applying the median filter to the texture image,




	(5)

	
subtracting the median-filtered image from the texture image.









The texture image is calculated by summing the squares of the pixel values of the difference image within a window kernel. The difference image is acquired by the difference between the sigma-naught image and NL-means-filtered image. The texture differential image is generated by subtracting the median-filtered image from the texture image. The kernel size of the NL-means filter in the texture-differential image generation may be same as, or smaller than, the intensity-differential image generation. The NL-means filter is utilized to enhance the object edges in the texture-image processing, unlike its use for noise reduction in the intensity-image processing. Thus, a little weak filtering can be imposed in the NL-means filtering. If the optimal processing is applied, most ship pixels in the texture image are still bright, except some pixels within large ships. Thus, the ship objects have higher pixel values through the sum-of-square calculation. The brightness values of background pixels are reduced by using the texture-differential image, which is created by subtracting the median-filtered image from the texture image. In this texture-differential image, the ship objects are highlighted, while the side-lobe and ghost effects, fish farms and offshore bars have low brightness values. Therefore, the texture-differential image can be efficiently used to reduce the misdetection rate in some areas.




3.3. Short Description of ANN


ANN is a computing system that is inspired by the biological neural network. It is composed of interconnecting artificial neurons. In general, a neural network function creates a linear output pattern, given a particular input layer [30]. A multilayer perceptron (MLP) is commonly used as several types of neural. The MLP is a feed-forward artificial neural-network model that maps input data onto an appropriate output. An MLP is comprised of multiple node layers. Each layer connects a network with the next layer. In many cases, the units of these networks use a sigmoid function as an activation function. For training the network, MLP utilizes back propagation [31]. The back-propagation algorithm consists of a propagation and weight update phases. In the propagation step, the calculated error, which is the difference between the target value and the output value, is propagated to each layer. By using this propagated error, the weight is modified in a weight-update phase. They are repeated until the network performance is good enough [32]. We implemented the ANN with MATLAB software. The used ANN method is a two-multilayer perceptron with sigmoid-function and four neurons in the hidden layer and one linear-function output neuron. It is also trained with the back-propagation algorithm.





4. Results and Discussion


The X-band Kompsat-5 SLC image listed in Figure 1 was used for the validation of the proposed method. Since the Kompsat-5 image has severe ghost phenomena, the azimuth band-pass filtering was applied first. The fraction factor n = 0.5 was used for the filter, and hence the azimuth processing bandwidth of about 3100 Hz was reduced to that of about 2419 Hz. The ghost phenomena were effectively mitigated in the SAR image, while the spatial resolution in the azimuth direction was degraded from about 2.29 to 2.94 m. In order to reduce the speckle noise of the image, the multi-look operation of 5 × 5 looks in the range and azimuth directions was applied to the image by considering the ratio of azimuth and ground-range pixel spacing. The sigma-naught image was created by considering the incidence angle, and converted into the decibel unit.



To generate the intensity-differential image from the sigma-naught image, the parameters of the NL-means filter was estimated from the standard deviation of some land areas where the intensity of noise components is relatively high. The kernel size of 5 × 5 and the filtering parameter of 5.0 were used for the NL-means filter. The NL-filtered image enhanced the edge of ship objects and reduced the image noise and the side-lobe effects, as shown in Figure 3b, Figure 3f or Figure 3j. The median filter was used to remove ships from the NL-means-filtered image. The kernel size of the median filter of 21 × 21 in both the azimuth and range directions was used for this study, because the maximum length of ships was about 20 pixels. As shown in the Figure 3c, all of the ships disappeared in the median-filtered image, while the fish farms and offshore bars were smoothed but still preserved in the median-filtered image in Figure 3g or Figure 3k. Consequently, the pixel values of the ships in the intensity-differential image were much higher than those of the sea (Figure 3d). Moreover, the side-lobe effect was remarkably reduced, as seen in Figure 3d, and most of the land area, fish farms and offshore bars were removed in Figure 3h or Figure 3l. The intensity-differential image can raise the possibility of ship detection.


Figure 3. Procedure for the generation of a differential image, one of the input layers of artificial neural network (ANN): (a,e,i) the intensity images, (b,f,j) the NL-means filtered images, (c,g,k) the median filtered images and (d,h,l) differential images in the boxes A, C and D (see Figure 1).
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One of the input layers, the texture image, was calculated by summing the squares of the difference between the sigma-naught image and the NL-means-filtered image. In order to enhance the ship objects in the texture image, the kernel size of 5 × 5 and the filtering parameter of 3.0 were used for the NL-means filter. After the NL-means filter was applied to the sigma-naught image, the difference map was generated by subtracting the NL-means-filtered image from the sigma-naught image. Figure 4a, Figure 4e or Figure 4i show the sub-images of the difference image in the boxes A, C and D of Figure 1. In the figures, the object edges were enhanced, and most bright pixels came from ships or buildings. Since most ships and buildings are small, their pixel values could be preserved because most of their pixels can be considered as edges. Moreover, the object edges were enhanced in the texture image by the sum-of-square calculation using the window kernel of 5 × 5, as shown in Figure 4b, Figure 4f or Figure 4j. As seen in Figure 4b, all of the ship pixels in the texture image were much brighter than other objects. This means that the ship objects in Figure 4b were emphasized through the sum-of-square calculation. The median filter, having the kernel size of 21 × 21, was used for the removal of the ships in the texture image. The ships effectively disappeared in Figure 4c. Thus, the ships were much enhanced in the texture-differential image that was created by the difference between the texture image and median-filtered image (Figure 4d), while the pixel values in the fish farms and offshore bars were remarkably reduced (Figure 4d, Figure 4h or Figure 4l). This image can increase the ship-detection rate as well as reduce the false-detection rate. However, the texture-differential image was a little noisy due to the sum-of-square calculation. An image-processing step can be further applied for the noise reduction. In this study, we did not consider the additional noise reduction step because the noise pixel values were very small.


Figure 4. Procedure for the generation of a texture-differential image, which is another input layer used for ANN: (a,e,i) the difference between sigma-naught and NL-means-filtered images, (b,f,j) the texture images, (c,g,k) the median-filtered texture images and (d,h,l) the texture-differential images in the boxes A, C and D (see Figure 1).
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The intensity- and texture-differential images were applied as the input layers to the ANN approach. The training set was obtained by the statistical-threshold approach of Equations (1) and (2). The threshold values of 15.16 and 2.53 for ship and non-ship training selections, respectively, were estimated from the intensity-differential image, and then 67 training ship samples were selected from the statistical-threshold approach. The ANN approach was applied to the ship detection using the two input layers and the training set. Figure 5 shows the ship-probability map estimated by using ANN. The pixels in the ship-probability map have values between 0 and 1. The pixel value of ‘0’ means that the pixel is not a ship at all, while the pixel value of ‘1’ denotes that the pixel is definitely a ship. The sea surface had values as low as 0.1, while the ship objects had values as high as 0.85. If accurate coastline maps or large-scale topographic maps are available, the bridges can be masked out. In Figure 6a,b, the ghost and side-lobe effects were as low as 0.3. As shown in Figure 6c,d, the probability value in the fish farms and offshore bars was lower than the ship objects.


Figure 5. Ship-probability map obtained by using the ANN approach. The boxes A to D are used for the detailed analysis.
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Figure 6. (a–d) The ship-probability maps magnified from the A to D boxes in Figure 5.
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In order to estimate the ship-thresholding value from the ship-probability map, the histogram of the ship-probability map was created (Figure 7). From the histogram, the point that the PDFs of ship and non-ship objects cross was determined, as shown in Figure 7. The threshold value of 0.67 was applied by determining the ship objects from the probability map.


Figure 7. Ship-probability map obtained by using the ANN approach.
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We calculated the recall and precision to validate the performance of the proposed method. The recall (sensitivity) measures how many objects are detected, and the precision denotes how many objects are correct among the detected objects. The recall and precision have a value between 0 and 1. The recall and precision can be defined as given by:


[image: there is no content]



(3)




where Ng is the number of ground truth, Nt is the number of ships detected by ANN and Nr is the number of correctly detected ships.



We found the total number of 78 ships from the SAR image through visual analysis and identified ships by using threshold values of 0.67. When the threshold value of 0.67 was used, 82 objects were identified as ship objects, and 77 objects among them were real ships (while five objects were from ghost phenomena). Thus, in this case, the recall and precision were about 93.9% and 98.7%, respectively. The false-detection rate was 6.1%. Table 2 summarizes the recall, precision and false detection rate from the detection result. The result means that about 98% of all ships can be detected, and the detected assignments are actual ships about 97% of the time. The main reason for false detection was the ghost phenomena. Even though the ghost effect was reduced by the azimuth low-pass filtering, some targets still had a higher brightness value. One of the false detections was due to the barge. The one non-detected ship had a lower value in the NL-means-filtered images, unlike the other ships, because the brightness value of the ship target had a lower value.



Table 2. Recall, precision and false detection rate from the detection result of the test Kompsat-5 image. Ng: number of ground truth, Nt: number of detected ships, Nr: number of correctly detected ships







	
Threshold

	
Ng

	
Nt

	
Nr

	
Recall (%)

	
Precision (%)

	
False Detection Rate (%)






	
0.67

	
78

	
82

	
77

	
93.9

	
98.7

	
6.1










Kompsat-5 SAR imagery has severe ghost phenomena and side-lobe effects. Due to these effects, it is very hard to identify ship targets. To improve the ship-detection rate, we applied the proposed method to the Kompsat-5 SAR image. Almost all the ships were detected by the proposed method, although some of the ghost objects were detected as ship objects. This means that the proposed method was successfully applied to ship detection from the Kompsat-5 SAR image.




5. Conclusions


We showed an efficient method to detect ship targets from the Kompsat-5 SAR image using the artificial neural network (ANN) approach. The method is composed of three main steps: (1) input-layer generation, (2) the ship-probability map generation using the ANN approach and (3) the ship-object identification. For the reduction of the side-lobe effect, ghost phenomena and speckle noises, we used the azimuth band-pass, NL-means filters and the median filter. The intensity- and texture-differential images were generated by image processing from the SAR image, and used as the input layers to enhance ship objects. The training set was derived by the statistical approach and applied to the ANN approach. The ship-probability map was generated and the ship objects were highlighted in the probability map. We have tried to estimate an optimal thresholding value from the probability map. For this, the histogram of the map was created. From the histogram, the point that the PDFs of ship and non-ship objects cross was determined as the optimal threshold value. The threshold value was 0.67.



The performance validation of our proposed method was carried out. The total number of 78 ships were found in the SAR image through visual analysis and identified ships. Through the process, 82 objects were identified as ship objects, and 77 objects among them were real ships, while five objects were from the ghost phenomenon. Thus, in this case, the recall and precision were about 93.9% and 98.7%, respectively. The false-detection rate was 6.1%. This means that about 99% of all ships can be detected, and the detected ships are true ships about 94% of the time.



It is very important to reduce the ghost and side-lobe effects and speckle noises when we find ship objects from the Kompsat-5 SAR imagery. Their reduction can enhance the ship objects in SAR imagery. The proposed method effectively reduced these noise effects, and consequently, the ship objects were well-enhanced as well as detectable. Therefore, the proposed method was successfully applied to ship detection from the Kompsat-5 SAR image. Moreover, the proposed method can be applied to other SAR satellite images such as COSMO-SkyMed and TerraSAR-X by adjusting the filtering parameters of the proposed method. It would be also expected that the proposed method can be applied not only to ANN but also to other deep learning techniques, such as convolutional neural networks (CNN).
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