
 

Analysis Of Backscatter To Extraction Of 
Shoreline Using Machine Learning Methods In 
The Bangkalan Regency  

Fahmi Arifin1, Ashari Wicaksono1,2* 

1 Department of Marine Science, University of Trunojoyo Madura, Jl. Raya Telang PO BOX 2 Kamal-

Bangkalan, East Java, Indonesia 
2 Laboratory of Oceanography, University of Trunojoyo Madura, Jl. Raya Telang PO BOX 2 Kamal-

Bangkalan, East Java, Indonesia 

Abstrak. Coastal areas are often threatened by natural and anthropogenic 

factors, causing instability and shoreline changes in the affected areas. 

Shoreline changes can be monitored with remote sensing techniques such as 
Synthetic Aperture Radar (SAR) data. The purpose of this research is to 

extract the coastline by segmenting the machine learning method and find 

out how far the machine learning model works to distinguish the water class 

and the land class. The method used in this research is the Support Vector 
Machine model to divide the water and land classes that will be utilized to 

obtain shoreline extracts from the model results, and evaluate the model by 

calculating the model accuracy. The overall accuracy results recorded in 

2016 and 2023 are 99.5% and 99%, respectively, with Kappa Coefficients 
of 0.99018 and 0.98138. This study highlights the potential of SAR data and 

SVM methods in monitoring coastal dynamics and can serve as a reference 

for sustainable coastal management. 

1. Introduction 

Coastal areas play an important role in supporting biodiversity and human activities, which 

also affect the economic development of the surrounding area [1]. Coastal areas are often 

threatened by natural and anthropogenic factors, causing instability and shoreline changes in 

the affected areas [2]. Shorelines can be affected by natural activities, such as tides, erosion, 

sedimentation and sea level rise, which require accurate monitoring to reduce negative 

impacts [3]. The coastline in Bangkalan Regency has experienced significant changes in 

recent years. This can occur due to natural processes and human activities, that are quite often 

carried out in coastal areas [20].  

Shoreline changes can be monitored with remote sensing techniques, such as Synthetic 

Aperture Radar (SAR) data [4]. SAR is a radar system that records the earth's surface through 

electromagnetic wave signals [10]. SAR is an active sensor that emits energy radiation to get 

reflections from the object [5]. SAR has advantages over other optical images because it is 

not affected by clouds, weather, or time (day and night). These advantages can be utilized to 
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extract the coastline without worrying about problems in other optical images [6]. SAR, 

especially Sentinel-1, has a high spatial resolution of up to 10 meters, which is good enough 

to be used for coastline extraction. Sentinel-1 has a wide global coverage with a period of 6-

12 days [7]. The frequency emitted by Sentinel-1 is around 5.405GHz, with a wavelength of 

5.5 cm [8].  

The use of SAR data can be utilized as coastline monitoring by extracting the coastline 

using several methods. The method that can be used is machine learning, one of which is the 

Support Vector Machine (SVM) method [9]. The utilization of this SVM method has been 

carried out in many studies, one of which is to identify Land Cover in an image. This research 

will utilize SVM to extract coastlines by separating SAR data from two different classes, for 

example water areas and land areas [9]. The purpose of this research is to extract the coastline 

by segmenting it using a machine learning method and to determine how well the machine 

learnig model works to distiguwish the water class from the land class. This research is 

expected to be a reference for future research that wants to utilize machine learning for coastal 

dynamics analysis. 

1 2. Materials and Method 

2.1 Research Location 

The research site I selected concentrated on the seaside region of Bangkalan Regency (Figure 

1). Bangkalan Regency possesses a substantial coastal expanse hence, it was chosen for 

coastline extraction. At the research site, I partitioned the area into five segments to align 

with the coastline's outlines, so facilitating the identification of significant variations in 

abrasion and accretion [11, 12, 13]. Each segment has a different size, as it relates to the 

dominance of abrasion or accretion occuring in the area [14, 15]. 

 

 
Figure 1. Map of the study area at Bangkalan Regency 

2.2 Data Collection 

This study uses Sentinel-1 SAR data from November 2016 and November 2023 (Table 1). 

The SAR data we used was obtained from https://search.afs.alaska.edu/. SAR data was 

selected because its high spatial resolution enhances the accuracy of extracted coastlines. The 
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Sentinel-1 product used is GRDH with IW recording mode and has VV+VH polarization, but 

we only use VH polarization. The resolution on the GRDH product is 20 meters which is 

sufficient to extract the coastline using satellite imagery [8].  

Table 1. Sentinel-1 image data used in the research  

Date 

Acquired 
Satellite Product 

Acquisition 

Mode 
Polarization 

Spatial 

Resolution 

11/11/2016 Sentinel-1 GRDH IW VH 20 m 

11/15/2023 Sentinel-1 GRDH IW VH 20 m 

2.3 Methods 

2.3.1 Pre-processing SAR image 

Pre-processing is done to improve the quality of the image data before further analysis. This 

stage is important because the Sentinel-1 image in the GRDH product still contains some 

noise that can affect the analysis results [17]. The pre-processing steps we conducted included 

several stages starting from Apply orbit files, Thermal Noise Removal, Remove-GRD Border 

Noise, Radiometric Calibration, Speckle Filter, Terrain Correction, and Convert Linear 

to/form dB (Figure 2). After pre-processing, the image subset is carried out to take the desired 

area precisely in Bangkalan Regency [16].  

Pre-processing is done with the help of the ESA SNAP software, which can be obtained 

for free. The most important pre-processing is in Radiometric correction, which serves to 

improve the accuracy of the recorded backscatter intensity values [38]. Sigma band output 

was selected for this radiometric correction process. The next process is the Speckle filter 

which serves to reduce noise but still retain the important details of the image using the Lee 

Sigma filter on the image used [39]. Next, Terrain Correction is one of the important steps 

performed in pre-processing and serves to remove geometric distortions in the image [40]. 

Terrain correction also improves geolocation accuracy where each pixel produced by the 

image has the correct coordinates [41]. Terrain correction corrects these distortions with the 

help of a Digital Elevation Model (DEM) [42]. Pre-processing is the most important thing to 

do in processing image data. 

 
Figure 2. Backscatter before pre-processing and after pre-processing 2016 and 2023 

2.3.2 Support Vector Machine 

Support Vector machine is a type of supervised learning algorithm used to solve regression 

and classification problems [18]. SVM can effectively classify data that has a linear or non-

linear distribution with the help of a hyperplane. The hyperplane itself is a line that can clearly 

separate two classes in a dimension. Data points or vectors that are near the hyperplane are 

called support vectors. Support vector has a role to separate two classes with a high margin. 

Margin is the distance between two hyperplanes that separate classes from each other in a 

data. The use of SVM in linear classification can accurately classify two classes, but in image 

data that has a non-linear function, the classification of the two classes will get poor results 

[19]. SVM can also classify in the form of non-linear data by using kernel tricks. There are 

several kernels in non-linear SVM classification, one of which is the Radial Basis Function 
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(RBF) technique. This research uses RBF as a kernel in SVM classification because this 

kernel is quite popular and has good performance from other kernels [19].  

Other kernel types such as Linear kernel are used for linearly separable data, but for 

surface data that is non-linear in nature, the linear kernel is not effective [35]. Polynomial 

kernel is suitable for non-linear data, but often requires many parameters that cause 

overfitting [36]. The use of RBF kernel is suitable for separating land and water segments 

using SVM [19]. In addition, the use of the RBF kernel is also commonly used to segment 

land and water, diubah menjadi "simplifying the process of achieving the desired results [37]. 

Studies comparing kernel performances show that the RBF kernel achieves the highest 

accuracy [35]. For example, the linear kernel achieves an accuracy of 86.63%, the polynomial 

kernel reaches 88.67%, and the RBF kernel achieves the highest accuracy at 90.63% [35]. 

2.3.3 Accuracy 

Model evaluation in machine learning is very much needed, this is because evaluation aims 

to measure how well the model works with the data that has been given [21]. Model 

evaluation has various types, such as examples are overall accuracy and kappa coefficient. 

Both evaluation methods can test the classification model of the model used. Overall 

Accuracy (OA) measures the percentage of correct predictions across all data. It provides an 

overview of the model's performance [22].  

 

Overall Accuracy (OA) = (
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑡𝑎 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡

𝑇𝑜𝑡𝑎𝑙 𝑜𝑓 𝑛𝑢𝑚𝑏𝑒𝑟 𝑑𝑎𝑡𝑎
) × 100     (1) 

 

Kappa coefficient (K) is used to provide a more in-depth evaluation. Kappa coefficient 

measures the agreement between model predictions and actual labels by calculating the 

probability of random agreement [23]. 

 

Kappa Coefficient (K)= (
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡−𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡

1−𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡
) × 100    (2) 

   

3 Result and Discussion 

3.1 Backscatter Analysis 

Backscatter analysis is performed to understand the radar reflectivity characteristics of land 

and water surfaces [24]. Backscatter is one of the key parameters in radar data analysis as it 

provides real-time information about the condition of the scanned surface [25]. This research 

analyzes the backscatter value to see and identify the study area in 2016 and 2023. 

Backscatter analysis on image data that has been done and has not been pre-processed has 

different backscatter values. Backscatter values before pre-processing are usually still in the 

form of amplitudes that are difficult to interpret directly on the data [26]. The initial 

backscatter value is usually not calibrated so that there is still a lot of distortion or noise in 

the data so that the analysis will not run smoothly. Noise in the image data is caused by 

coherent interference between signals reflected from different surfaces [27]. Noise also 

makes the real value in the image look random so that pre-processing treatment is needed in 

the analysis of a SAR image to remove noise by radiometric correction and Speckle Filter 

[28]. 

In addition to the noise in the data, the raw image data has also not adjusted to the 

appropriate coordinate points, so it is very necessary to do one of the pre-processing [29]. 

Image data that has been geometrically corrected will return to the actual coordinates [29]. 
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The pre-processing carried out has its own role to maximize the data for the following 

analysis. The next pre-processing step is to change the amplitude value which is the raw 

signal value from the radar to sigma0 which is the backscatter value that has been done 

radiometric calibration, then change the sigma0 value into intensity with a decibel (dB) value 

[16]. The process of changing the value is very important for further analysis because it is 

easier to interpret the value of data. 

 
Figure 3. Backscatter before pre-processing and after pre-processing 2016 and 2023 

Figure 3 shows a comparison of histograms before and after pre-processing. As 

previously explained, the value of each pixel in the image data that has not been pre-

processed, the value of the data has a value ranging from 0 to 4.4 but there are 2 peaks in the 

distribution, namely with a value of 1.2-1.4 while the other peak has a value of 2.0-2.4, the 

value of the two peaks in 2016 and 2023 looks almost uniform. In contrast to the data that 

has been pre-processed where the backscatter value has been converted in decibel (dB) units, 

the bacscatter intensity values range from -50dB to 20dB. The value distribution becomes 

easier to interpret because it has a wider range of values compared to image data that has not 

been pre-processed. The distribution of values in the image after pre-processing where the 

first peak has a value range of -30dB to -25dB and the second peak ranges from -15dB to -

10dB. The first peak is a low backscatter value that has a class like water area and the second 

peak shows a high backscatter class that identifies land [30].  

The backscatter value on a smooth water surface tends to be lower because the surface is 

relatively smooth with respect to wavelength, so most of the energy is reflected specularly 

and away from the sensor [43]. Backscatter values on rougher water surfaces tend to have 

slightly higher values [43]. Backscatter values on land surfaces are higher due to roughness 

and heterogeneity in wavelength [44]. Urban areas, vegetation and soil type provide 

variations in backscatter values [45]. Areas of dense vegetation and tall buildings have 

relatively higher values than vacant land which has intermediate values [45]. This vacant area 

is one of the areas that may be the boundary between water and land in coastal areas so that 

it can divide the two types of areas and depends on the moisture content of the area. 

3.2 Support Vector Machine (SVM) Application 

Based on the classification results using Support Vector Machine (SVM) with two classes, 

namely land (white) and water (black), we used 620 sample points, consisting of 310 points 

for water and 310 points for land, with a division of 70% training data and 30% validation 

data [31]. When training the SVM classifier, we chose the Radial Basis Function (RBF) 

kernel type and the cost parameter (C) = 10. The use of the RBF kernel is very effective 

because it has a good ability to handle non-linear data and distinguish two classes more 

optimally [19]. Choosing a cost value of 10, the SVM model used becomes more sensitive to 
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misclassification of the data used. Where the fines for misclassified data get really significant. 

Although the model becomes more sensitive to noise or minor data fluctuations, it is more 

exact in separating the two classes [19].  

The classification outcomes from 2016 and 2023 exhibit variations in class distribution. 

In 2016, the classification results indicated that the water (black) class predominated in 

aquatic regions, including seas and rivers, whereas the land (white) class prevailed in most 

terrestrial areas (Figure 4). In 2023, it can be seen from the classification results that there is 

a little noise that occurs in the sea area, where many white spots represent the land class. The 

water class (black) also increasingly spreads in the land area in 2023 (Figure 4). These 

changes occur due to several possible factors, such as the influence of sedimentation, or the 

rise of water areas due to weather and human activities [32, 33]. Another factor is the image 

data, which may contain noise that escapes pre-processing or bias also caused by the 

recording of the Sentinel-1 product. 

The class distributions in both years showed a good quality of separation between water 

and land, with sharp and consistent classification results. With a balanced number of samples 

between the two classes, 310 for water and 310 for land and a reasonable proportion of 

training and validation data, the SVM models trained tended to give accurate results.The map 

visualization shows that the SVM successfully utilizes the backscatter pattern of the radar 

data to distinguish between water and land classes. 

The choice of an RBF kernel with an adequately elevated cost parameter facilitates 

optimal differentiation between the two classes, yielding a classification map with a distinct 

boundary separating water from land. The alterations noted between 2016 and 2023 signify 

that expansion transpired in 2023. The presence of noise in the Sentinel-1 image is shown by 

sea areas being classified as land (white), which is deemed a mistake. To assess the 

effectiveness of this SVM model, numerical assessments such as Overall Accuracy (OA) and 

Kappa Coefficient must be conducted to ascertain the model's predictive accuracy. The 

results facilitate further investigation to comprehend the origins of these changes, stemming 

from both natural processes and anthropogenic activity in the region.  

 

 
Figure 4. Segments of Shoreline 2013 and 2024 
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3.3 Accuracy of SVM Model 

The assessment of the SVM model utilizing the Radial Basis Function (RBF) kernel employs 

two evaluation metrics: overall accuracy and the kappa coefficient. The overall accuracy 

results recorded in 2016 and 2023 are 99.5% and 99%, respectively. The Kappa Coefficient 

yielded results of 0.99018 for 2016 and 0.98138 for 2023. From both evaluation results, it 

can be said that it is very good even though there was a slight decrease in the 2023 values. 

This decrease can be attributed to the noise that occurs in 2023 where there are several land 

classes (white) in areas that should be marine areas. However, the model in this study is good 

because it gets the OA and Kappa Coefficient values which are included in the very good 

category and can separate the water and land areas to further extract the coastline from the 

classification results with the SVM model [16, 31]. Other studies have compared the accuracy 

of SVM with other machine learning, namely Random Forest (RF) and Convolutional Neural 

Network (CNN) but the highest value is produced by the RF method [47]. The RF accuracy 

value is 95%, the SVM accuracy value is 92% and the CNN method is 91% [46, 48]. The use 

of SVM on our data has a high accuracy value compared to these studies. Therefore, further 

research is needed to determine the performance of the three methods to apply the data used 

in this study, as well as for model exploration and data availability.  

Table 2. Overall accuracy (OA) and kappa coefficient of Sentinel-1 image with SVM 

Year Satellite Overall Accuracy (%) Kappa Coefficient 

2016 Sentinel-1 99.5 0.99018 

2023 Sentinel-1 99 0.98138 

3.4 Shoreline Extraction Result 

The coastline extraction results obtained from classification with the SVM method show 

differences in 2016 and 2023. The coastline marked in red is the coastline in 2016, and green 

for 2023 (Figure 5). It can be seen from the results in Segment A that, visually, there are 

several areas where accretion and abrasion are balanced. In Segment B, there is a significant 

difference that occurs in the coastline in 2023, where the coastline enters the land area. This 

may occur due to the area being a pond area adjacent to the sea, so that it is identified as 

water and joins the sea area. In addition, there is visually balanced accretion and abrasion in 

the segment (Figure 5). In Segment C, there is one area of significant difference, where in 

2023, there is an increase in the shoreline from 2016, as seen from the overlay of the two 

shorelines (Figure 5). Segment D has a few cases that are quite different because there are 

several beachfront buildings that are exposed to abrasion, so that they appear to recede. 

Besides that, the development of beachfront construction is also balanced in several areas of 

Segment D (Figure 5). Segment E looks balanced in the western part because, in some areas, 

there is the same abrasion and accretion. However, it is different from the eastern area, which 

is dominated by abrasion. 

4 Conclusions 

This study successfully showed the changes in the coastline in Bangkalan Regency using 

Sentinel-1 SAR data in 2016 and 2023. With the Support Vector Machine (SVM) method 

using the Radial Basis Function (RBF) kernel, the classification results show a sharp and 

accurate separation between water and land areas, with an overall accuracy of 99.5% (2016) 

and 99% (2023), and kappa coefficients of 0.99018 and 0.98138, respectively. The analysis 

showed significant differences in some shoreline segments, with varying indications of 

abrasion and accretion. Factors causing change include natural processes such as 
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sedimentation and human activities, including pond development and coastal construction. 

Although the model performed very well, some classification errors related to noise were still 

identified, especially in the 2023 data. This study confirms the potential of SAR data and 

SVM methods in monitoring shoreline dynamics, which can be further utilized for 

environmental analysis and coastal area management.   

 

 
 

Figure 5. 2016 and 2023 shoreline extraction results after SVM classification 
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