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Abstract: The coastline is an important component of coastal management studies. The 
coastline changes rapidly over time, therefore it is necessary to have methods of monitoring 
the shoreline quickly and continuously. In this study, Sentinel–1A satellite imagery is used 
to extract the coastline in Phan Thiet City. The boundary between land and water is 
determined by a two–step process: fuzzy clustering and interactive thresholding. 
Subsequently, the coastline in the study area was extracted into vector form. Finally, this 
shoreline is compared to manually digitized shoreline. There are 350 locations considered 
to determine the distance between two shorelines, of which 274 locations (77%) are 0 to 5 
m (equivalent to ½ pixel) and 76 (23%) locations are over 5 m. In addition, the DSAS 
statistics has also provided a detailed view of the seasonal change of shoreline for two years 
(2016 and 2017). The study results showed that effective application capabilities of 
Sentinel–1A radar satellite image data to quickly assess the erosion/accretion of coastal 
areas. 
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1. Introduction 

The shoreline is considered as one of the most dynamic linear features in the coastal [1] 
and it is simply defined as the physical interface between land and water [2]. The location of 
the shoreline changes continually through time under the influence of ocean elements (tides, 
waves, wind), coastal geomorphology contexts (erosion, accretion) as well as the human 
social and economic activities [3]. Therefore, researchers have used the term instantaneous 
shoreline to describe the position of the land–water interface in a certain time [4–5]. 
Determining shoreline change through time are required for application to in direction of 
sediment transport [6–8], monitoring coastal erosion/accretion [9–11] and management of 
coastal resources [12]. 

The shoreline position changes were obtained by collecting data and extracting shoreline 
information from ground surveying and aerial photography, but it is expensive and time–
consuming methods [13–15]. Alternatively, the shorelines can be extracted directly through 
the analysis of satellite imagery data [16], including the use of multispectral/hyperspectral 
satellite images [17–21] and radar images [22–24]. The satellite image is being widely used 
in the detection of the coastline changes by setting a threshold for land and water separations 
which proved a cost–effective approach for the study of the coast. Based on the spectral 
reflectance of land and water, the optical images provide a simple way to extract shorelines. 
Unfortunately, those images are sensitive to weather conditions, especially in tropical marine 
climate areas. Radar interacts with the surface features in ways different from the optical 
radiation. Radar images receive the contrast of the dielectric properties and surface roughness 
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to determine the boundary between land versus water [25–26]. Besides, the microwave 
energy radar is capable of penetrating cloud cover and sensing at night, so it is suitable for 
shoreline positions changes monitoring at short (monthly) intervals. In recent years, the 
shoreline indicators corresponding with reference to different tidal datums can be derived 
easily by light detection and range (LiDAR) data which are acquired at a low water level 
[27–28]. However, the created shoreline is often broken [29–30] and LiDAR is an expensive 
technique [31], therefore it is not suitable for continuous coastal monitoring with limited 
funding. In this research, the Sentinel–1 SAR (Synthetic Aperture Radar) satellite imagery 
data provided by European Space Agency (ESA) is used to extract shoreline information. 

The interpretation of SAR images is difficult because of the presence of speckle noise 
and non–uniform signal characteristics [32]. In recent years, there are many studies involving 
the improvement of methods for extraction of coastlines from SAR data, such as edge 
detection and edge–tracing algorithm [33–35] setting threshold [36–38]; active contour 
model [39] clustering [40–43] or combining methods [43–45]. In particular, the clustering 
method is considered to be the removal of speckle noise from the satellite images [46]. 

Erteza extracted the shoreline automatically from SAR images based on the development 
of 3 algorithms [36]. Including, histogram equalization is used to accentuate the land/water 
boundary on pre–processing steps. The next step, a threshold is set to maximum filter to 
enhance the land–water boundary and produces a single–pixel–wide coastline. Finally, the 
contour tracing algorithm is applied to mark a single pixel wide as small islands. Modava 
presented an efficient approach to extracting coastlines from high–resolution SAR images 
[43]. The first, spatial fuzzy c–means clustering is applied to cluster pixel values into two 
classes of land and water. After that, reasonable threshold used to segment on the 
fuzzification results using Otsu’s method and morphological filters are used to eliminate 
spurious segments on the binary image. Third, the active contour level set method was 
applied to refine the segmentation. Demir et al. proposed a fuzzy logic approach to classify 
the land and water pixels [47–48]. Pre–processing of SAR image is consisting of reducing 
radar noise and speckle by Lee filter using and terrain correction by the Shuttle Radar 
Topography Mission (SRTM) digital surface model. Then, the fuzzy clustering using mean 
standard deviation method is applied to classify the preprocessing result with calculated 
parameters. In the post–processing step, the morphological filter is applied to remove the 
zigzag effects of the detected shorelines. 

In this present study, fuzzy membership functions are applied to assign fuzzy 
membership values to crisp values which has been successfully applied in the SAR image 
analysis by Demir et al [47–48]. The next method used in the shoreline extraction process is 
the application of an appropriate threshold for segmenting the image. From the result of 
determining the boundary between land and water, the data is converted to vector. The Digital 
Shoreline Analysis System (DSAS) used to calculate differences in the shoreline rates, which 
are extracted from the fuzzy clustering–interactive thresholding method and manually 
digitized method. Finally, a short analysis is used to compare the differences in the shoreline 
between two seasons of the year. 

2. Materials and Methods 

2.1. Study Area 

A portion of Binh Thuan Province coast was selected as the study area, which its length is 
approximately 90 kilometers. Located in the Southeast Region of Vietnam, its geographical 
coordinate has the range of the longitude (105o48’33”E–107o35’58”E) and latitude 
(10o19’13”N–12o17’54”) in Figure 1. 
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Figure 1. Map of the study area. 

The study area province is located in in the tropical monsoon region, with two main wind 
directions: Northeast (from November to April) and Southwest (from May to October). The 
average yearly temperature is 27 °C and average rainfall is 1,024 mm. The average tide range 
is 2–3 meters [49]. This coastal area has enormous potential for aquaculture, seaports and 
especially for tourism. However, the coast has been experiencing severe erosion for years, 
although eroded sections have been constructed for protection. Some studies have shown that 
the construction of breakwaters affects the erosion–accretion law in this area. Understand the 
causes and rules of erosion–accretion is necessary to support the development of effective 
technical solutions for the planning and sustainable development of Binh Thuan's coastal 
zone. 

2.2. Data Sets 

To extract the shoreline from SAR data, Sentinel–1 images are obtained free of charge 
from European Space Agency (ESA) Sentinels Scientific Data Hub. The Sentinel–1 is the 
radar imaging mission, which provides continuous all–weather day/night imagery for land 
and ocean services at C–band with a repeat cycle of 12 days (a single satellite) or 6 days 
(two–satellite constellation). The dataset in this research for the extraction of the shoreline is 
two images of Sentinel–1 IW Level 1 GRD data acquired in VH/VV polarization with the 
ground resolution 10m. 

For SAR image time series analysis, the time to collect image data sentinel should 
depend on the following factors: representing the northeast and southwest wind seasons, 
suitability of tide data and image acquisition. First, to describe the change of coastline in two 
seasons with different wind direction and wave direction, satellite imagery data will be 
collected in June–July and November–December. Secondly, attention should be paid to the 
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characteristics of the tide because the shoreline is a dynamic line ranging between high and 
low tide. 

A number of studies have adjusted tide–coordinated shoreline-based tide data, field data, 
digital model... However, this correction process is often difficult and inaccurate. In this 
study, based on the collected tide data at the Vung Tau tide gauge, both SAR images were 
acquired at equal high tide conditions (3,2 m), which are described in Table 1. 

Table 1. Characteristics of Sentinel–1A level 1 GRD IW product used in this study. 

Image Max Tide 
Date Acq. GMT 

(HHMM) 
Acq. GMT 
(HHMM) 

H 
(m) 

Aug 2016 22:36 23:00 3.2 
01 Dec 2016 22:36 23:00 3.2 
06 Jul 2017 11:02 11:00 3.2 

15 Nov 2017 11:03 11:29 3.2 

2.3 Methodology 

The implementation method consists of five steps as shown in Figure 2. 
 

Figure 2. Processing workflow. 

2.3.1 Pre–Processing SAR Images 

All the obtained Sentinel images are refined with the orbit files which provides accurate 
satellite position and velocity information of each product. The data is acquired from the 
same sensor at different times, so radiometric correction is necessary for converting digital 
pixel values to radar backscatter in SAR images. The Lee filter, one of the spatial filtering 
methods is applied to reduce speckle noise and non–uniform signal characteristics of the 
signals returning from the ocean surface for calibrated SAR images. Then, filtered images 
are terrain–corrected using SRTM digital surface model for the purpose of repairing 
geometric distortions that lead to geolocation errors. The geographic coordinate system is the 
World Geodetic System 84 (WGS 84) and the selected projection is UTM zone 49 North. 
The SAR data are preprocessed by the open source software SNAP Toolbox which is 
provided by the European Space Agency (Figure 3). 

 

Pre - Processing 
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Post - Processing 

Quality Assesment 

Analysis of Change 
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Figure 3. (a) Original SAR image; (b) image after Pre–Processing. 

2.3.2 Determining of Land and Sea   

The boundary between land and water is determined through a two–step process: fuzzy 
clustering and interactive thresholding. The ArcGIS software is used for solving the problem 
of determining of land and sea. Firstly, the fuzzy membership functions are used to 
transforms the averaged SAR image to a 0 to 1 possibility scale based on the designation of 
membership to a specified set. Because the average and standard deviations between soil and 
water pixels are very large, the fuzzy clustering function is set according to the formula (1) 
to optimize the data dispersion: 

𝜇(𝑥) = 1 −  𝑖𝑓 𝑥 > 𝑎𝑚 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝜇(𝑥) = 0      (1) 

where m is the mean; s is the standard deviation; b and a are multipliers. 
To initialize fuzzy membership function, a series of empirical values used for selection 

of the multipliers a and b. Experimental results show that a = 0.43 and b = 0.04 are appropriate 
to maximize the land surface membership of the study area. The results of using fuzzy 
clustering are shown in Figure 4. 

 
Figure 4. Results of applying fuzzy clustering. 

At the next result of methodology, an optimal histogram thresholding in this case is 
0.502, which is used to create binary images. The boundary between land and water is defined 
as a sign for extracting the shoreline. The created binary image contains pixel values of 1 
(Red) or 0 (black), where the pixel values above the defined threshold was divided into the 
land (Red) and the opposite was divided into the sea (black). The boundary between the land 
and the water on the binary image is determined to extract the shoreline (Figure 5). 

 
Figure 5. Result of applying the threshold for separation between land (red) and water (black). 
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2.3.3 Extraction of the shoreline data 

After separation between the land and sea, the segment results are further processed as 
extraction of the line from the region–segmented result, generalizing to eliminate the lines 
zigzag vectors (Figure 6). 

 
Figure 6. The shoreline results were extracted from the Sentinel–1A satellite image. 

3. Results and Discussion 

The shoreline result (15 Nov 2017) is assessed with digitized manual shoreline, by 
calculating the perpendicular distance between the two shorelines. The extracted shoreline 
from the digitization method are shown in Figure 7. 

 
Figure 7. The shoreline results were extracted from the Sentinel–1A satellite image using 
digitization. 

The DSAS (Computer Software for Calculating Shoreline Change) tool is used to 
calculate differences in the shoreline rates, which are extracted from the fuzzy clustering – 
interactive thresholding method and manually digitized method (Figure 8). 

 

Figure 8. The location of the distance lines between the two shorelines is determined by the DSAS 
tool (15 Nov 2017). 
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Statistical results for 350 locations to calculate the distance between the two shoreline 
results are shown in Figure 9. 

 
Figure 9. Differences in distance between 2 shorelines. 

Of which, 274 (77%) locations had a distance between the 2 shorelines from 0 to 5 m 
(equivalent to the error of half a pixel), 76 (23%) of positions had a distance between the two 
shorelines over 5 m. The average distance between two coastlines is 3 m, the longest distance 
is 13 m. The results show that it is possible to clearly distinguish the boundary between land 
and water through the extraction of the shoreline from the Sentinel–1A satellite image fuzzy 
clustering and interactive thresholding. Further, additional field survey data or other data 
sources are needed to assess the accuracy of the result. 

To consider how the wind factor affects the shoreline morphology, the DSAS tool is also 
used to analyze the position change of the shoreline over two seasons of the year. The Mui 
Ne and Hon Rom areas represent the study area. The results of extracting the shoreline from 
Sentinel–1 SAR images at 4 periods are shown in Figure 10. 

  

 

Figure 10. The shoreline results were extracted from the Sentinel–1A satellite image using 
digitization at 4 periods. 
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The DSAS statistics provided a detailed view of the seasonal change of shoreline for two 
years on the Binh Thuan coast. The results show similarity in the morphological change of 
the shoreline. During the southwest monsoon (from May to October), the coastline in the 
wind–receiving area tends to move inland. On the contrary, during the southeast monsoon 
(from November to April), the coastline tends to shift to the sea. The above results will be 
used for other research purposes in the future. 

4. Conclusion 

The results of the extracted shoreline from the Sentinel–1A satellite image show the 
applicability of radar satellite imagery in coastal monitoring. Sentinel–1A satellite image is 
not affected by weather, can be monitored over a large area, high spatial resolution and 
provided free of charge. These are important data sources and they can satisfy the need for 
continuous coastal monitoring. From there, it helps to support the right plans for erosion and 
deposition in the coastal area. 
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