
* Corresponding Author Cite this study 

*(sheidafathi68@gmail.com) ORCID ID 0000-0002-0019-4824 
 (tavakkoli@khu.ac.ir) ORCID ID 3026 – 3448 – 0002 – 0000 
 (zeaiean@khu.ac.ir) ORCID ID 0000-0001-8407-5605 
 (a.hosingholizade@ut.ac.ir) ORCID ID 0000 – 0001 – 5286 – 1361 

 

Fathi, S., Sabour, S. M. T., Firouzabadi, P. Z., & Hosingholizade, A. (2023). Comparison of 
active and passive remote sensing data in extracting coastlines. Intercontinental 
Geoinformation Days (IGD), 6, 148-151, Baku, Azerbaijan 
 
 

 

6th Intercontinental Geoinformation Days (IGD) – 13-14 June 2023 – Baku, Azerbaijan 
 

 

 

 

6th Intercontinental Geoinformation Days  

 

igd.mersin.edu.tr 

 
 
 

Comparison of active and passive remote sensing data in extracting coastlines 
 

Sheida Fathi1 , Seyed Mohamad Tavakkoli Sabour*1 , Parviz Zeaiean Firouzabadi 1 , Ali Hosingholizade 2  

 
1University of Kharazmi, Geography, Department of Remote Sensing and GIS, Tehran, Iran 
2University of Tehran, Geography, Department of Remote Sensing and GIS, Tehran, Iran 
 
 
 

Keywords  Abstract 
Shoreline 
Sentinel1 
OLI  
Optical indicators 

Zarivar lake 
 

 Coastal environments are one of the most sensitive environmental systems that are affected 
by hydrodynamic processes and rapid changes. Also, from an ecological point of view, coastal 
areas are of high value due to having sensitive and productive ecosystems. Therefore, 
extracting characteristics of coastlines and revealing their changes is very efficient and vital 
for various applications. In this research, the coastline of Zarivar Lake located in the Kurdistan 
province of Iran extracted thriough image processing techniques including minimum distance, 
maximum probability, optical indices NDVI, NDWI, TCW and band ratios of Oli bands (5/3) 
and (6/3). In this regard, coastlines were extracted after necessary processing. The results 
showed that the 5/3 band ratio method in coastline extraction has an average error of 90 
meters when using OLI data, and the maximum likelihood classification has an average error 
of 120 meters in comparision to visual interpretation when using Sentinel 1 Microwave data 

 
 
 

1. Introduction  
 

Coastlines are constantly changing due to different 
human and natural factors (Toure et al. 2019; Ciritci and 
Türk. 2019). Observing these lines is necessary for 
constant and continuous monitoring of the lake water 
level (Sojka et al. 2022; Abdelhady et al. 2022). These 
lines have been defined by the International Committee 
of Geographic Data  (ICGD) as one of the most important 
geographical complications and the intersection between 
water and land levels (Halder et al. 2022), which can be 
determined using different methods and for various 
applications (Tajima et al. 2021). In the past, traditional 
methods were used to monitor these lines. These 
methods were expensive and time consuming. In 
addition, due to the unavailability of some measuring 
lines, they were not done (Templin et al. 2018). 
Shoreline is a dynamic and unique area, and in fact, it is 
the junction of water and land, which is always affected 
by the action and reactions of the two on each other 
(Mutagi et al. 2022). In order to have a proper coastline 
detection method, it is necessary to evaluate the existing 
methods in order to propose better approaches to detect 
the coastline of each region (Abdul Maulud et al. 2022). 
In this research, we will investigate and compare 
different methods of determining coastlines using OLI 
(optical data) and Sentinel 1 (radar data). The results of 
this research can help managers and planners to adopt a 

suitable approach for coastal areas. Figure 1 shows the 
implementation of the research. 
 

 
Figure 1. Research implementation process 

 

2. Method 
 

2.1. Study area 
 

Zarivar Lake is a boiling water ecosystem located 3 
kilometers west and northwest of Marivan city. The 
length of the lake perimeter is 25 km and its maximum 
depth is about 5.85 meters. According to the water 
conditions of the internal springs of the lake and the 
discharge of the rivers leading to it, its area fluctuates 
between 7.8 and 20 square kilometers. The height of the 
lake is about 1290 meters above sea level. The lake has 
an almost oval shape and is slightly bent towards the 
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west, which is caused by the accumulation of sediments 
that have entered this part of the lake through seasonal 
rivers. This lake is located inside a wide valley, which is 
surrounded by low mountains on three sides, north, west 
and east. Figure 2 shows the location of Zarivar Lake in 
the study area. 
 

 
Figure 2. Location map of the study area 

 

2.2. Data  
 

In this study, OLI, Sentinel 1 and 2 data and DEM 
pertaining to study area were downloaded and used.  The 
images were used with zero cloud cover so as not to 
interfere with the use of different algorithms. Table 1 
shows the date of collection and the type of images used. 
 

Table 1. Data and Date 
Date Sensor Satellite 

2015-03-10 OLI1  
Landsat 8 2015-04-27 OLI2 

2016-03-12 OLI3 

2016-05-15 OLI4 

2015-04-04 Radar1  
Sentinel-1 2015-05-21 Radar2 

2016-03-10 Radar3 

2016-05-21 Radar4 

 
2.3.  Coastline extraction methods/ algorithms 
  

Before implementing processing algorithms, 
preprocessing techniques including calibration were 
applied to all images. 
 
2.4.  Maximum likelihood algorithm 
 

This algorithm calculates the conditional 
probabilities of membership in each class based on the 
comparison of the spectral values of each pixel with the 
statistics of each training set. In order to implement this 
method, it is necessary to have several bands and 
introduce land use landcover classes and samples, so that 
the classes used for the classification methods were 
considered completely identical. 
 
2.5 Minimum distance (MD) algorithm 
 

In this algorithm, the distance of each unclassified 
pixel is compared with the average pixels’ values in each 

trainig sits, and the desired pixel is assigned to the class 
that has the closest distance to its average  (Wicaksono et 
al. 2019). Table 2 shows thresholds. 
 
2.6. Normalized Difference Vegetation Index (NDVI) 

 
It is one of the most widely used indicators for 

monitoring vegetation changes, whose numerical value 
ranges from -1 to +1. By introducing a threshold limit for 
the index (Table 2), NDVI image was classified again and 
water was separated from soil and the coastline was 
extracted (Gonçalves et al. 2019).  
 
2.7.  Normalized Difference water Index (NDWI) 
 

One of the non-normalized indicators is water and the 
amount of water in plants. Its value range is between -1 
and +1 (Wicaksono et al. 2019).      Table 2 shows 
thresholds.  
 
2.8.  TASSELED Cap Wetness (TCW) 
 

It is one of the indicators of humidity, which is 
obtained from the comparison of a number of visible, 
near infrared and short infrared bands. In this method, 
the threshold was introduced for each image (Chen et al. 
2019). Table 2 shows thresholds. 
 
2.9. Oli Band ratio 5 to 3 and 6 to 3 
 

The use of band ratios of 5/3 and 6/3 is because of the 
different water reflectances in these bands. For example, 
water reflection in band 6 of the OLI sensor is close to 
zero and band 3 is higher than this value. If the result of 
these ratios is smaller than 1, it means water, otherwise 
it is considered dryland (Liu et al. 2017).  “Table 2” shows 
thresholds. 
 
2.10.  Estimating the accuracy of coastline extraction 
 

Usually, to estimate the classification accuracy, the 
error matrix is used, which estimates the error based on 
the classified and ground truth observations. 
Considering that the aim of this research is to extract the 
coastline, the main classification error occurs exactly on 
these borders. Therefore, it is possible that the accuracy 
of the classification based on the error matrix even 
reaches 95% and has a 5% error, and it is also possible 
that the same 5% happened on the coastline. On the other 
hand, the classification accuracy through the error 
matrix cannot indicate the accuracy of coastline 
extraction. Therefore, for this estimation, the coastline 
distance method was used from the base data. The 
results of this investigation method were presented 
based on the calculation of absolute difference, relative 
difference and percentage of relative difference. The 
stated values are the results of the sharing process of two 
reference and classified data. In such a way that the layer 
resulting from UNION has an area, which three numbers 
are proposed as area: 
A) The common area of the two layers detected in both 
waters 
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B) The area estimated in the water reference data, but in 
the classified soil data 
C) The area specified in the classified water data but in 
the soil reference data 
Absolute difference = total non-common area (b, c) 
Relative difference = absolute difference/lake area 
Percentage of relative difference = relative difference × 
100 

The absolute difference value is obtained from the 
sum of the areas. The sum of these distances represents 
the sum of absolute difference. The total size of these 
distances (absolute difference) indicates the amount of 
error in estimating the coastline, the higher this value, 
the greater the error. 
 

Table 2. Methos and Threshold 
Method Threshold Data 

NDVI 
 
 
 

0.011 < OLI1 
0.28 < OLI2 
0.10 < OLI3 
0.26 < OLI4 

NDWI 
 
 
 

>-0.05    <-0.01 OLI1 
>-0.20    <-0.02 OLI2 
>-0.15    <-0.04 OLI3 
>-0.25    <-0.07 OLI4 

TCW >-1500 OLI1 
>0 OLI2 

>-1500 OLI3 
>0 OLI4 

Band ratio 
5:3 

<0.10 OLI1 
<0.25 OLI2 
<0.08 OLI3 
<0.23 OLI4 

Band ratio 6:3 0.10> OLI1 
0.08> OLI2 
0.08> OLI3 
0.05> OLI4 

 

3. Results  
 

Table 3 shows the estimation error of the coastline 
in meters. The measuring criterion is the comparison of 
the obtained coastline with the Shapfile of the lake, which 
was obtained by the ground mapping method with the 
total station Leica TS02 camera with an accuracy of 7 
seconds of gradation. 

 

Table 3. Method and Error rate 
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OLI1 23 29 18 9 104 146 7 5 
OLI2 23 62 09 7 126 240   6 3 
OLI3 41 26 30 7 155 166  04 9 
OLI4 70 42 30 09 142 174 7 03 

Radar1 78 40 40 - - - - - 
Radar2 43 45 9 - - - - - 
Radar3 40 47 26 - - - - - 
Radar4 80 49 20 - - - - - 

 
Figure 3 shows some of the outputs. As can be seen, 

Figure 3 (a) shows the lowest value of the lake area 
obtained by the MD classification method. Figure 3 (d) 

shows the largest area of the lake compared to the land 
estimate. 
 

 
Figure 3. MD (a), NDVI (b), MLC (c), 

 Band ratio 5/3 (d) 
 

4. Discussion 
 

By examining the results and comparing them, it can 
be found that the use of a band ratio of OLI band 3/5 is 
more accurate in extracting the coastline than other 
methods used in this research, which may be due to the 
strong difference in the reflection of the lake surface. 
(water) and beach (non-water). Based on the data in the 
“table 3”, this value for the bandwidth ratio of 5/3 shows 
the value of 77 meters. Also, NDVI and NDWI indices 
show much better results than ML and MD classification 
algorithms. Regarding the use of radar data, the accuracy 
of determining coastlines visually and the use of MD and 
MLC classifications have brought better results. 
Therefore, it can be concluded that in order to determine 
the coastlines more accurately, the difference of 
reflection in different bands can be used as an effective 
basic solution in determining the coastlines. 

 

5. Conclusion  
 

According to the results, it can be concluded that the 
accurate extraction of the coastline on each image is done 
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with a special method. every method however complex, 
will not necessarily have a more accurate result than 
other methods. In this research, in order to accurately 
extract the coastline on radar images, classification 
methods were much less accurate than simpler methods 
such as visual interpretation. if radar images with more 
bands and polarizations are available, they can bring 
much better results from more accurate extraction of the 
coastline. Regarding the indicators, due to the difference 
and diversity in the lake and the coast, the method that 
showed the best results on Landsat images to extract the 
coastline was the use of a band ratio of 5 (near infrared) 
to 3 (green), which is due to the great difference. Water 
reflections were in these two spectral ranges. It is 
suggested that in the future research, according to the 
purpose and conditions of the region, if the aim is to 
study blue areas, radar images with different 
polarizations and optical images should be used 
simultaneously. 

 

Acknowledgement 
 

The authors of this article express their gratitude to 
the Department of Remote Sensing and GIS of Kharazmi 
University in Tehran for their assistance in preparing this 
research. 

 

References  
 

 

Abdelhady, H. U., Troy, C. D., Habib, A., & Manish, R. 
(2022). A simple, fully automated shoreline detection 
algorithm for high-resolution multi-spectral imagery. 
Remote Sensing, 14(3), 557.  
https://doi.org/10.3390/rs14030557 

Abdul Maulud, K. N., Selamat, S. N., Mohd, F. A., Md Noor, 
N., Wan Mohd Jaafar, W. S., Kamarudin, M. K. A., & 
Ahmad, A. (2022). Assessment of Shoreline Changes 
for the Selangor Coast, Malaysia, Using the Digital 
Shoreline Analysis System Technique. Urban Science, 
6(4), 71. https://doi.org/10.3390/urbansci6040071 

Chen, C., Fu, J., Zhang, S., & Zhao, X. (2019). Coastline 
information extraction based on the tasseled cap 
transformation of Landsat-8 OLI images. Estuarine, 
Coastal and Shelf Science, 217, 281-291. 
https://doi.org/10.1016/j.ecss.2018.10.021 

Ciritci, D., & Türk, T. (2019). Automatic detection of 
shoreline change by geographical information system 
(GIS) and remote sensing in the Göksu Delta, Turkey. 
Journal of the Indian Society of Remote Sensing, 
47(2), 233-243.  https://doi.org/10.1007/s12524-
019-00947-1 

Halder, B., Ameen, A. M. S., Bandyopadhyay, J., Khedher, 
K. M., & Yaseen, Z. M. (2022). The impact of climate 
change on land degradation along with shoreline 
migration in Ghoramara Island, India. Physics and 
Chemistry of the Earth, Parts A/B/C, 103135. 
https://doi.org/10.1016/j.pce.2022.103135 

Gonçalves, R. M., Saleem, A., Queiroz, H. A., & Awange, J. L. 
(2019). A fuzzy model integrating shoreline changes, 
NDVI and settlement influences for coastal zone 
human impact classification. Applied Geography, 113, 
102093. 
https://doi.org/10.1016/j.apgeog.2019.102093 

Liu, Y., Wang, X., Ling, F., Xu, S., & Wang, C. (2017). 
Analysis of coastline extraction from Landsat-8 OLI 
imagery. Water, 9(11), 816. 
https://doi.org/10.3390/w9110816 

Mutagi, S., Yadav, A., & Hiremath, C. G. (2022). Shoreline 
Change Monitoring of Karwar Coast of Karnataka, 
India, Using Sentinel-2 Satellite. In Sustainability 
Trends and Challenges in Civil Engineering (pp. 339-
350). Springer, Singapore.  
https://doi.org/10.1007/978-981-16-2826-9_22 

Sojka, M., Choiński, A., Ptak, M., Kanecka-Geszke, E., Zhu, 
S., & Strzeliński, P. (2022). Detection of lake shoreline 
active zones and water volume changes using digital 
lake bottom model and water level fluctuations. 
Geocarto International, (just-accepted), 1-21.  
https://doi.org/10.1080/10106049.2022.2082553 

 Tajima, Y., Wu, L., & Watanabe, K. (2021). Development 
of a Shoreline Detection Method Using an Artificial 
Neural Network Based on Satellite SAR Imagery. 
Remote Sensing, 13(12), 2254. 
https://doi.org/10.3390/ijgi8020075 

Templin, T., Popielarczyk, D., & Kosecki, R. (2018). 
Application of low-cost fixed-wing UAV for inland 
lakes shoreline investigation. Pure and Applied 
Geophysics, 175(9), 3263-3283. 
https://doi.org/10.1007/s00024-017-1707-7 

Toure, S., Diop, O., Kpalma, K., & Maiga, A. S. (2019). 
Shoreline detection using optical remote sensing: A 
review. ISPRS International Journal of Geo-
Information, 8(2), 75. 
https://doi.org/10.3390/rs13122254 

Wicaksono, A., Wicaksono, P., Khakhim, N., Farda, N. M., 
& Marfai, M. A. (2019, December). Semi-automatic 
shoreline extraction using water index 
transformation on Landsat 8 OLI imagery in Jepara 
Regency. In Sixth International Symposium on 
LAPAN-IPB Satellite (Vol. 11372, pp. 500-509). SPIE. 
https://doi.org/10.1117/12.2540967 

 
 

 
 

https://doi.org/10.3390/rs14030557
https://doi.org/10.3390/urbansci6040071
https://doi.org/10.1016/j.pce.2022.103135
https://doi.org/10.1016/j.apgeog.2019.102093
https://doi.org/10.1007/s00024-017-1707-7
https://doi.org/10.3390/rs13122254
https://doi.org/10.1117/12.2540967

