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With the drop in the water level of the Caspian lake in recent years, some part 

of this water body have become dry lands. The purpose of this research is to 

provide a method with a low error rate and a reasonable computational cost in 

order to prepare a map of changes by remote sensing techniques. In this research 

landsat-8 satellite data were used to extract water areas, under the effect of water 

indices and with the help of support vector machine. First, the images of the 

eastern region of the Caspian Sea, which is located in Iran, were prepared, then 

classified images of two classes of water and land were prepared with the help 

of the desired bands and water indices with support vector machine processing. 

Various kernels and indices were used to achieve the most accurate 

classification method. The classified images were compared with ground truth 

data to evaluate the classification accuracy. The overall accuracy of the 

classification in the basic mode with the WRI index and linear kernel was 

95.88% and in the best method with the help of the AWEI index and the radial 

basis function kernel was 97.61%. In the results of the evaluation of the 

accuracy of change monitoring, the optimal performance of this method was 

96.21%. Finally, the optimum classification approach was selected. For future 

researches, it is better to use this method to examine smaller scale areas. 
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1. Introduction 
Extraction of water zones is an important matter in 

various fields, management of lake coastal areas, 

monitoring of coastal changes and monitoring of 

erosion, flood forecasting and evaluation of water 

resources are among its applications. Online and 

timely monitoring of surface water is essential for 

decision-making processes [1, 2]. Monitoring of land 

surface changes has been widely used in various 

remote sensing applications [3, 4]. One of the 

important advantages of remote sensing methods 

compared to field methods is that these methods are 

more economical in terms of time and cost. Spectral 

remote sensing is used to extract and identify water 

zones and ice masses on the surface [5]. 

By combining the use of vector machine-supported 

processing systems and spectral indices, researchers 

created a tremendous ability to separate image 

information. The support vector machine has a 

suitable capability for extracting image information. 

One of the important areas for extracting information 

and separating them from each other are coastal areas 

and areas covered by water zones. In 2016, Sarp and 

Ozcelik presented an article titled Extraction of water 

area and detection of changes using time series to the 

case study of Lake Burdur from 1986 to 2011. Using 

Landsat data and SVM-supported vector machine 

classification and water spectral indices such as 

NDWI, they separated water zones from image 

information. In general, the performance of SVM 

classifier was more accurate than other methods. The 

level of this accuracy was determined with the help of 

root mean square error and structural simulation index 

criterion [1]. In 2022, Munizaga et al. published an 

article entitled mapping coastal basins using satellite 

images and machine learning in a highly developed 

urban landscape to study the coastal region in Chile. 

They used two approaches of random forest and 

support vector machine in these classifications. In 

general, the accuracy of the random forest was higher 

and the accuracy of the vector machine method 

supported by SVM was also acceptable, which was 

generally 88% accurate. They classified the studied 

areas in four different scenarios related to the 
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manipulation of input data, such as using the main 

spectral bands, adding spectral indices, etc. [6, 7]. 

Also, in 2020, El-Nabwi et al., in an article entitled, an 

approach based on Landsat images to monitor the 

coastline in order to cover the integrated coastal 

management, conducted a case study of the coastal 

area of the Nile River in Egypt. They carefully 

monitored the changes in the coastlines and its effect 

on coastal walls and presented an approach that was a 

combination of Landsat images and GIS methods. 

They also classified Landsat data from 1985 to 2018 

with the help of vector machine support. SVM 

classification in this research had an accuracy of 

92.6%. They found that 1.2 square kilometers had 

been eroded in the studied area and they observed 4.4 

square kilometers and 10.5 square kilometers of 

sedimentation in two time periods from 1985 to 2000 

and from 2000 to 2018 respectively [7]. 

Considering the importance of determining land use 

and land cover, Avci et al. compared random forest 

and support vector machine algorithms in 2023. They 

investigated Marmara Lake, which is actually part of 

a wetland. Examining these areas is very important, 

especially since these areas have various functions. 3 

different training datasets with 10, 15, and 20 areas of 

interest (AOI) per class, respectively, were used to 

classify satellite images acquired in 2015 and 2020 

[8]. 

In 2024, Zhao et al presented a research with the aim 

of investigating the performance of different support 

vector machine algorithms such as CART, random 

forest and support vector machine in Google Earth 

Engine using Sentinel-2 data as a data source. They 

also used several satellite indicators such as mndwi to 

monitor their study area. Finally, they concluded that 

despite the good accuracy of svm, the RF algorithm 

provided better performance than the other two 

algorithms [9]. 

In 2020, genbatu et al investigated oasis areas in dry 

deserts. They identified these areas using machine 

learning algorithms. Then they compared the 

performance of each of these algorithms in terms of 

accuracy. k-nearest neighbor (KNN), random forest 

(RF), support vector machine (SVM) and artificial 

neural network (ANN) were used in this research. 

Landsat-8 Operational Land Imager (OLI) image data 

with spectral indices and covariates derived from a 

digital land model were used to classify 7 different 

land cover categories. In their research, the highest 

overall accuracy was produced by ANN (97.16%), 

after which svm and then rf provided the highest 

accuracy with a close and less difference [10]. 

The most accurate results were obtained from 

classification with RF algorithm and 20 AOIs. 

In order to extract the features of the image more 

accurately, the researchers introduced new indicators. 

They optimized the indicators with various tests. 

Various researches have been done with the help of 

these indicators for the purpose of classifying the areas 

covered by water and soil zones. Lee et al designed a 

research to identify the most optimal bands for NDWI 

index. They tested eleven models. Among them, water 

index using short infrared and green showed the best 

results [11]. In 2006, Zhang improved the NDWI 

index in a research to automatically identify water 

areas, which have noise in some areas, such as built-

up areas and vegetation. This research was done using 

near infrared and mid infrared bands. And to a large 

extent, it solved the challenges related to NDWI. The 

developed index is called MNDWI [12]. Munizaga et 

al also introduced the automatic water extraction index 

AWEI to increase the accuracy of water extraction in 

areas that include shadows and dark surface [6]. 

Feyisa et al. also developed the AWEI index, which 

led to an increase in the accuracy of identifying water 

areas in the presence of shade. They prepared flood 

maps in several different areas using Landsat 5 data. 

They compared their proposed method with other 

methods such as MNDWI and the most similar 

classifier. The results of their research led to the 

improvement of this index in accuracy and reduction 

of error in identification compared to analogical 

approaches [13]. Also, Akbari et al. used the AWEI 

index in a certain period of time in order to evaluate 

the changes in the water extent of Maharloo lagoon. 

They determined four five-year periods and in each 

period, with the help of this precise index, they 

investigated the average water area resulting from this 

index [14].  

In 2022, Dodangeh et al. monitored the changes 

caused by floods in Golestan province with the help of 

several different approaches including features that 

were designed from the combination of different 

indicators and various limits of thresholding and data 

processing for the purpose of classification. They 

concluded that combined approaches have the highest 

accuracy [15]. In 2019, Karimi and colleagues 

evaluated the hydrodynamics and morphology of the 

Sefidroud river delta using 2D simulation and remote 

sensing data. They investigated the sedimentation 

status of the Sefidroud river delta with the help of 

MIKE21 software modeling. They concluded that the 

eastern and western shores of the SefidRoud river 

delta are being deposited, and the northern coast of the 

Sefidroud river delta is being eroded [16]. In 2016, 

Chegoonian et al evaluated the accuracy of 

classification of coral reef cover using Landsat8 

satellite images by using data collection from coral 

reefs of Qeshm and Lark islands and simultaneous use 

of remote sensing. They used maximum likelihood 

classifier. They found that the highest classification 

accuracy is when they use 2 to 4 classes for 

classification [17]. Also, Fallah et al evaluated the 

effects of land use change on the water quality of 

Anzali International Wetland using Landsat-8 remote 

sensing data. With the help of statistical analysis and 
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measurement of parameters such as nitrate, they found 

out that a large part of the forest area has been 

converted to other uses such as agricultural land, 

waterside and city [18]. 

In 2021, Dodange and colleagues considered the 

monitoring of Khuzestan and Golestan region in the 

2019 flood, which was very extensive. First, an 

algorithm was prepared to prepare permanent maps of 

water resources, which included optical satellite 

images of the last 5 years. Then, flood maps were 

prepared by using statistical calculations on the time-

series bands of radar images, using the normalized 

indices of the images. The overall accuracy of 

monitoring the changes in Golestan and Khuzestan 

provinces was equal to 91.84 and 97.36 percent, 

respectively [15]. 

In 2024, researchers studied the Karun River in Iran as 

a water source in terms of thermal pollution. They 

found that the construction of dams, the creation of 

drainage of urban runoff into the Karun River and 

many other cases have increased the water 

temperature of the Karun River as a water source. 

They found out that after the construction of the dam 

on the Karun river, the average water temperature in 

the lake behind the dam was 3 degrees cooler than the 

outgoing water, even in some cases a temperature 

difference of 13 degrees was observed. They found 

that remote sensing data can be a good complement to 

existing ground data so that researchers have more 

reliable data [19]. 

Farhadi et al used FWEI in 2024 to monitor flooded 

areas. The task of this index is to determine the areas 

covered by water and flooded areas. FWEI uses the 

average ratio of visible and near-infrared bands 

obtained from Sentinel-2 images. This person has a 

very good ability to detect muddy and clear water in 

small streams of water. The researchers obtained the 

overall accuracy of this index at about 94.26% and 

compared to other indices, it offers higher accuracy 

[20]. 

In 2022, researchers began to integrate remote sensing 

and meteorological data with the aim of predicting 

flood time. Using deep learning algorithm and LSTM 

network, they tried to predict the 3-day discharge of 

Aqqala river. Because this network has a good 

capability for time series predictions. The discharge 

data of Aqqala station alone and together with its 

upstream stations, the elevation model of Aqqala city 

and Golestan province, are used as input network. the 

findings of the present study were compared with 

simple regression networks, support vector machine 

regression and simple neural network. The results 

indicate the superiority of the long-short-term memory 

network, despite the high Nash-Sutcliffe correlation of 

91% compared to other networks [21]. 

In 2022, with the aim of automatic identification of 

flooded areas, researchers collected data for 

supervised classification of images and identification 

of flooded areas with the help of integrated indicators. 

They used Kmeans clustering algorithm, Otsu, Multi 

and Adaptive thresholds to generate automatic 

training data. These data were selected based on 

different water indices (NDWI, AWEI and MNDWI). 

Then they classified different image classes using 

different classifiers such as ANN, SVM and MD. In 

comparison with manual classification, this method 

provided good accuracy and quality [22]. 

The important point in this research is the special 

importance of the study area from an environmental 

point of view. So that various articles have been 

presented with remote sensing technique from the 

studied area which is presented below. 

In 2019, Tatian et al. studied the changes in the 

vegetation cover of Gomishan wetland from 1994 to 

2016. By preparing land use maps, they revealed that 

87% of the underwater area has dried up and changed 

its use. They also discovered 5 dominant plant species 

that have grown significantly in recent years [23]. 

In another study in the same study area, in 2020, Alavi 

Panah et al. investigated surface ecological changes of 

Gomishan Wetland over a 30-year period. They used 

distance measurement indicators specific to the type 

of study such as RSEI [24]. 

In 2022, Hedayati et al investigated the lands covered 

by Gomishan wetland, they studied the area using 

Landsat data from 1978 to 2018 in a 40-year period. 

They revealed that the surface covered by water in 

1997 showed the highest amount. Also, in 1978, the 

lowest level of water coverage was recorded [25] . 

Also, in 2023, Khoshravan et al., by examining 

Gomishan Wetland in terms of shoreline changes from 

1995 to 2019, found that most of the changes in the 

coastline of Gomishan Wetland were in the northern 

area, and the shoreline changes in the middle and 

southern areas of the Wetland were smaller, 

respectively. 

They also found that the changes in the shoreline of 

the wetland received a significant effect from the 

changes in the water level of the Caspian Sea during 

the study period [26]. 
 

2. Research Significance 
Although the use of a processing method such as 

support vector machine alone after training the user to 

the system is capable of classifying images, but the 

combination of various bands and indices has a 

significant effect on increasing the quality of 

classification accuracy. One of the great advantages of 

this method is reducing the error of artificial 

intelligence systems in classification such as vector 

machine support. It is worth mentioning that the high 

rate of automation of this method is a great advantage 

compared to other traditional methods that are 

expensive in terms of time or processing. The main 

advantage of choosing and proposing this method is 

monitoring with more accuracy and speed and lower 
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economic cost compared to other existing traditional 

methods. Monitoring the previous and current status 

of water areas such as bays, seas and lakes is very 

important in terms of economy, environment and 

strategic management in the country. 

 

3. Study Area 
A shallow part of the eastern part of Caspian Lake is 

located in its Iranian part. This area is located in 

Golestan province. This area is protected from strong 

waves due to the presence of a sand bar in the western 

part. For this reason, this area is a safe habitat for 

wildlife. The very small slope of the studied area is 

another reason that makes this area safe from the 

waves. Also, the drop in the water level of the Caspian 

Lake in recent years has caused the drying of this 

wetland. The approximate size of the studied area is 

180 square kilometers. Figure1 is the used Landsat 8 

image as a color image of the study area. 

 
Figure 1. Geographical location of the study area 

During the investigations, the water level of the 

Caspian Lake has been decreasing every year and this 

trend is still continuing. Only in 2018, after the flood 

that engulfed Golestan province in Iran, the studied 

area went under water. The retreat of Caspian lake 

water has directly affected the study area. 

 

 
Figure 2. Geographical location of the study area: (A: 2014, 

B:2017 C: 2023) 

The studied area is a coastal area and has a coastal 

wetland. During the years of study, along with the 

decrease of the water level of the Caspian Lake in 

recent years, the coastal wetland has dried up and 

disappeared. In the western area of this wetland, there 

is a sand tongue, which makes the coastal wetland to 

remain enclosed in several directions. 

 

 
Figure 3. Geographical location of the study area in 2018 

after flood 

It can be seen that in the first year of the research, a 

large area of this wetland was under water. But in 

2018, after a large flood that engulfed Golestan 

province in Iran, water was drained to this area. 

Considering that all the images of this research were 

selected between the fifth and sixth months of the year 

in different years, even though 3 months had passed 

since the flood, the flood water remained in the coastal 

wetland area.  

The continuous decrease in the water level of Caspian 

Lake is one of the factors affecting the reduction of the 

surface area of the water zone in the research area. As 

can be seen in the figure, since 2014, the water level 

of Caspian Lake has decreased significantly. In the 

picture above, it can be seen that the water level of 

Caspian Lake has reached its lowest level in recent 

years from -25.5 meters compared to the level of open 

water to -28 meters lower than the level of open water. 

The Volga River, which is one of the wateriest rivers 

leading to this lake, has had a decreasing trend in 

supplying water to this lake in recent years. The share 

of Volga water supply from this river in 1979 has 

reached from 74.02% per year to 62.21% in recent 

years [17]. 

 

 
Figure 4. Monthly water level of Caspian Lake [18] 

 

Figure 5. Average discharge of Volga River every month (by 

67 years data) [18] 
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Figure 6. Caspian lake water level changes [19] 

As can be seen in Figure 5, the water level of the 

Caspian Lake in this research was chosen from the 

fifth and sixth months of the year because the highest 

water level of the Caspian Lake was recorded in the 

mentioned months. In the fifth and sixth months of the 

year, the precipitation and discharge of the Volga 

River to the Caspian Lake reaches the maximum 

amount. Therefore, the water level of the Caspian 

Lake is at its highest level in these two months. 
 

4. Purpose Method 
In this article, Landsat images from 2014 to 2023 were 

used. The cloud filter set for the images was 5%. The 

data used in this research are Landsat images with a 

spatial resolution of 30 meters and a temporal 

resolution of 16 days. Which is obtained from 

earthexplorer.usgs.gov database. It is very important 

that the images used and recalled were only from the 

fifth and sixth months of every year, from 2014 to 

2023, because the water level of Caspian Lake is at its 

highest annual level in this month. Also, due to the 

small tides of this lake, the need to apply a more 

accurate time filter is not felt, within a few hours. It is 

worth mentioning that the studied area, due to its direct 

connection to the water level of the Caspian Lake, has 

a similar behavior in terms of water level with the rest 

of this vast water area. During this research, 3 water 

indices NDWI, AWEI and WRI were classified by 

combining 6 bands of Landsat sensors and three 

processing kernels of vector machine support linear, 

sigmoid and radial basis function. Finally, the most 

accurate method was selected. 

 
Figure 7. Research steps 

Table 1. Specifications of the indices used 

indices equation 

AWEI 
BLUE+2.5*GREEN-1.5*(NIR+SWIR1)-

0.25*SWIR2 

NDWI 
𝑔𝑟𝑒𝑒𝑛 − 𝑛𝑖𝑟

𝑔𝑟𝑒𝑒𝑛 + 𝑛𝑖𝑟
 

WRI 𝑔𝑟𝑒𝑒𝑛 + 𝑟𝑒𝑑

𝑛𝑖𝑟 + 𝑠𝑤𝑖𝑟
 

 

In the first part of the research, Landsat data was 

called. Regarding Landsat images, since these images 

have a suitable repetition period and are recorded 

every 16 days of the region, they provide a good 

opportunity to monitor changes in the regions. Then 

preprocessing was done. Image preprocessing 

included image normalization, radiometric correction, 

and calibration. Also, images with less than 5% cloud 

cover were called. Depending on the type of research, 

the necessary corrections were made on the images in 

the environment of Google's inheritance engine. These 

corrections were performed on 6 bands of the image 

(2 to 7). 

In the second phase, the water indicators along with 

the desired bands were processed with the help of 

different computing kernels of vector supported 

machines. These indices included AWEI, NDWI and 

WRI. Support vector machine kernels were used in 

this research, radial, linear and sigmoid basis function 

kernels. Indicators use several bands to achieve certain 

goals and finally reach one band [27, 28]. The 

mentioned indices helped to improve the classification 

accuracy of Landsat images. During the research, it 

was revealed that the more the input bands that 
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classify the images with the index, the higher the 

accuracy in the output. 

Four water indices were applied to each image. Its 

final output is prepared as a water mask under the 

effect of support vector machine in three different 

kernels, RBF, SIGMOID and LINEAR. On the 

processed images, supervised classification was done 

in two classes, land and water. Therefore, the land and 

water map of the studied area was prepared. Some 

points were made manually in order to train the 

machine learning system. The combination of water 

indices with the used bands made the classification of 

two classes more accurate. 

 
Table 2. Parameter selection of kernels 

Kernel Gamma parameter C parameter 
Sigmoid   0.05  100 

RBF  0.01  100 
Linear -  5 

 

Table 2 shows the selected parameters of c and gamma 

that were determined in this research. These 

parameters are embedded to fine-tune the support 

vector machine classifier. 

In order to monitor the changes of each class, change 

maps were drawn. The method that was optimal in 

terms of classification accuracy was selected and then 

the classified maps for the years 2014 to 2023 were 

prepared. Then these maps were subtracted in the 

ENVI software environment to obtain class change 

maps. The changes were divided into three groups: 

changed to land class, changed to water class and not 

changed. To evaluate the accuracy of the 

classification, the maps produced with the ground 

truth data were prepared, compared and evaluated by 

an expert user in the ENVI software environment. 

Kappa coefficient variables, participation and non-

participation error and overall accuracy of all kernels 

and different indices were also calculated. Also, the 

accuracy of monitoring the changes was obtained from 

the difference between the images of the beginning 

and end of the research and the ground reality image 

of the beginning and end of the research. 

 

 
Figure 8. Grand Truth images of the study area: (A: 2023, 

B:2014) 

5. Results and Discussions 

In the classification of images, all the combinations of 

indices and different kernels of the support vector 

machine worked close to each other in terms of 

classification accuracy, but visually, especially in 

sensitive points such as water channels and points 

where it was difficult to distinguish whether that part 

of the image is water or land, the kernel of the radial 

basis function Along with the AWEI index, they 

provided a very good performance. It is worth noting 

that the extent of the studied area had a positive effect 

on the approximation of the figures that indicated the 

classification accuracy in the image. If the studied area 

covered a smaller and more diverse range of 

classification classes, the figures related to 

classification accuracy would be subject to more and 

different changes. 

The most important part of this research is to obtain 

the most accurate method for identifying and 

classifying two classes in the image. To evaluate the 

accuracy of the classification, it is possible to monitor 

the overall accuracy and kappa coefficient and the 

level of accuracy. These calculations were done with 

the help of three different support vector machine 

kernels. Calculations were made for the years 2014 to 

2023, which gives numerical values as an average of 

10 years. These values are listed in Table 2. 

 
Table 2. Kappa values and overall accuracy of different 

approaches 

  NDWI WRI AWEI 
SIGMOID 
KERNEL 

KAPPA  94.33  93.25  94.31 
OA  97.47  97.04  97.46 

LINEAR 
KERNEL 

KAPPA  93.57  92.89  93.66 
OA  97.17  95.88  97.21 

RBF KERNEL KAPPA  94.29  93.36  94.35 
OA  97.48  97.09  97.61 

 

Based on the proposed method of this research, 

combining Landsat bands with water indicators and 

then classifying the images with the help of different 

kernels. We come to the conclusion that despite the 

closeness of the classification accuracy results, the 

AWEI index in combination with the bands and 

classification of the target image based on the radial 

basis function kernel provided the best performance in 

terms of accuracy. 

According to Table 2, the highest accuracy of image 

classification was in the approach where the kernel of 

the radial basis function and the AWEI index were 

combined. Also, the AWEI index had the highest 

classification accuracy in the sigmoid kernel. But in 

the linear kernel, the NDWI index had the highest 

classification accuracy, which was slightly higher than 

the AWEI index. But overall, RBF kernel with AWEI 

index provided higher accuracy than other 

combinations. 
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Figure 9. Overall accuracy in sigmoid kernel 

 

Figure 10. Overall accuracy in RBF kernel 

 

Figure 11. Overall accuracy in linear kernel 

 

In the classification of images, all the combinations of 

indices and different kernels of the support vector 

machine worked close to each other in terms of 

classification accuracy, but visually, especially in 

sensitive points such as water channels and points 

where it was difficult to distinguish whether that part 

of the image is water or land, the kernel of the radial 

basis function Along with the AWEI index, they 

provided a very good performance. It is noteworthy 

that the extent of the studied area had a positive effect 

on the convergence of the figures that indicated the 

classification accuracy in the image. If the studied area 

covered a smaller and more diverse range of 

classification classes, the figures related to 

classification accuracy would be subject to more and 

more different changes. 

 

 

Figure 12. Classified images for study area: (A: 2014, B: 2017 

C: 2023) 

It can be seen in Figure 12 that with the retreat of 

Caspian lake water, the coastal wetland has 

disappeared and turned into a barren land. Also, in 

2023, it can be seen that shrimp farms have been built 

in the east of the study area. 

 

Figure 13. Classified images for study area in 2018 

 

Figure 13 also shows the situation of the studied area 

in 2018. This year, a flood surrounded the study area 

and caused some of the water to be discharged into the 

coastal lagoon. 

 

 

Figure 14. Classified images for study area in 2018 

 

Figure 14 shows the ratio of land and water area of the 

study area in the beginning and end of the research and 
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in 2018 when the area was flooded. It is clear that the 

decrease of the water level has been very intense and 

the geographical slope of the region is also very low. 

As a result, the coastal wetland dried up quickly within 

a few years. 

Considering the extensive and general capabilities of 

MIKE software in the field of monitoring coastal areas 

such as bays, estuaries and coastal wetlands, a part of 

this research was devoted to the investigation of the 

studied area with the help of MIKE software. Which 

is presented in the following text. 

In order to more accurately evaluate the changes in the 

study area and analyze the main reason for the change 

in the Gomishan wetland, marine data related to depth, 

wind, current and waves were prepared from the Ports 

and Maritime Organization. Then the data was 

modeled and evaluated. In order to start the modeling 

process in the marine sector, it is necessary to prepare 

marine data. The studied environment was meshed 

and then the bathymetry file was prepared from the 

target area in the years 2000 and 2022. Then the water 

depth specifications and other parameters were 

introduced to the system. 

According to the modeling results, the maximum 

wave period in the offshore area is about 7 seconds and 

in the coastal area is about 3 seconds. According to the 

results of the wave propagation model from the deep 

water area to the coastal area and due to the very gentle 

slope of the bed in the area, the waves break before 

reaching the coastal strip. As mentioned earlier, it 

takes more than 3 kilometers from the sea to reach a 

depth of 3 meters, and therefore the waves break at a 

distance far from the beach and the location of the 

lagoon, and as expected, the current speed caused by 

the wave in The area of the lagoon is very small. This 

very low speed does not have the capacity to carry 

many sediment particles. The evaluations showed that 

there is currently no possibility of major sedimentation 

in the studied area, but the decrease in the water level 

of the Caspian Lake causes drastic changes in the 

condition of this water area. The monitoring of water 

bodies, which was discussed during this research, was 

previously investigated by other researchers (from the 

current team) and it was mentioned. 

Finally, despite the high accuracy of the Mike 

software, this software sometimes requires accurate 

data measured in the field. And in the absence of these 

data, it cannot accurately predict the future conditions 

of a water body. Therefore, we used the unique 

capabilities of remote sensing data. Because it covers 

weak points such as the lack of accurate data. The 

water body of Gomishan lagoon is one of these cases 

that have been remotely sensed in this research with 

the help of satellite data. Remote sensing data 

provided by Landsat satellites. After processing and 

implementing the water indicators and combining 

them with the classification made by the various 

processing kernels of the support vector machine, two 

class classification maps were prepared. 

 

6. Conclusions 
Monitoring the condition of water areas is one of the 

important issues in the management of the areas and 

coastlines of those areas. Until recent decades, 

monitoring and managing these areas was very 

difficult and expensive in terms of economics, 

logistics and time due to the extent of these areas. In 

recent decades, thanks to the expansion of remote 

sensing technology and the widespread ease of its use, 

it helped to manage areas such as water areas. The 

processing operation for the images of this research, 

which spanned for a decade, was carried out in the 

space of Google earth engine. The space of Google 

earth engine provided the user with fast and accurate 

processing capabilities. The association of image 

bands with water indices, which were introduced in 

order to extract blue areas in the image, greatly 

improved the quality of image classification. In all the 

reviewed approaches, the index or processing kernel 

was different from each other. During this research, 

NDWI, AWEI and WRI indexes were evaluated with 

the help of RBF, SIGMOID and LINEAR kernels. The 

output results were very close. But in all approaches, 

the AWEI index provided higher accuracy with the 

help of the RBF processing kernel in the support 

vector machine. 

Finally, the final approach that had the most accuracy 

among other approaches was selected. And the 

comprehensive capabilities of this method for 

monitoring wide study areas were revealed. It was also 

revealed that the changes and drying of this water area 

occurred due to the decrease of the water level. For 

future researches, it is better to use this method to 

study areas with similar scale but with different depth, 

such as bays and lakes, which were affected by water 

level changes. 
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