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 Among environmental changes, water plays a very vital role in the political, 

social, and economic issues of countries, which can be used as one of the most 

practical sources of water supply available to humans and animals.  

Investigating surface water fluctuations in terms of importance, location, and 

nature has gained special importance in recent years. Miankale International 

Wetland with an area of 68,000 hectares in the north of Iran is of special 

importance. First, by performing radiometric and atmospheric corrections on 

Landsat-8 satellite images for the years 2013 to 2023 and using the Gram-

Schmidt integrator to increase spatial resolution, to extract the NDWI, 

MNDWI, AWEI, and WI2015 indices in order to differentiate the water level. 

The wetland was treated from non-water.  To classify images, supervised 

classifiers such as maximum likelihood, support vector machine (SVM), and 

artificial neural network (ANN) were used. Also, to improve the results, the 

output of the classifiers was merged using the majority voting method.  The 

results of the research showed that the majority voting method was chosen as 

the most suitable classification method with the highest level of accuracy. In 

2023, compared to 2013, the water level of the wetland has decreased from 

452.351 km2 to 298.059 km2 (34.11%), and the wetland drought has increased 

from 6.209 km2 to 160.19 km2 (more than 2000%). The obtained results can 

be useful for management decisions to preserve more natural resources in our 

country . 

Keywords: 

Surface water  

Miankale International wetland 

Remote sensing 

Data fusion 

Change detection 

 

1. Introduction 

We live in a world where water has always been 

one of its fundamental issues. One of the most 

important issues related to human society in 

recent decades is the direct impact of 

environmental changes on the natural 

ecosystem, which jeopardizes the ecosystem 

cycle, and reduces human and animal resources 

(Alderman et al., 2012). Studying the 

fluctuations of surface water such as wetlands, 

 

  Corresponding author: amirghayebi75@gmail.com, Fax: +98 2333331318, Tel:+989390185061 

 

lakes, etc. is of particular importance in terms 

of the importance, location, and nature of these 

water bodies in recent years. Even today, due to 

the widespread use of water in drinking, 

industrial, agricultural, economic, social, 

security, and political issues, it is obvious that 

with minimal cost and time savings and without 

the involvement of expert  field mistakes, 

identifying the characteristics of water areas, 
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among these methods, is the use of satellite 

images in remote sensing technology. 

The use of remote sensing is widely used due 

to its special features such as wide visibility, 

integration, and the use of different parts of the 

electromagnetic energy spectrum. They are a 

very suitable and effective solution to identify 

and monitor the phenomena and complications 

of the earth's surface, including surface water, 

in a short time and in a wide range with the 

ability to calculate indicators related to 

hydrological studies (Hester et al., 2008). In the 

past, various researches have been carried out 

studies in the field of using remote sensing data 

to study water resources and investigate the 

changes in these resources (Harati et al., 2021).   

Miankale International Wetland, the first 

international wetland registered in the list of 

wetlands of the Ramsar Convention, with an 

area of more than 68,000 hectares, is one of the 

important ecosystems and one of the vital areas 

that has been exposed to drying up in recent 

years. The serious risk of drought in the 

Miankale wetland intensified from 2015 

onwards, and so far, despite the provision of 

appropriate solutions, appropriate practical 

action has not been taken. In this regard, the 

non-implementation of preventive plans can 

lead to a bitter fate like that of Urmia Lake for 

the International Wetland of Miankale. During 

the last few years, according to experts and 

researchers, factors such as the receding of the 

Caspian Sea, the closing of the river to the sea, 

the decrease in rainfall and the sky's offerings, 

water scarcity, environmental pollution, the 

decrease in the volume of water entering the 

Miankale wetland, and as a result of drought 

and change The climate has made Miankale 

wetland dry.  Jumaah et al. (2022) Using remote 

sensing technology, monitored and evaluated 

the changes in the coastline and water level of 

Al-Razzah Lake in Iraq from 1989 to 2020. 

Based on six Landsat-8 and Sentinel-1 satellite 

images of the study area in 1989, 1999, 2002, 

 
1 Support Vector Machine 
2 Normalized Difference Vegetation Index 
3 Enhanced Vegetation Index 

2015, 2019, and 2020, they evaluated the 

changes and used a supervised SVM1 algorithm 

to classify and used water level extraction. The 

results indicated that with the dramatic change 

in the lake level, the water area of the lake 

decreased by 1.84% from 1631.72 km2 in 1989 

to 259.65 km2 in 2020 (Jumaah et al., 2022). 

Keshta et al. (2022) studied the Lake of 

Burolos, the second-largest lake in the northern 

part of the Nile Delta in Egypt, in the last 35 

years from 1985 to 2020. They used multi-

spectral images of Landsat-8 and Sentinel-2 

satellites with an average spatial resolution of 

10 meters to classify the Borulos Lake area into 

four main classes, water, marsh, non-vegetated 

land surfaces (roads, paths, sand sheets, and 

sand dunes) and used agricultural land. In this 

classification, the overall accuracy was 96% 

and the Kappa coefficient was estimated at 

0.95. The results showed that this lake had 

significant losses between 1985 and 2020, and 

the conversion of wetlands to agricultural land 

was mainly concentrated in the western and 

southern parts of the lake, where the area of 

agricultural land doubled (Keshta et al., 2022). 

Helali et al. (2022) using data from Landsat-8 

and Modis satellites investigated the changes in 

the area of Lake Urmia in northwest Iran during 

20 years (2000 to 2020).  They used indices 

such as NDVI2, EVI3, and NDWI4 to identify 

and reveal the water area of Lake Urmia and  

differentiate between water and non-water. The 

results showed that NDVI and NDWI were 

more suitable indicators for monitoring lake 

water surface changes. Also, the largest area of 

Lake Urmia was in 2000 and the smallest in 

2014 (Helali et al., 2022).  

Harati et al. (2021) conducted a research to 

identify changes in the water area of  Urmia 

Lake and its surrounding vegetation due to 

annual and long-term variability during the 

years 2011 to 2016. In their research, by 

integrating Landsat-7 and Sentinel-2 images, 

they extracted the NDWI, NDVI, and WI2015
5. 

4 Normalized Difference Water Index 
5 Water Index 
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As a result, by integrating the data and 

increasing the spatial resolution to 15 meters, 

and using the supervised SVM, NN,1 and ML2 

algorithms, they classified the images. The 

results of the study showed that firstly, the level 

of Urmia Lake has directly and significantly 

decreased, and on the other hand, changes in 

the water level of Lake Urmia have led to a 

general decrease in vegetation in the region 

(Harati et al., 2021).  

According to the research conducted in recent 

years, we concluded that the use of 15-meter 

Landsat-8 data and the use of water indicators 

are emphasized by researchers and help a lot to 

distinguish water from non-water. The purpose 

of the research is to extract the surface water of 

Miankala International Lagoon from 2013 to 

2023 and to examine its changes with natural 

factors such as precipitation, evaporation, 

temperature, and recent droughts. Also, if 

policymakers and government environmental 

organizations ignore the consequences of 

drought, water crisis, and the continuing 

downward trend of the water level of the 

lagoon, risks such as drought, reduction of the 

cultivated area of agricultural products, loss of 

natural resources, etc. will threaten the people 

of the region. 

 

2. Material and Methods 

2.1. Study Area 

Miankale International Wetland is  located in 

the north of Iran and the south of the Caspian 

Sea with an area of 68,000 hectares, equivalent 

to 8.2% of the total area of Mazandaran 

province. It is located at between the longitudes 

of 52˚ 24´ 08˝ to  54˚ 02´ 02˝ east and latitudes 

˝36˚ 46´  36˝ to 26˚ 36´ 57˝ North (Johnson et 

al., 2018). The geographical location of the 

studied area is shown in Figure 1. 

 

 
Figure 1. Geographical location of the study area. 

 

2.2 Landsat-8 satellite 

The multispectral images of the Landsat-8 

satellite have been used to extract the map of 

the water area of the Miankale Wetland from 

2013 to 2023 downloaded from the United 

States Geological Survey (USGS)3 website. 

The specifications of the data used are 

presented in Table 1 . 

 

 
1 Neural Network 
2 Maximum Likelihood 

3 https://earthexplorer.usgs.gov 
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Table 1. Landsat-8 satellite image information. 

Satellite Sensor Path/Row Date Resolution 

Landsat-8 OLI 163/34 

Mar 27, 2013 

30m 

Mar 07, 2015 

Apr 13, 2017 

Mar 02, 2019 

Mar 23, 2021 

Feb 16, 2023 

 
 

According to Figure 2, it shows the different 

stages of the proposed approach to extract 

surface changes of Miankale International 

Wetland . 

 

 

Figure 2. The general research approach for Miankale International Wetland area using Landsat-8 data. 

 

First, Landsat-8 satellite images from 2013 to 

2023 have been downloaded from the USGS 

website.  Then, radiometric and atmospheric 

corrections are performed on the images to 

achieve the real reflection of the earth in 

ENVI5.3 software. Then, the radiance values 

recorded by the Landsat-8 sensor are 

converted to the real reflection values of the 

phenomena from the earth's surface using 

FLAASH1 algorithms. In pixel-based satellite 

image fusion, the geometric details of a high-

resolution PAN2 image and spectral 

 
1  Fast Line of  Sight Atmospheric Analysis of  Hypercubes 
2 Panchromatic 
3 Multispectral 

information from a low-spatial-resolution 

MS3 image are combined to create form a 

high-spatial-resolution multispectral image. 

Therefore, with the GS4 method of pan-

sharpening, we upgraded the Landsat-8 

images from 30 meters to 15 meters. Finally, 

in order to distinguish between water and non-

water, to reveal the water level of Miankale 

International Wetland  and other 

complications by extracting four important 

indices such as the NDWI, MNDWI5, AWEI,6 

4 Gram-schmidt 
5 Modified Normal Water Difference Index 
6 Automatic Water Extraction Index 
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and WI2015 on 15-meter Landsat-8 images . 

 
2.3. Water Indices

The water indices are the most useful and 

straightforward methods for enhancing the 

differences between water and non-water 

areas, which contain two or more spectral 

bands of sensors that implement algebraic 

operations.  Table 2 shows the indicators 

which used in this research. 

 
Table 2. List of indicates used. 

Author Formulas Bands used Indices 

(Mc Feeters, 1996) 
NDWI =  

GREEN − NIR

GREEN + NIR
 

3, 5 NDWI 

(Xu, 2006) 
MNDWI =  

GREEN − SWIR1

GREEN + SWIR1
 

3, 6 MNDWI 

(Feyisa et al., 2014) AWEInsh = 4(Green − SWIR1) − (0.25NIR + 2.75SWIR2) 

 

3, 5, 6, 7 AWEI_nsh 

(Fisher et al., 2016) WI2015= 1.7204 + 171Green + 3Red − 70NIR − 45SWIR1 − 71SWIR2 

 

3, 4, 5, 6, 7 WI2015 

 
2.4. Classification Methods 

2.4.1. Maximum Likelihood Classification 
The Maximum Likelihood algorithm is one of 

the most well-known and widely used 

information classification methods among 

supervised classification methods. This 

algorithm is based on probabilities. The 

probability that a pixel belongs to each class 

is calculated and assigned to the class with the 

highest probability (Giardino et al., 2010). In 

this method, the correlation of the spectral 

values of different bands is calculated for the 

sample areas, and the same property is used to 

relate an unclassified pixel to one of the 

spectral groups. As a result, each pixel of the 

image is assigned to the corresponding group 

after the statistical test and calculation of the 

probability of their belonging to the spectral 

groups of the sample (Ahmadpour et al., 

2014). 

 
2.4.2. Neural Network Classification 

The Neural Network algorithm was first 

designed by Rosenblatt in 1985. This 

algorithm  is a novel computational system for 

machine learning, knowledge display, and 

finally applied knowledge acquisition to 

maximize the output response of complex 

systems. A vital element of this idea is the 

creation of new structures for the information 

processing system. This approach consists of 

a large number of highly interconnected 

processing elements called neurons that work 

together to solve a problem and transmit 

information through synapses (Saghafi et al., 

2021). For example, by applying the input p 

to the neuron, it is weighted by multiplying it 

by the weight w, and it is added with the bias 

value, which is an adjustable parameter of the 

neurons, and the result is applied to the 

transfer function f as input and the final output 

is obtained. The output of the neuron is 

calculated as equation 1(Smits et al., 2007). 

 
𝑎 = 𝑓(𝑤 ∗ 𝑝 + 𝑏)     (1)  

 

2.4.3. Support Vector  Machine  Classification 

The original Support Vector Machine 

algorithm was invented in 1963 by Vapnik. 

This algorithm is one of the new methods 

which has good performance compared to 

older classification methods in recent years 

(Yves et al., 2001). In the linear classification 
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of the data, the line that has a higher 

confidence margin is selected. Considering 

that SVM is a linear classifier, one can 

calculate the scalar multiplication, using 

equation  wTX = ∑ wixii   .This equation is 

based on the data set  {(xi ,yi)}i=1
n   where X, is 

a vector with components xi  and yi the class 

defined for the input sample xi  can be defined. 
Equation 2 shows the general equation of 

linear classifiers. 

 
𝑓(𝑥) =  𝑤𝑇𝑋 + 𝑏 (2) 

 
2.4.4. Majority Voting Method 

By fusioning classified maps, the weaknesses 

of different methods can be eliminated and the 

strengths of each data category can be seen in 

the final changed map. In this research, the 

majority voting method was used to integrate 

the change maps obtained. Voting is a 

common decision-making fusion method 

designed to combine the output results of 

different processors, such as classification 

results or change maps results. The main idea 

of this method is that specified results are 

organized by some special voting rules, such 

as majority voting and weighted voting rules 

(Du et al., 2013). Equation 3 describes the 

algorithm used in this approach. 

 

𝐹(𝑐,𝑙) =
(𝐷𝑁𝐻(𝑐,𝑙) −  𝜇𝐻(𝑐,𝑙))(𝜎𝐿(𝑐,𝑙))

𝜎𝐻(𝑐,𝑙)

+ 𝜇𝐿(𝑐,𝑙) (3) 

 

 

F(c,l)  is the combined image in (c,l) 

coordinates and also,  𝐷𝑁H(c,l) is the image 

value with high spatial resolution accuracy in 

(c,l) coordinates. μH(c,l) represents the local 

average value of the image with high spatial 

resolution at the center of coordinates (c,l). 

μL(c,l) and μL(c,l) represent the local average 

value of the image with high and low spatial 

resolution accuracy at the center of 

coordinates (c,l), respectively. σL(c,l) and 

σH(c,l) show the local average value of the 

image with high and low spatial resolution 

accuracy centered is on the coordinates (c,l) 

(Jawak et al., 2015). 

 
2.4.5. Assessing the accuracy of classifiers 

In order to evaluate the accuracy of the results 

and the classified maps using the Error 

Matrix, the Overall Accuracy parameters and 

the Kappa Coefficient were calculated. The 

overall accuracy is obtained from the ratio of 

the number of correctly classified pixels to the 

total number of classified pixels in all classes, 

calculated by equation 4 . 

 

𝑂. 𝐴. =
1

𝑁
∑ 𝑎𝑘𝑘

𝑛

𝑘=1

     (4) 

 

In this equation; OA indicates the Overall 

Accuracy and N is the total number of 

classified known pixels and the total number 

of pixels of the main diameter of the error 

matrix (the total number of correctly classified 

pixels(. The kappa Coefficient calculates the 

classification accuracy compared to a 

completely random classification. This 

coefficient was calculated by using error 

matrix elements according to equation 5 

(Srivastava et al., 2003). 

 

𝑘 =
𝑁 ∑ 𝑋𝑖𝑖 −  ∑ (𝑥𝑖+. 𝑥+𝑖)𝑟

𝑖=1
𝑟
𝑖=1

𝑁2 −  ∑ (𝑥𝑖+. 𝑥+𝑖)
𝑟
𝑖=1

  (5) 

 

where r is the sum of the rows or columns in 

the ambiguity matrix, xii is the main diameter 

of the ambiguity matrix, elements xi+ and x+i 

are the sum of the total row i and the total 

column j, respectively, and N is the total 

number of pixels (Morss et al., 2005). 

 

3. Results and Discussion 

In the proposed approach, the free data of 

Landsat-8 sensors and the method of data 

integration were performed to increase the 

accuracy of spatial resolution. In addition, by 

adding water indicators, combining them with 

each other and placing them in a target layer, 

the accuracy in identifying and extracting 
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water surface was improved to a very 

desirable level. Also, the Majority Voting 

method was used to integrate the data. In the 

following, the obtained indices were 

integrated in one layer and finally by sampling 

the training samples and test samples, 

classification of the images was done by the 

desired algorithms. In Table 3, values of 

Overall Accuracy and Kappa Coefficient for 

classified 15m Landsat-8 images are shown.   

 
Table 3. Overall Accuracy (OA) and Kappa Coefficient (K) values of Landsat-8 sensor images. 

K OA (%) Classifier Year 

0.884 85.12 ML 

2013 
0.895 92.15 NN 

0.941 95.73 SVM 

0.992 98.09 MV 

0.856 88.13 ML 

2015 
0.891 91.59 NN 

0.952 96.11 SVM 

0.994 99.01 MV 

0.847 86.47 ML 

2017 
0.899 91.22 NN 

0.955 96.89 SVM 

0.996 99.10 MV 

0.855 87.32 ML 

2019 
0.901 93.29 NN 

0.958 97.47 SVM 

0.998 98.75 MV 

0.894 88.56 ML 

2021 
0.891 92.47 NN 

0.950 97.17 SVM 

0.989 98.68 MV 

0.897 89.51 ML 

2023 
0.895 94.92 NN 

0.984 98.12 SVM 

0.978 98.67 MV 

 

As shown in table 3 the Majority Voting 

Method, could predict the water surface of 

wetland with higher accuracies. The results of 

merging the classifiers by the majority voting 

method for the years 2013, 2017, 2019, 2021 

and 2023 are shown in Figure 3 . 
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b a 

  
d c 

  
f e 

Figure 3. Fusioning the results of classifiers by Majority Voting method. a) Year 2013; b) Year 2015; c) Year 2017; 

d) Year 2019; e) Year 2021; f) Year 2023. 

 

In table 4, the changes in the estimated area 

covered by the classes and the percentage of 

its changes are shown . 



Ghayebi and Zallaghi, 2023 / Journal of Hydraulic and Water Engineering (JHWE), Vol. 1, No. 1, 2023, 77-88                                   85           

 

 

 

 

Table 4. The amount of area changes and the percentage of class changes. 

 )%(Changes Area (square kilometers) Class Years 

-5.997 -27.13 Water 
2013-2015 

5.597 27.11 Land 

-12.12 -2.851 Water 
2015-2017 

12.13 36.420 Land 

-32.56 -7.883 Water 
2017-2019 

32.57 71.662 Land 

-19.65 -5.162 Water 
2019-2021 

19.66 25.19 Land 

-17.411 -62.83 Water 
2021-2023 

62.84 64.326 Land 

 

Also, by spotting on integrated images and 

area estimation in ENVI 5.3 software, the 

graph of the area value of water and land 

classes is shown in Figures 4 and 5, 

respectively, from 2013 to 2023. 

 

 
Figure 4. The amount of water area for Miankale Wetland during the years 2013 to 2023. 

 

 
Figure 5. The amount of Land area for Miankale Wetland in the years 2013 to 2023. 
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The factors affecting wetland drought can be 

classified into two categories: natural and 

unnatural. Natural factors such as the Caspian 

Sea water retreat, the occurrence of drought 

caused by reducing rainfall, evaporation from 

water surface due to increasing the 

temperature and man made factors such as 

unauthorized constructions, mismanagement 

of water resources and excessive use of 

wetland water, drilling of unauthorized wells 

have played a significant role in wetland 

drought. Next, the meteorological data of Iran 

(synoptic stations) such as the monthly 

average amount of precipitation, temperature 

and water evaporation of the lagoon were 

analyzed and the results are shown in figures 

6, 7 and 8, respectively. 

 

 
Figure 6. The amount of monthly rainfall and average evaporation for Miankale Wetland in the years 2013 to 2023. 

 

 
Figure 7. The amount of average Temperature for Miankale Wetland in the years 2013 to 2023. 

 

In this research, the water surface of Miankale 

International Wetland from 2013 to 2023 was 

investigated and identified by processing 

Landsat-8 satellite images; using supervised 

classifiers and data integration using the 

majority voting method. The results showed 

that the majority voting method had higher 

overall accuracy and kappa coefficients in 

comparison with other three methods, so this 

method was chosen to calculate the surface 

water of the lagoon. Since 2013, this wetland 

has witnessed many downward surface 

changes. Recently, the downward trend of the 

water level of the lagoon in the studied years 
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had worried the experts and 

environmentalists, which was faced with the 

warning of the experts regarding the 

unfavorable situation of the lagoon. The 

results indicate that effective factors such as 

decreasing rainfall and increasing water 

evaporation on the one hand and neglecting 

valuable water resources in the country on the 

other hand have caused the water level of the 

Wetland between 2013 to 2023 to increase 

from 351,452 square kilometers to 059,298 

square kilometers (34.11 percent) decrease 

and also increase the amount of wetland 

drought from 209.6 square kilometers to 

19.160 square kilometers (more than 2000 

percent). The results of this research can be a 

way for planners and experts to obtain 

information about the water level of the 

Miankale wetland and also to prevent the 

increase of wetland drought, dust storms and 

the loss of migratory birds. 
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