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Abstract: Water is the most essential requirement for sustaining the life cycle on Earth. 

These resources are constantly dynamic due to anthropogenic and climatological effects. 

Therefore, management and consistent water policies are necessary to be followed for the 

proper management of water resources. Monitoring water resources is possible by accurately 

determining the water surface boundaries and determining the change in water surface areas. 

In this context, the normalized difference water index (NDWI) and modified normalized 

difference water index (MNDWI) were computed using JavaScript on the Google Earth 

Engine (GEE) through Landsat-9 and Sentinel-2 satellite images. Water pixels were extracted 

from other details using the K-means++ cluster algorithm based on the calculated indices. 

The water surfaces were determined using the Otsu thresholding method, which is the most 

preferred method for the NDWI and MNDWI indices calculated from the Sentinel images 

and was used as verification data. The K-means++ clustering algorithm yielded successful 

results in detecting water surfaces. In the two indices used, the NDWI index was found to be 

more successful than the MNDWI index. For Landsat-9 images, OA, Kappa, and F1-scores 

in the NDWI index were calculated as 99.72%, 0.994, and 99.57%, respectively. The overall 

accuracy (OA), Kappa, and F1-scores in the NDWI index for Sentinel-2 images were 

calculated as 99.39%, 0.986, and 99.04%, respectively. This study demonstrated that 

clustering algorithms can be successfully applied to automatically detect water surfaces. 
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1. INTRODUCTION  

 

Detection of water surfaces is very important for 

hydrological processes and the ecosystem. It has become a 

necessity to monitor water resources that are under pressure 

due to climatic and anthropogenic effects (Hu et al., 2022). 

The extensive spread and continuous dynamics of surface 

waters make their monitoring difficult (Gao et al., 2012; 

Yilmaz et al., 2023). Nowadays, remote sensing (RS)-based 

approaches have been very practical in determining water 

surfaces (Khalid et al., 2021). Various spectral information 

recorded by satellites provides valuable information about 

the Earth's surface and water resources (Govender et al., 

2007). Synthetic aperture radar (SAR), advanced very high-

resolution radiometer (AVHRR), moderate resolution 

imaging spectroradiometer (MODIS), and other optical 

image data are widely used for the detection of water 

surfaces. In recent years, the processing challenges 

associated with SAR images and the high cost of high-

resolution optical imagery have made Landsat and Sentinel 

satellites unique resources for the detection and monitoring 

of surface waters, primarily due to their high temporal, 

spatial, and spectral resolutions (Cordeiro et al., 2021; 

Yilmaz et al., 2023). Furthermore, cloud computing systems 

have eliminated the data storage problem and facilitated the 

processing and storage of large volumes of satellite images, 

particularly in recent years. In this regard, Google Earth 

Engine (GEE), an RS platform, is very useful due to its 

simultaneous access to many free satellite platforms and its 
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ability to analyze large volumes of data (Nguyen et al., 2019; 

Pekel et al., 2016).  

 

The physical properties of the environment surrounding 

water surfaces and the chemical properties of water cause 

changes in the electromagnetic spectrum (Elachi and Van 

Zyl, 2021). Therefore, various methods have been developed 

to extract water surfaces from other details. Supervised 

classification (Mahdianpari et al., 2017; Mansaray et al., 

2019), unsupervised classification (Gao et al., 2012; S. Reis 

and Yilmaz, 2008; Zhang et al., 2018), spectral mixture 

analysis (SMA) (Feng et al., 2016), sub-pixel classification 

(Liu et al., 2020), water indices (Gao, 1996; Ji et al., 2009; 

McFeeters, 2013; Qiao et al., 2012; Yang et al., 2017), and 

clustering algorithms (Cordeiro et al., 2021) are the most 

commonly used radar and optical-based systems for 

detecting water surfaces. Each method used to determine 

water surfaces has its own advantages and disadvantages. 

Generally, classification techniques require user experience, 

but spectral indices are independent of user experience and 

can be used to differentiate water surfaces from other details. 

Various indices have been developed that aim to enhance 

water surfaces and suppress other details by utilizing the 

responses of bands to water and other details in the studies 

conducted. 

 

The Normalized Difference Water Index (NDWI) suppresses 

terrestrial plant and soil properties while maximizing the 

reflection of water surface by using green and near-infrared 

(NIR) bands (McFeeters, 1996). In urban areas, the modified 

NDWI (MNDWI) has been proposed using the shortwave 

infrared (SWIR) band rather than the NIR band for 

calculating water surfaces (Xu, 2006). To minimize the 

mixing of water pixels with other pixels in shaded areas and 

shallow waters, the automatic water extraction indices 

(AWEI) has been proposed (Feyisa vd. 2014). The AWEI 

index is designed in two different forms: AWEIsh for shaded 

areas and AWEInsh for non-shaded areas. In the resulting 

indices, each pixel has a gray value. Various thresholding 

methods are used to extract water surfaces from other details 

using these gray values. Some of these methods are manual 

thresholding, while others are automatic thresholding 

methods such as Otsu's and Canny edge detection (Donchyts 

et al., 2016; Gu et al., 2021; Rad et al., 2021).  

 

There are various studies available for the detection of water 

surfaces. Tang et al. (2022) designed an adapted RF 

algorithm on the GEE platform using Landsat-7 (ETM+), 

Landsat-8 (OLI), and Sentinel-1 SAR images to detect water 

surfaces in the study area. The method achieved a water 

surface detection accuracy of 96.6% and a Kappa statistic of 

0.931. Owusu (2022) developed the PyGEE-SWToolbox on 

the GEE platform and used Landsat, Sentinel-1, and 

Sentinel-2 images to detect water surfaces in Elephant Butte 

Lake, Hubbard Creek Reservoir, Clearwater Lake, and 

Neversink Reservoir in the United States. They utilized 

NDWI, MNDWI, AWEI, and dynamic surface water extend 

(DSWE) indices. The time series of water surface areas 

generated by PyGEE-SWToolbox yielded good results, with 

R2 values ranging between 0.63 and 0.99 for Elephant Butte 

Lake, Hubbard Creek Reservoir, and Clearwater Lake, 

except for Neversink Reservoir, which had a maximum R2 

value of 0.52. Yilmaz (2023) examined the surface water 

dynamics of lakes in the Lakes Region of Türkiye on the 

GEE platform from 1985 to 2022. Acigol, Aksehir, Beysehir, 

Burdur, Egirdir, Ilgin, Isikli, Karatas, Salda, and Yarisli 

lakes were analyzed using the NDWI index and the Otsu 

threshold method. Additionally, climate variables were used 

to analyze the changes in lake surfaces using the Mann-

Kendall (MK) and Sen's slope statistical methods. The study 

found a decreasing trend in the surface areas of all lakes 

except Acigol. Cordeiro et al. (2021) proposed a machine 

learning approach for water extraction from a single image 

using optical high-resolution images that can be applied at a 

large scale. They utilized random subsampling and a Naïve 

Bayes classifier for generalization. Unlike other thresholding 

approaches that only use a single dimension, such as a water 

index, the proposed method aimed to analyze the 

applicability of combining different water indices and 

spectral bands within an unsupervised multidimensional 

hierarchical clustering. The study was conducted using 

Sentinel-2 images for 15 different water surfaces in France. 

They tested combinations of NDWI, MNDWI, Multi-band 

Water Index (MBWI), B8, and B12 bands and determined 

that the best two combinations were NDWI and B12. This 

study is highly valuable in terms of utilizing clustering 

algorithms for water surface detection. However, despite the 

various approaches used to identify water surfaces, studies 

related to clustering algorithms have not gained popularity 

(Cordeiro et al., 2021).  

 

Therefore, the goal of this study is to detect water surfaces 

from water extraction indices calculated on optical images 

using a clustering algorithm instead of thresholding methods, 

which is different from other studies. For this purpose, 

NDWI and MNDWI were computed using Landsat-9 and 

Sentinel-2 images on the GEE platform. Water surfaces were 

determined using K-means++ clustering algorithm from the 

calculated NDWI and MNDWI indices. This study is quite 

valuable in understanding the success of clustering 

algorithms in determining water surfaces. 

 

2. MATERIAL AND METHOD  

 

2.1. Study Area 

 

Terkos Lake, also called Duru Lake, is located within the 

boundaries of the Catalca district in the northern part of 

Istanbul. The lake, which has a coastline to the Black Sea, is 

situated between the Karaburun and Ormanlı regions 

(Bayram et al., 2013). Terkos Lake is approximately 40-50 

km away from the city and has a surface area of 

approximately 25 km2 (Kaya et al., 2019). With a water 

potential of 142,000,000 m3/year, Terkos Lake constitutes 

30% of the freshwater reserves around Istanbul (Maktav et 

al., 2002). The location map of Terkos Lake, which is the 

subject of this study, is presented in Figure 1. 
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Figure 1. Study area 

 

2.2. Data Used 

 

In this study, images captured by Landsat-9's Operational 

Terrain Imager (OLI-2) and Sentinel-2's Multispectral 

Instrument (MSI) were used. Landsat-9 was jointly launched 

by the United States Geological Survey (USGS) and the 

National Aeronautics and Space Administration (NASA) on 

September 27, 2021, and operates at an altitude of 705 km. 

The satellite provides data with a spatial resolution of 30 m, 

a temporal resolution of 16 days, and a 14-bit radiometric 

resolution. The OLI-2 sensor captures multi-band images in 

the visible and mid-infrared wavelengths, and the Thermal 

Infrared Sensor (TIRS-2) spectrometer analyses ground 

temperatures. The satellite also improves its ability to detect 

changes in dark surfaces such as water and dense forests. 

(Bouslihim et al., 2022). In this study, Landsat-9 Collection 

2 Tier 1 top-of-atmosphere (TOA) reflectance calibrated 

images were used in the GEE platform. 

 

The Sentinel-2 satellites, which are a component of the 

European Commission's (EC) Copernicus program, consist 

of two groups, Sentinel-2A and Sentinel-2B. These satellites 

were launched on June 23, 2015, and March 7, 2017, 

respectively. They orbit at an altitude of roughly 786 km and 

provide a combined temporal resolution of 5 days. The 

MultiSpectral Instrument (MSI) has 13 spectral bands 

ranging from 10 to 60 m with a 12-bit radiometric resolution. 

In this research, Sentinel-2 level (L2A) images, which are 

calibrated for bottom-of-atmosphere (BOA) reflectance, 

were obtained from the GEE platform. 

 

Spectral band information and resolutions of these images 

are given in Table 1. 

 

Table 1. Features of Satellite Images (L9/S2A/S2B) 

 
Spectral range Wavelength Spatial 

resolution 

Blue (B2) 450-510/496.6/492.1 30/10 

Green (B3) 530-590/560/559 30/10 

Red (B4) 640-670/664.5/665 30/10 

NIR (B5/B8) 850-880/835.1/833 30/10 

SWIR-1 

(B6/B11) 

1,570-1,650/1,613.7/1,610.4 30/20 

SWIR-2 

(B7/B12) 

2,110-2,290/2,202.4/2,185.7 30/20 

2.3. Used Indices 

 

The design of spectral water indices takes advantage of the 

ability of water to absorb energy in near-infrared (NIR) and 

shortwave infrared (SWIR) wavelengths. Spectral indices 

like NDWI and MNDWI enhance the contrast between water 

bodies and surrounding features, making them useful for 

mapping surface water using satellite imagery. These indices 

involve combining different spectral bands using 

mathematical operations, and a threshold value is applied to 

separate water from other features based on their spectral 

properties. MNDWI is especially effective at reducing noise 

from vegetation and soil, as well as in urban areas where 

there may be a lot of interference. In this study, NDWI and 

MNDWI indexes were computed using Equation 1 and 2 

using Landsat and Sentinel images. 

 

𝑁𝐷𝑊𝐼 = (𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅)/(𝐺𝑟𝑒𝑒𝑛 + (𝑁𝐼𝑅)  (1) 

 

𝑀𝑁𝐷𝑊𝐼 = (𝐺𝑟𝑒𝑒𝑛 − 𝑆𝑊𝐼𝑅1)/(𝐺𝑟𝑒𝑒𝑛 +
𝑆𝑊𝐼𝑅1)  

(2) 

 

where, the green band for Landsat-9 and Sentinel-2 images 

is represented by B3. The NIR band for Landsat-9 and 

Sentinel-2 is represented by B5 and B8, respectively. The 

SWIR band for Landsat-9 and Sentinel-2 is represented by 

B6 and B11, respectively. 

 

2.4. K-means++ Clustering Algorithm 

 

The k-means clustering algorithm was first suggested by 

MacQuuen (1967) and developed by Lloyd (1982).  The k-

means clustering method presupposes knowledge of the 

number of clusters (k) and necessitates initial values for the 

cluster centers to be seeded to execute. The accuracy of the 

data assignment to clusters is heavily reliant on the initial 

seed values. In summary, k-means clustering is considerably 

influenced by the selection of initial seed values for cluster 

centers (Agarwal et al., 2012; Khan, 2012). The k-means++ 

algorithm evaluates the performance of the preliminary seed 

selection based on the sum of normalized squared 

differences between the data dimension and the cluster 

center for a cluster's members (Khan, 2012). In this study, 

the K-means++ algorithm running on the GEE platform was 

used (Arthur and Vassilvitskii, 2007). After several trials of 

different cluster numbers to extract water details via 

clustering, it was observed that the best result was obtained 

with three classes, and the cluster number was determined as 

three. One of the obtained three classes represents the water 

surface, while the others represent the non-water surface. 

 

2.5. Accuracy Assessment 

 

The accuracy of this study was evaluated using Overall 

Accuracy (OA), Kappa (κ) statistics, and F1-score. In this 

study, the Otsu's thresholding method was used to determine 

water surfaces for NDWI and MNDWI obtained from 

Sentinel-2 images, and this was used as the basis for 

evaluating the accuracy in this study (Figure.2). The Otsu 

thresholding method maximizes the intra-class variance in a 

bimodal histogram for any image and automatically extract 

water and non-water surfaces by determining an optimal 

threshold. This is a widely used technique. (Sekertekin, 
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2021). An error matrix has been created for accuracy 

evaluation by considering all pixels (933,337 pixels) 

 

 
 

Figure 2. Water surfaces obtained using the Otsu threshold 

method: a) Sentinel-2 NDWI, b) Sentinel-2 MNDWI 

 

The workflow of this study is shown in Figure 3. 

 

 
Figure 3. Workflow diagram 

 

3. RESULTS  

 

The accuracy assessment of the Landsat-9 (OLI-2) images 

used in the study is presented in Table 2 for the images 

obtained by NDWI, MNDWI, and the K-means++ clustering 

algorithm, while the images are shown in Figure 4. Overall, 

accuracy metrics were found to be above 90% based on the 

obtained using the K-means++ clustering algorithm for both 

the NDWI and MNDWI. Based on these results, it can be 

easily said that the K-means++ clustering algorithm utilized 

to both NDWI and MNDWI indices performed very 

successfully in extracting water surfaces. The maximum 

NDWI value obtained from the Landsat-9 image was 

calculated as 0.855 for water surfaces, while it was +1.000 

for MNDWI. The K-means++ algorithm showed higher 

success in the NDWI image. The NDWI OA and F1-score 

were calculated as 99.72% and 99.57%, respectively, while 

these values were calculated as 97.37% and 95.87% in 

MNDWI. While the F1-score was 99.72% and 99.57%, 

respectively, these values were calculated as 97.37% and 

95.87% in MNDW. 

 

Table 2. Accuracy assessment of the Landsat-9 (OLI-2) 

images 

 

Indices OA (%) κ F1-score 

(%) 

Area 

(km2) 

NDWI 99.72 0.994 99.57 29.43 

MNDWI 97.37 0.939 95.87 29.45 

 

 
 

Figure 4. Landsat-9 images where NDWI and K-means++ 

algorithm were applied: a,d) Landsat-9 false color image, b) 

Landsat-9 NDWI, c) NDWI K-means++ cluster image, e) 

Landsat-9 MNDWI, f) MNDWI K-means++ cluster 

 

Accuracy assessment of the Sentinel-2 (MSI) images used in 

the study is given in Table 3, and the images obtained with 

NDWI, MNDWI and K-means++ clustering algorithms are 

shown in Figure 5. The OA obtained with Sentinel-2 images 

is also calculated to be above 90%. This result shows that 

water surfaces were successfully detected using NDWI and 

MNDWI values calculated with Sentinel-2 images in a 

similar way. The maximum NDWI value obtained from the 

Sentinel-2 image was calculated as 0.767 for the water 

surface, while it was calculated as 0.802 for MNDWI. K-

means++ algorithm also showed higher performance in the 

indices obtained from Sentinel-2 images. While the OA and 
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F1-score of NDWI were calculated as 99.39% and 99.04%, 

respectively, these values were calculated as 95.26% and 

91.99% for MNDW. 

 

Table 3. Accuracy assessment of the Sentinel-2 (MSI) 

images 

 

Indices OA (%) κ F1-score 

(%) 

Area 

(km2) 

NDWI 99.39 0.986 99.04 29.08 

MNDWI 95.26 0.887 91.99 22.21 

 

 
 

Figure 5. NDWI and K-means++ applied Sentinel-2 (MSI) 

images: a) Sentinel-2 false color image, b) Sentinel-2 NDWI, 

c) NDWI K-means++ cluster image, e) Sentinel-2 MNDWI, 

f) MNDWI K-means++ cluster 

 

 

4. DISCUSSION AND CONCLUSIONS 

 

Detecting, monitoring, and managing surface waters and 

water resources is a crucial task for water management. 

Remote sensing techniques are frequently preferred due to 

their effectiveness and cost-efficiency when compared to 

other methods. Recent advancements in satellite imagery, 

particularly in terms of temporal, spatial, and spectral 

resolutions, have further increased research in utilizing water 

surfaces for such tasks. As a result, various methods have 

been devised to identify water surfaces from satellite 

imagery. 

 

In this study, water surfaces were extracted from other 

details using the K-means++ clustering algorithm based on 

NDWI and MNDWI indices using optical images on the 

GEE platform. Terkos Lake located within the boundaries of 

Istanbul province was selected for the study. In the accuracy 

assessment of the study, Sentinel images with higher 

resolution than Landsat images were used. Water surfaces 

were determined using the most preferred Otsu thresholding 

method for NDWI and MNDWI indices calculated from 

Sentinel images and used as verification data. The accuracy 

of the water surfaces obtained with the K-means++ method 

was evaluated by using all pixels for validation. When the 

results were evaluated, water surface accuracies obtained 

through clustering algorithms using both indices were quite 

successful with OA and F1-score values above 90%. In this 

study, it was observed that water surfaces obtained using 

NDWI were more successful than water surface areas 

obtained using MNDWI. In many previous studies, many 

water extraction indices such as NDWI, MNDWI, AWEIsh, 

AWEInsh, NWI were used (Deng et al., 2020; Guo et al., 

2017; Khalid et al., 2021; Rad et al., 2021; Sarp and Ozcelik, 

2017; Sunder et al., 2017; Yue et al., 2020; Zhou et al., 

2017). Similarly, automatic methods such as Otsu’s 

threshold have been used to distinguish water and land in 

these indices (Babaei et al., 2021; Cordeiro et al., 2021; Guo 

et al., 2017; Rad et al., 2021; L. G. de M. Reis et al., 2021; 

Sekertekin, 2021). However, studies using clustering 

algorithms are very limited. In this study, water and land 

separation was easily accomplished using the K-means++ 

clustering method from NDWI and MNDWI water 

extraction indices used.  Cordeiro et al. (2021) found that the 

use of clustering algorithms was quite successful in 

extracting water surfaces. They determined the κ value as 

0.874 in their study. When compared with the κ values found 

in this study, it can be concluded that this study is successful. 

 

This study is promising for automatically detecting water 

pixels on optical images without the need for auxiliary 

techniques or pre-trained data using clustering algorithms. 

However, more research is still needed to address 

misclassification issues in water surfaces such as clouds, 

snow, shadows, shallow waters, turbid waters, and green 

waters. 
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