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Abstract: The purpose of this study is to develop a methodology for automated determination of water 
surfaces and identification of small lakes in Kazakhstan using cartographic methods and an array of 
multi-time remote sensing (RS) data. The methodology involved automated surface water classification 
using multi-temporal Sentinel-2 satellite imagery (spanning the period 2016–2021, focusing on the warm 
months from May to September), Python-based processing on the Google Earth Engine platform, 
geographic information system (GIS) based morphometric analysis, and field validation to accurately 
identify and characterize small lakes in Kazakhstan. The study applied the Normalized Difference Water 
Index (NDWI), Modified Normalized Difference Water Index (MNDWI), and Normalized Difference 
Vegetation Index (NDVI) to enhance surface water detection, reduce noise from vegetation, and 
improve the accuracy of lake boundary delineation from multi-temporal Sentinel-2 imagery. A 
technique for automated extraction of morphometric characteristics of small lakes has been developed, 
data on lake morphometry have been obtained. Verification against field measurements demonstrated 
a high degree of accuracy, with relative error rates of 12% for lake lengths and 13% for the widths. 
However, challenges such as dense vegetation, high salinity, and the color of shallow lake bottoms led 
to some classification errors, highlighting the need for further refinement of automated algorithms. As a 
result, a list of small lakes in Kazakhstan with a surface area from 1 to 10 km2 was identified.  

Keywords: surface water, small lakes, remote sensing data, Sentinel-2, Kazakhstan  

1. Introduction 
The study of lake surface dynamics offers valuable insights into regional environmental 
changes, such as climate shifts and anthropogenic impacts. Several studies have explored 
the use of remote sensing (RS) for water body assessment. For instance, Gourgouletis and 
Baltas (2023) examined hydroclimatic variables in Western Greece using Earth observation 
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data, highlighting RS's ability to provide regular assessments of natural lakes under varying 
climates. Albarqouni et al. (2022) analyzed spatiotemporal changes in water surface extent in 
Turkey using Google Earth Engine, showcasing the use of cloud-based technologies for 
managing large datasets. Zhang et al. (2016) improved water extraction using Landsat 
TM/ETM+ imagery in Ebinur Lake, China, demonstrating advanced techniques for refining 
water body assessments. These studies emphasize the increasing reliance on multi-temporal 
satellite data for water body monitoring. 

Despite these advances, there remains a significant gap in the identification and 
monitoring of small lakes, particularly in regions with vast, inaccessible or under-monitored 
areas. The existing literature largely focuses on large, well-studied water bodies, leaving 
smaller lakes under-researched. This gap is critical because small lakes, although often 
overlooked, can undergo dramatic changes due to climatic variability and human activities, 
providing crucial early indicators of broader environmental changes (Bai et al., 2025). Amani 
et al. (2022) highlight this issue by discussing the importance of capturing long-term trends 
in water surface dynamics, particularly in regions prone to drastic environmental change. 
Studies by Abiyeva et al. (2021), Jin-Ming et al. (2019), and Li et al. (2019) further emphasize 
the importance of RS techniques in filling gaps in water monitoring. These studies highlight 
the role of satellite data in improving the accuracy and timeliness of assessments, 
particularly in regions with limited ground-based observations. 

Kazakhstan faces unique challenges for water monitoring due to its vast and remote 
areas. The use of remotely sensed datasets, as highlighted by Rylov and Pestunov (2019), has 
significantly improved the assessment of water bodies, particularly in inaccessible regions. 
Studies by Peng et al. (2021) and Little et al. (2021) emphasize the importance of RS for 
monitoring hard-to-reach water bodies. Recent work by Abiyeva et al. (2020), using the 
Global Surface Water (GSW) dataset, has provided a foundation for more comprehensive 
studies of Kazakhstan’s water bodies, with Tolepbayeva et al. (2020) further demonstrating 
the value of satellite imagery in tracking surface water dynamics. 

The availability of optical RS data with medium to high spatial resolution, such as 
WorldView-3 (31 cm), GeoEye-1 (41 cm), SPOT 6/7 (2 m), and Pleiades (30 cm), has advanced 
water body assessments (Dyldaev et al., 2021; Latipov & Komilova, 2024; Mustafayeva & 
Tagiyev, 2023). Additionally, Kazakh satellites KazEOSat-1 and KazEOSat-2 provide valuable 
resources, though their limited observation periods restrict their use for long-term studies 
(Abiyeva et al., 2020). Operational and archived data from Landsat and Sentinel-2 satellites 
have proven crucial in monitoring water surface dynamics in Kazakhstan and beyond 
(Copernicus: Sentinel-2, 2023; Li et al., 2022; Manilyuk & Maslova, 2017; Mueller et al., 2016).  

This paper aims to develop an automated method for identifying and monitoring small 
lakes in Kazakhstan based on Sentinel-2 data (Sentinel-2 Satellite Imagery, 2025). The 
automated approach will ensure regular monitoring and analysis of surface water dynamics, 
contributing to effective water resource management. The study can contribute to the 
research on climate change adaptation and sustainable water resource management, as 
current methods (such as traditional field surveys, manual mapping, and in-situ 
measurements) are inadequate for small lakes in remote or difficult-to-access 
areas (Fedonyuk et al., 2020). 
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2. Study area 
The study primarily focuses on lakes that are relatively small in size, with surface areas 
between 1 and 10 km2 (Physical-geographic characteristics of the region, n.d.). These lakes 
are scattered across different water-economic basins (WEBs) within Kazakhstan (Figure 1). 
The WEBs are regions that combine natural boundaries with socio-economic factors like 
water usage, economic activities, and resource management to ensure sustainable water 
distribution and development (Abiyeva et al., 2021). 

 

 
Figure 1. The water basins of Kazakhstan. 

Table 1 delineates the principal metric indicators of various WEBs, offering insights into 
their extent, water reserves, and contributions from water sources. It emphasizes the 
regional disparities in water availability, the dependence on diverse water sources, and the 
comparative allocation of water among the basins. 

 
Table 1. Key metric indicators of WEBs in Kazakhstan 

WEBs Area (km2) Water reserve 
(km3) Source of water Percentage from different sources 

Aral-Syrdariya 
basin 345,000 37.9 Mainly from upper basin, 

tributaries, rivers 
70% from upper basin, 20-23% from 

tributaries, 7-9% from rivers 
Balkash-Alakol 

basin 353,000 149.4 High plains, Balkash Lake,  
river flow 14% from river flow 

Ertis basin 1,643,000 43.8 River flow and lakes 59% from river flow, 16% from lakes, 18% 
from main water reserves 

Zhaiyk-Caspian 
basin 415,00 28.0 River flows, groundwater, 

reservoirs 
94% from river flows, 3% from 

groundwater and reservoirs 

Esil basin 45,000 5.34 Lakes, river flows, reservoirs 55% from lakes, 34% from river flow, 7% 
from reservoirs 
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Table 1. Key metric indicators of WEBs in Kazakhstan (continued) 

WEBs Area (km2) Water reserve 
(km3) Source of water Percentage from different sources 

Nura-Sarysu 
basin 60,800 4.59 Rivers, lakes, groundwater, 

reservoirs 

20% from surface sources, 33% from 
riverbeds, 4% from reservoirs, 25% 
from groundwater 

Shu-Talas basin 64,300 6.11 Rivers, lakes, reservoirs, 
groundwater Predominantly surface sources 

Tobyl-Torgay 
basin 214,000 2.9 Groundwater, lakes, water 

reservoirs, rivers 
15% from groundwater, 33% from lakes, 

17% from reservoirs, 35% from rivers 
Note. Compiled by the authors based on Physical-geographic characteristics of the region (n.d.). 

3. Materials and methods 
To enhance the clarity and structure of the methodology, a workflow chart has been 
developed to visually represent the sequence of steps followed in the study (Figure 2). This 
chart outlines the main stages of the process, which are further broken down into specific 
substeps.  

 

 
Figure 2. Workflow for identifying small lakes using remote sensing data. 

Research on the identification of small lakes with a surface area from 1 to 10 km2 was 
conducted in 2 stages: Stage 1 (2020–2021)—Balkash-Alakol, Ertis, Esil, and Nura-Sarysu 
WEBs; Stage 2 (2021–2022)—Aral-Syrdariya, Shu-Talas, Tobyl-Torgay, and Zhaiyk-Caspian 
WEBs. The research was conducted in two temporal phases to allow for targeted analysis of 
different WEBs, accommodating logistical challenges and the unique ecological conditions 
of each region. This phased approach also provided flexibility in refining methodologies and 
addressing regional environmental variations, ensuring more precise and context-specific 

Data collection 

Data processing 

Water detection 
 

Morphometric data 
extraction 

Final outputs 

Verification 

• Multi-temporal Sentinel-2 satellite imagery 
• Google Earth Engine platform 
• Field observations 

• Automated surface water classification 
• Python-based scripts 
• Masking clouds and shadows using s2cloudless 
• Hierarchical clustering and Otsu method for water delineation 

• Surface water identification using NDWI and MNDWI indices 
• Use of DEM (Shuttle Radar Topography Mission) data for elevation 

 
• Lake length, width, and shoreline analysis from RS and DEM data 
• Ground truth validation with field measurements 

• Comparison of RS-derived data with field data 
• Calculation of error metrics 

• List of small lakes (1–10 km²) 
• Refined water masks 
• Morphometric characteristics (lake length, width, shoreline elevation) 
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data collection. This study utilized open geospatial and RS datasets to detect surface water 
and compare lake masks. A combined technique for automated surface water classification 
using multi-temporal images was developed, employing Sentinel-2 satellite image 
collections (2A and 2B; Table 2) and the Global Surface Water (GWS) dataset (Global Surface 
Water Explorer, 2025) for lake detection. Sentinel-2 (Sentinel-2 Satellite Imagery, 2025) 
Level-1C orthoimage products, with Top-of-Atmosphere reflectance and radiometric and 
geometric corrections, served as source data. The GSW dataset was used to validate 
Sentinel-2 imagery by providing long-term water occurrence data, helping to verify lake 
presence and assess the accuracy of water masks, particularly in areas with limited field data.  

 
Table 2. Key characteristics of Sentinel-2 satellite data 

Characteristic Details 
Data source European Space Agency (ESA)  
Resolution 10–60 meters (depending on band) 
Spectral bands 13 bands: Visible (blue, green, red), Near-Infrared (NIR), Shortwave Infrared (SWIR) 

Band details 

Band 1 (443 nm), Band 2 (490 nm), Band 3 (560 nm), Band 4 (665 nm), Band 5 (705 nm),  
Band 6 (740 nm), Band 7 (783 nm), Band 8 (842 nm), Band 8A (865 nm), Band 11 (1,610 
nm), Band 12 (2,190 nm), Band 9 (945 nm, atmospheric correction), Band 10 (1,375 nm, 
cirrus detection) 

Spatial coverage Global, with specific focus on Kazakhstan’s small lakes (1–10 km²) 
Temporal resolution 5 days (for paired Sentinel-2 satellites in orbit) 

Purpose Monitoring small lakes, land use/land cover changes, vegetation health, water quality, and 
environmental change 

Data format JPEG2000, GeoTIFF, and Sentinel-2 products in standard data formats 
Advantages High-resolution imagery, frequent revisit time, multi-spectral data 

Disadvantages Cloud cover can obstruct data collection, lower accuracy in shallow or highly turbid waters, 
data processing can be time-intensive 

Note. Compiled by the authors based on Sentinel-2: Color vision for Copernicus (n.d.). 

The methodology included sampling, processing Sentinel-2 data, and automated surface 
water delineation. Python3 scripts (Python Software Foundation, n.d.) and Google Earth 
Engine Application Programming Interface (API; n.d.) functionality were implemented. 
Sentinel-2 Level-2A data (Sentinel-2 Satellite Imagery, 2025), processed using Sen2Cor from 
the Copernicus Open Access Hub, were utilized. Sen2Cor's five modules handled data 
reading, processing, and format conversion, performing atmospheric, terrain, and cloud 
corrections to generate Bottom-of-Atmosphere products with additional maps (Sentinel-2 
Satellite Imagery, 2025). The s2cloudless package (Sentinel-2 Satellite Imagery, 2025), a 
machine learning tool, provided Sentinel-2 image collections and masked clouds and shadows.  

Several Python libraries were used for data analysis. NumPy (Numpy, n.d.) and pandas 
facilitated data manipulation, while matplotlib and seaborn were used for visualizations. 
Fiona (Fiona, n.d.) handled geospatial data, enabling the integration of shapefiles for grid 
creation. These libraries together enabled efficient and accurate processing of remote 
sensing data. Image collections spanned April to September 2015–2020, created separately 
for each grid (scale ≈ 1:1,000,000) of each water-economic basin (WEB) using shapefiles. The 
grid was constructed using the Fiona Python library, which imported shapefiles and divided 
the study area into smaller, standardized units, allowing efficient data processing across 
basins. The grid played a key role in organizing and structuring the satellite image data, 
ensuring that the analysis could be performed consistently and efficiently across diverse 
geographical regions. The s2cloudless algorithm provided cloud presence probabilities  
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(0–100%) to adjust cloud masking, requiring testing to optimize cloud threshold settings. 
Different cloud cover thresholds were applied to each grid to ensure comprehensive area 
coverage, increasing thresholds in regions with frequent cloud cover. Images with over 50% 
cloud cover were excluded, and grid pixels without sufficient image coverage were marked 
as No Data values. 

The abovementioned method of surface water delineation and lake identification 
allowed the determination of the preliminary number of small lakes verified by field survey 
data. The main purpose of the verification was to evaluate the efficiency of this method and 
to formulate recommendations to solve the encountered problems. To verify the 
measurements of lake morphometry obtained from RS and field studies, absolute and 
relative differences between the values were calculated, including the mean absolute error 
(MAE; Willmott & Matsuura, 2005), root mean square error (RMSE; Chai & Draxler, 2014), 
correlation coefficient (r; Ratner, 2009), percentage bias (PBIAS; Cole, 1981), and Nash-
Sutcliffe efficiency ratio (NSE; Nash & Sutcliffe, 1970) for the final list of lakes (Figure 3). 

 

 
Figure 3. Determination of indices for efficiency assessment of the method of automated extraction of 

morphometric data from RS. 

Field observations were conducted to validate the accuracy of the RS data and refine the 
morphometric analysis of the small lakes in the study area. It was conducted during 
summers 2020 and 2021 for Stage 1 and summers 2021 and 2022 for Stage 2. Using Global 
Navigation Satellite System (GNSS) devices, precise geospatial data, including lake 
boundaries, shoreline heights, and dimensions, were collected directly from the field. In this 
study, specifically Trimble R8s and Leica GS18 GNSS devices, with precision of up to 2–3 cm, 
were used. The observations focused on a representative sample of lakes across various 
water-economic basins, ensuring coverage of diverse geographic and hydrological 
conditions. Number of lakes chosen for the verification was 183. The process involved 
selecting small lakes from the initial list based on their characteristics, such as water 
availability, lake size, and location across different WEBs in Kazakhstan. Only 139 lakes were 
verified. Some lakes were excluded from field studies due to issues such as high vegetation 
coverage, salinity, or being dried up. These lakes were not included in the final verification 
process, ensuring that only those with reliable, accurate measurements were considered.  

3.1. Normalized Difference Water Index and Modified Normalized Difference Water 
Index 
The first processing step resulted in a grid for each WEB, as well as a collection of images 
where cloud cover and cloud shadows were masked in each image. At the second stage, the 
method of surface water detection from Sentinel-2 multispectral multitemporal images 
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based on hierarchical clustering with machine learning classifier (Hierarchical Clustering in 
Machine Learning, 2025) using water indices—Normalized Difference Water Index (NDWI; 
Gao, 1996) and Modified Normalized Difference Water Index (MNDWI; Xu, 2006) was 
applied. The NDWI index is calculated using the following first equation (Shuka et al., 2011): 

 
                    NDWI = Green − NIR

Green + NIR
, (1) 

 
where, Green is the green band: 560 nm (S2A)/559 nm (S2B), which corresponds to Band 3 
Sentinel-2, and NIR is the near-infrared band: 835.1 nm (S2A)/833 nm (S2B) – Band 8. 

This index is designed to maximize the reflectivity of water by using green wavelengths, 
minimizing the low reflectance of near-infrared radiation from water bodies, and taking 
advantage of the high reflectivity of NIR from vegetation and soil elements (Shults & 
Annenkov, 2018). As a result, water bodies have positive values, while vegetation and soil 
usually have zero or negative values (Albarqouni et al., 2022; Romanchuk et al., 2018). 

However, the application of NDWI in regions with built-up areas is problematic. The 
information on surface water in these regions is often mixed with noise from built-up areas, 
meaning that many built-up lands have positive values in the NDWI image. Therefore, a 
modified NDWI was used to solve this problem. MNDWI (Xu, 2006) is calculated as follows (2): 

 
                       MNDWI = Green − SWIR 

Green + SWIR 
. (2) 

 
The NDWI was modified by replacing the near-infrared band with Band 12 (SWIR) to 

create MNDWI, enhancing open water detection while reducing noise from built-up areas, 
vegetation, and soil. NDWI alone often misestimates water areas due to urban noise, so a 
combination of NDWI and MNDWI was used for improved surface water information 
(Skarbøvik et al., 2010; Xu, 2006). An unsupervised clustering algorithm identified water 
pixels by setting a threshold for water-land separation. Given the variability in water 
reflectivity across regions and conditions, a fixed threshold was impractical. Instead, the Otsu 
method (Otsu, 1979) automatically determined optimal thresholds for each grid by 
maximizing interclass variance in Sentinel-2’s near-infrared band (Liao et al., 2001). This 
approach produced rasters with water mask attributes and clustering results, culminating in 
a final water mask raster with values of 0 = no water, 1 = water, and 255 = no data/cloud.  

3.2. Normalized Difference Vegetation Index 
To eliminate errors associated with the recognition of dense vegetation as surface water, 
average Normalized Difference Vegetation Index (NDVI; Rouse et al., 1974) was calculated 
for the selected Sentinel-2 collection (equation 3; Han & Niu, 2020; Rusho et al., 2024): 

 
                     NDVI = NIR − Red 

NIR + Red 
. (3) 

 
NDVI for Sentinel-2 is calculated using Band 8 (NIR) and Band 4 (Red). When 

superimposing NDVI data and surface water mask, pixels with values higher than 0.25 are 
excluded from the mask. The Watershed tool available in Google Earth Engine was used to 
remove shadows caused by terrain features. The Shuttle Radar Topography Mission (SRTM, 
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2025) provided the input DEM to aid in shadow removal in areas with elevation differences, 
notably during water surface detection. Based on the differences in surface water elevation 
and nearby slopes, shaded areas were highlighted and then excluded when generating 
surface water output masks for each grid. 

4. Results 
As a result of automatic classification of a set of multi-temporal Sentinel-2 images, monthly 
(May–September) and annual surface water masks were obtained. Annual surface water 
masks provide information on permanent water (pixels classified as water in all images for 
the period May–September of each year) and seasonal water. The results of automated 
surface water detection were used to obtain maximum masks of lakes and are one of the 
main input data for the subsequent process of lake identification and remote retrieval of 
lake morphometric characteristics. 

Based on the results of surface water identification, the masks of water bodies with 
surface area of more than 1.0 km2 were derived. These datasets revealed lakes that were not 
included in the list of surveyed small lakes. The type of water bodies was verified using the 
GSW thematic datasets and Sentinel Hub services. 

The analysis of data accuracy of the relative differences of values allowed the 
compilation of a list of lakes with a high value of discrepancies between measured and 
extracted from RS data (modeled) morphometric indicators. Visual analysis of satellite 
images of lakes, the results of surface water classification, superimposed on the data of field 
studies, revealed that large discrepancies are associated with the following groups of errors: 
• Initial incorrect delineation of the maximum masks of lakes; 
• Errors in automated classification of RS data associated with changes in the spectral 

characteristics of surface water due to the presence of vegetation on the surface of lakes, 
high salinity, the color of the bottom of shallow lakes (Figures 4);  

• Shifting from the lines of morphometric indicators during field studies; 
• The length and width of the surveyed lakes were determined by the boundaries of lake 

basins, and not by water masks, due to the drying up of lakes (Figure 5). 
The different line colors in Figures 4 and 5 represent variations in water body 

classifications, delineation corrections, and shoreline adjustments derived from RS data and 
ground truth validation. 

 

 
Figure 4. Classification errors associated with changes in the spectral characteristics of surface water 

due to the presence of vegetation. Lake Kashykbai (Tobyl-Torgay WEB): 
A) satellite image; B) water mask. 
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Figure 5. Basin of a dried lake. Lake Shandakkol (Ertis WEB): A) satellite image; B) water mask. 

Based on the initial inspection results, the following adjustments were made to the 
verification process, methodology for retrieving morphometric indicators from RS data, and 
field data processing workflow: 
• Corrected water mask boundaries using field survey data; 
• Truncated lines for morphometric measurements at water mask boundaries if they 

exceeded the maximum water masks; 
• Excluded lakes with classification errors due to vegetation and salt crusts; 
• Removed dried lakes, using morphometric indicators of lake basins instead. 

After these adjustments, data accuracy and method efficiency for extracted 
morphometric data (RS data) improved significantly. The accuracy of water levels at lake 
edges from Airbus DEM also showed good results (Tables 2 and 3). 

 
Table 2. An excerpt from the accuracy evaluation of morphometric indicators extracted from RS data 
(Ertis WEB) 
Indicators Kabantakyr Kalatuz Aydarsha Kuboldy Sharbukty 
Accuracy evaluation 

of RS-derived 
values of lake 
lengths 

RS data (m) 2,543 3,710 2,764 2,891 3,160 
Field data (m) 2,539 3,726 2,762 2,922 3,165 
Absolute difference (m) 3 –16 2 –30 –5 
Relative difference (%) 0.1 0.4 0.1 1.1 0.2 

Accuracy evaluation 
of RS-derived 
values of lake 
widths 

RS data (m) 2,427 2,652 1,706 1,402 2,447 
Field data (m) 2,441 2,674 1,751 1,409 2,469 
Absolute difference (m) –14 –22 –45 –7 –22 
Relative difference (%) –1 –1 –3 –1 –1 

Accuracy evaluation 
of lake shorelines 
(height above 
the sea level) 
extracted from 

 

RS data (m) 125.52 103.93 122.19 282.58 130.75 

Field data (m) 125.76 103.6 122.72 283.33 131.61 

Absolute difference (m) –0.23 0.33 –0.53 –0.75 –0.86 

Indicators Yeskeldy Tuz Zhasybay Dogabassor Rahman 
Accuracy evaluation 

of RS-derived 
values of lake 
lengths 

RS data (m) 1,871 5,305 3,475 2,171 2,635 
Field data (m) 1,913 5,315 3,547 2,340 2,723 
Absolute difference (m) –42 –10 –72 –169 –88 
Relative difference (%) 2.3 0.2 2.1 7.8 3.3 

Accuracy evaluation 
of RS-derived 
values of lake 
widths 

RS data (m) 1,356 2,701 1,906 1,147 566 
Field data (m) 1,378 2,710 2,004 1,156 620 
Absolute difference (m) –22 –9 –98 –8 –54 
Relative difference (%) –2 0 –5 –1 –10 
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Table 2. An excerpt from the accuracy evaluation of morphometric indicators extracted from RS data 
(Ertis WEB) (continued) 
Indicators Yeskeldy Tuz Zhasybay Dogabassor Rahman 
Accuracy evaluation 

of lake shorelines 
(height above 
the sea level) 
extracted from 

 

RS data (m) 333.6 134.72 395.38 167.55 1,799.52 

Field data (m) 334.51 135.43 395.59 168.53 1,800.31 

Absolute difference (m) –0.91 –0.71 –0.2 –0.98 –0.78 

Indicators Kemerkol Bolshoye Tuzdykol Bakshoky Yrysay 
Accuracy evaluation 

of RS-derived 
values of lake 
lengths 

RS data (m) 3,011 11,657 5,413 2,073 1,822 
Field data (m) 3,133 11,831 5,551 2,057 2,147 
Absolute difference (m) –122 –174 –138 17 –325 
Relative difference (%) 4 1.5 2.5 –0.8 17.8 

Accuracy evaluation 
of RS-derived 
values of lake 
widths 

RS data (m) 1,609 2,453 677 1,472 1,653 
Field data (m) 1,680 2,484 711 1,446 1,757 
Absolute difference (m) –71 –31 –34 27 –105 
Relative difference (%) –4 –1 –5 2 –6 

Accuracy evaluation 
of lake shorelines 
(height above 
the sea level) 
extracted from 

 

RS data (m) 855.44 312.09 325.44 523.47 465.85 

Field data (m) 858.19 312.84 325.46 522.14 464.69 

Absolute difference (m) –2.75 –0.74 –0.01 1.33 1.16 

Indicators Karakol Muzkol Shoptikol Sabyrbay Karasor 
Accuracy evaluation 

of RS-derived 
values of lake 
lengths 

RS data (m) 2,714 2,017 1,464 3,020 4,094 
Field data (m) 2,765 2,111 1,522 3,041 4,435 
Absolute difference (m) –51 –94 –58 –21 –341 
Relative difference (%) 1.9 4.6 4 0.7 8.3 

Accuracy evaluation 
of RS-derived 
values of lake 
widths 

RS data (m) 1,084 1,167 1,543 986 1,712 
Field data (m) 1,140 1,190 1,566 1,013 1,684 
Absolute difference (m) –56 –23 –22 –26 28 
Relative difference (%) –5 –2 –1 –3 2 

Accuracy evaluation 
of lake shorelines 
(height above 
the sea level) 
extracted from 

 

RS data (m) 773.75 124.01 118.03 452.72 348.04 

Field data (m) 774.58 124.36 117.9 451.87 347.59 

Absolute difference (m) –0.83 –0.35 0.13 0.85 0.45 

 
The analysis of the accuracy indices of lake shoreline heights extracted from the DEM 

indicates a high level of accuracy of the DEM used. In total, RS data for 139 lakes were 
verified, where only dried lakes were excluded. More than 70 lakes have shoreline elevation 
errors resulting in shifts up to 1 m, 37% of lakes have shifts from 1 to 2 m, 6% are within 2–3 
m, and only 2 lakes (2.5%) have shifts of 3–4 m. Thus, since high-precision GNSS was used 
to determine elevations in the field studies, the data extracted from the DEM can be 
evaluated as sufficiently accurate (Table 3). 
 
Table 3. Indicators of the method efficiency (features with errors related to the detection of the 
maximum mask were excluded) 
Morphometric indicators r RMSE PBIAS MAE NSE 
Length 0.99 253.48 4.11 117.2 0.97 
Width 0.99 136.21 3.49 39.5 0.97 
Shoreline height 0.99 3.05 0.17 0.53 0.99 
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To interpret the results of the efficiency assessment, the efficiency assessment values for 
hydrological modeling were used (Table 4). 

 
Table 4. Assessment of the efficiency of the method used for the  
automated determination of morphometric characteristics from RS data  

PBIAS NSE Efficiency assessment 
0–10% 0.75–1 Very good 
10–15% 0.65–0.75 Good 
15–25% 0.5–0.75 Satisfactory 
>25% <0.5 Unsatisfactory 

 
The assessment of the effectiveness of the method indicates high reliability in terms of 

extracting information about the dynamics of morphometric characteristics (lake length, lake 
width), and also points to the suitability of the Airbus WorldDEM4Ortho (WorldDEM4Ortho, 
2020) DEM for deriving water level data. However, as mentioned above, this method is not 
suitable for extracting morphometric characteristics of overgrown and turbid lakes. Based on 
the analysis of RS data verification results and visual analysis of satellite images of lakes, the 
contours of lake boundaries were corrected. These modifications allowed the compilation of 
a list of small lakes of Kazakhstan (with a surface area from 1 to 10 km2). The total number of 
lakes across all basins is 2,396, with the highest number found in the Tobyl-Torgay basin 
(756 lakes) and the lowest in the Shu-Talas basin (40 lakes). The distribution of small lakes in 
other regions is as follows: Esil basin—583, Nura-Sarysu basin—229, Ertis basin—472, 
Balkash-Alakol basin—64, Aral-Syrdariya basin—99, Zhaiyk-Caspian basin—153. The observed 
variation is reflective of the disparate geographical and hydrological conditions that prevail 
across these basins. This comprehensive enumeration of minor lacustrine bodies constitutes 
a substantial contribution to the comprehension of Kazakhstan’s hydrological resources, 
particularly in the context of climate change and the associated challenges of regional water 
management. 

5. Discussion 
The findings of this study illustrate the efficacy of employing RS data for the identification 
and categorization of minor lakes in Kazakhstan. The development and implementation of a 
method integrating Sentinel-2 and GSW datasets has made a significant contribution to the 
automated detection and morphometric analysis of water bodies with areas ranging from 
1 to 10 km². The capacity to delineate surface water areas and detect seasonal and 
permanent water bodies using multi-temporal satellite data exemplifies the potential of this 
method to facilitate continuous and precise monitoring of lakes, particularly in remote and 
inaccessible locations (Annenkov et al., 2023; Shults & Annenkov, 2023). 

The study's methodology, which integrates long-term, multi-temporal remote sensing 
data from 2016 to 2021 with field observations, allows for the identification of 2,396 small 
lakes across several WEBs in Kazakhstan, accounting for the variability of these water bodies. 
However, the full impact of human-induced climate change requires a longer timeframe to 
distinguish between natural variability and anthropogenic effects. The identification of such 
a high number of lakes across various WEBs demonstrates their sensitivity to environmental 
changes, but it is important to note that this is a snapshot over a limited period. This finding 
corroborates the findings of previous research conducted by Gourgouletis and Baltas (2023), 
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who studied the hydroclimatic variables affecting lakes in Greece. The utilization of RS data 
revealed considerable year-to-year fluctuations in lake surface areas, driven by 
environmental conditions, which is consistent with the high variability observed in this study. 
Furthermore, the research by Albarqouni et al. (2022) also demonstrated the dynamic nature 
of small lakes, particularly in response to climatic conditions such as dry winters and low 
precipitation years. The researchers employed the Google Earth Engine to assess lake 
surface temperatures and water extent in Turkey. As in the present study, their findings 
emphasize the usefulness of RS data in capturing temporal changes in water bodies across 
different geographic regions. 

The veracity of the morphometric data obtained through RS was corroborated by field 
observations, particularly regarding the dimensions of the lakes. The high correlation values 
between RS-derived morphometric parameters and field measurements serve to reinforce 
the reliability of the developed method. In this context, the results are comparable to those 
reported by Abiyeva et al. (2020), who evaluated the suitability of GSW datasets for studying 
lake dynamics in Kazakhstan. Similarly, their study emphasized the value of RS data in 
providing accurate and up-to-date information on water bodies in regions where ground-
based observation posts are limited or non-existent. This result is consistent with the 
findings of Peng et al. (2021), who utilized multisource RS images to monitor water surface 
changes in Dongting Lake, China. The aforementioned study demonstrated the efficacy of 
integrating DEM data with satellite imagery to obtain precise measurements of water body 
characteristics, thereby further substantiating the methodology employed in the present research. 

This study had limitations, particularly in classifying lakes with dense vegetation or high 
salinity, which hindered the spectral characteristics used for automated water identification, 
leading to misclassification in some cases. This issue was also noted by Zhang et al. (2016), 
who faced similar challenges in Xinjiang, China, where vegetation and soil noise impacted 
the accuracy of water indices, requiring modified indices like MNDWI for better detection. 
The findings have important implications for water resource management in Kazakhstan. As 
noted by Amani et al. (2022), RS technologies are essential for understanding long-term 
water body dynamics. The methodology developed here offers a scalable, cost-effective 
solution for continuous monitoring of small lakes, adaptable to regions with similar conditions. 

This study could also inform water management policies and strategies (Xu, 2006). 
Moreover, it contributes to the growing field of environmental monitoring using satellite 
data. In arid regions like Kazakhstan, where water bodies are vulnerable to climate 
fluctuations, multi-temporal Sentinel-2 data enhances understanding of lake dynamics and 
supports further climate change impact studies on freshwater resources (Liao et al., 2001; 
Karches, 2023). In areas where ground-based monitoring is impractical, RS data provide 
high-frequency, high-resolution insights to inform sustainable water management (Fedoniuk 
& Skydan, 2023; Shumka, Kalogianni, et al., 2020; Shumka, Sumka, et al., 2020). 

The integration of Sentinel-2 data, GIS tools, and field validation has proven to be an 
effective approach for mapping and analyzing water bodies, despite challenges such as 
vegetation interference and shallow water issues. The study also underscores the importance 
of refining classification techniques to address these challenges and improve accuracy. The 
insights gained from the accuracy assessment and error analysis provide valuable directions 
for future improvements in remote sensing-based water detection and morphometric 
analysis. 
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6. Conclusion 
This research established an automated approach for the identification and analysis of tiny 
lakes in Kazakhstan utilizing multi-temporal Sentinel-2 data, resulting in an updated 
inventory of 2,396 small lakes. The method demonstrated significant accuracy in defining 
lake boundaries and extracting essential morphometric properties; nevertheless, obstacles 
such as dense vegetation, elevated salinity, and lake desiccation resulted in classification 
errors. These findings underscore the efficacy of remote sensing data in the surveillance of 
small lakes, sometimes neglected in hydrological studies, and illustrate the promise of this 
methodology for ongoing and extensive environmental monitoring. 

This study's theoretical implications contribute to the expanding field of remote sensing for 
water body monitoring, providing a significant methodology for areas with restricted access to 
terrestrial observations. The concept can be utilized to enhance water resource management 
and climate change adaption strategies, particularly in arid countries such as Kazakhstan. 
Future research must concentrate on optimizing algorithms to alleviate classification 
challenges posed by vegetation, salinity, and desiccated lakes, while integrating supplementary 
datasets to improve the precision of lake identification and morphometric assessment. 
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