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SUMMARY 

Water-related ecosystems are valuable in providing a wide range of vital ecosystem services. 

However, in recent years, they have been increasingly threatened worldwide because of 

climate change and unsustainable human activities. This study proposes an approach to the 

classification of water-related ecosystems. It is built upon a surface water occurrence map 

(SWOM) derived from Sentinel-2 imagery to identify permanent, seasonal and no water 

depending on the frequency of water presence over time. Refined by vegetation content, 

SWOM will result in a map of general water-related ecosystems. This approach was tested on 

the Ramsar site Dnipro River Delta (Site #767), which was affected by Russia’s full-scale 

military invasion. As a result, we obtained the map of water-related ecosystems with 5 

classes: 1) permanent fresh water; 2) seasonal fresh water; 3) seasonal shallow waters with 

sparse emergent vegetation; 4) seasonal vegetated wetland; and 5) vegetated wetland. 

Accuracy assessment was performed with 97.1% overall accuracy and 96.7% Kappa 

coefficient. The obtained results serve as a valuable foundation for ongoing environmental 

monitoring and wetland ecosystem service assessments, ultimately supporting better 

conservation and management efforts. Further research should focus on applying the 

developed approach to other Ramsar Sites and providing detailed land cover classification. 
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Introduction 

 

Water-related ecosystems are crucially important for maintaining ecological stability, biodiversity, 

and, hence, human well-being. They provide a wide range of essential ecosystem services (Delle 

Grazie & Gill, 2022). However, in recent years, water-related ecosystems have become increasingly 

threatened all over the world because of climate change (Popov et al., 2019) and unsustainable human 

activities. International concern for the protection and restoration of water-related ecosystems finds 

expression in achieving Sustainable Development Goal 6.6 (www.sdg661.app) and directly aligns 

with the Ramsar Convention and related directives (https://www.ramsar.org). In this framework, Earth 

observation (EO) techniques offer great potential to support cost-effective and large-scale monitoring 

of water-related ecosystems (Hakimdavar et al., 2020). Thus, EO-based mapping of water-related 

ecosystems has become the subject of many studies, mostly resulted in developing global maps 

(Ludwig et al., 2019). Nevertheless, EO-based classification of ecosystem types that consider 

environmental context is still a needed and challenging issue (JRC, 2023), especially at local scales.  

 

Russia's full-scale military invasion has dramatically affected water-related ecosystems in Ukraine, 

jeopardizing their vital ecosystem services (Ramsar Resolution XIV.20, 2022). The Ramsar site 

Dnipro River Delta (Site #767) is situated within the Lower Dnipro National Nature Park in the 

Kherson region. Since November 2022, this area has been on a battle line. In June, the Lower Dnipro 

Delta was hit by massive flooding resulting from the Kakhovka Dam destruction. Thus, EO-based 

techniques remain the only safe and reliable instrument for obtaining up-to-date information on the 

current extent of water-related ecosystems within the site.  

 

This study proposes an approach to the classification of water-related ecosystems of the Dnipro River 

Delta based on water occurrence analysis. It is built upon a surface water occurrence map (SWOM) 

derived from Sentinel-2 time-series data to identify permanent, seasonal and no water depending on 

the frequency of water presence over time. SWOM further refining by vegetation content will result in 

a map of general water-related ecosystems. The results will contribute to a better understanding of the 

current extent of water-related ecosystems considering hydrological conditions and serve as a 

foundation for further environmental monitoring and wetland ecosystem service assessment. 

 

Method  

 

The flowchart (Fig. 1) shows the approach algorithm. All steps in detail are described below. 

 

 
 

Figure 1 Flowchart of the approach algorithm for the classification of water-related ecosystems.  

 

In the beginning, we should obtain SWOM for the selected study area. Since SWOM requires high 

spatial and temporal resolution, the most appropriate open-source data is Sentinel-2 satellite imagery. 

http://www.sdg661.app/
https://www.ramsar.org/
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Each Sentinel-2 image provides the Scene Classification Layer (SCL), which can be used for water 

surface detection. It assigns each pixel to one of 12 predefined classes, including water. Among the 

requirements for the input images, three can be distinguished: 1) full coverage of the study area; 2) 

absence of clouds within the study area; 3) the difference between two adjacent image dates must be 

at least 10 days.  

 

Thus, obtaining the SWOM requires two main steps. First, each Sentinel-2 image must be converted 

into a binary water mask, where 0 represents non-water areas, and 1 represents water areas based on 

the SCL classification. Second, the resulting water masks must be summed and divided by the total 

number of observation days. The pixel values in the final layer range from 0 to 1, where 0 indicates 

that water was absent on all observation days, while 1 indicates that water was present on all 

observation days. The operations performed in the second step are represented by the following 

formula:  

 

 
 

where NOD is the total number of observation days, WaterMaski is the binary water mask of the i-th 

observation day.  

 

Since crops and artificial surfaces are not relevant to this study, these classes were masked using the 

Dynamic World classification map (Brown et al., 2022). Since this map is available for each Sentinel-

2 image, the Dynamic World layer should be selected for the base date. Using SWOM, the study area 

is classified into three classes: 1) no water (water occurrence 0–10% of the study period), 2) 

temporary fresh water (10–90%), and 3) permanent fresh water (>90%). After that, the base image 

must be selected to analyze vegetation within the "temporary fresh water" class. The most suitable 

period for this image corresponds to the vegetation peak, typically during summer. Additionally, it is 

necessary to avoid cloud cover over the study area when selecting the base image.  

 

The next step involves calculating the Normalized Difference Vegetation Index (NDVI) for the base 

image, as it is one of the most widely used indices for vegetation identification and assessment of its 

condition (Huang et al., 2021). The NDVI formula is given below: 

 

 

 

where NIR represents the Near Infrared band value, and RED represents the Red band value. 

 

Finally, the "temporary fresh water" class within the base image is divided into three vegetation 

classes: 1) seasonal fresh water, 2) seasonal shallow water with sparse emergent vegetation, and 3) 

seasonal vegetated wetlands. This classification is performed using NDVI thresholding, where an 

expert should assign the threshold value for each class. 

 

Results 

 

The study area for this experiment was the Ramsar site Dnipro River Delta (Fig. 2a). Following the 

presented approach, we obtained the SWOM classification for the selected study area for the period 

from 2022 to 2024 (Fig. 2b). Due to the assigned requirements, the number of selected Sentinel-2 

images was 27. Since this processing requires significant computational resources, we used a cloud-

based geospatial analysis platform Google Earth Engine (Gorelick et al., 2017). As the base image for 

further classification, we selected the Sentinel-2 image from July 27, 2024. Additionally, the Dynamic 
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World classification map for the same date was used to mask crops and artificial surfaces. Finally, the 

base image was supplemented with the NDVI layer. 

 
 

Figure 2 Study area (a) and surface water occurrence map (b). 

 

Next, we divided the "temporary water" class into three water classes. For that, we experimentally set 

the NDVI threshold for each class as follows: seasonal fresh water from -1 to 0.2, seasonal shallow 

water with sparse emergent vegetation from 0.2 to 0.4 and seasonal vegetated wetland from 0.4 to 1. 

As a result, we have obtained the following classification map with 5 classes (Fig. 3). 

 

 
 

Figure 3 Map of water-related ecosystems within the Dnipro River Delta Ramsar site. 

 

According to the obtained classification map, areas of the classes are as follows: 1) permanent fresh 

water – 118.2 km²; 2) seasonal fresh water – 9.8 km²; 3) seasonal shallow water with sparse emergent 

vegetation – 2.4 km²; 4) seasonal vegetated wetland – 18.9 km²; and 5) vegetated wetland – 192.2 

km². Accuracy assessment was performed using a plausibility-based approach (Popov, 2007; 

Olofsson et al., 2014) with Sentinel-2 and Google Earth imagery as the reference data. Thus, the 

obtained classification achieved 97.1% overall accuracy and 96.7% Kappa coefficient. 

 

Conclusions 

 

Thus, the application of the SWOM derived from the Sentinel-2 time series with distinguishing 

between permanent, seasonal, and absent water occurrences and further refining classes by vegetation 
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content is a reliable approach to the classification of water-related ecosystems. The proposed 

approach considers the hydrological dynamics of the local environment. The results serve as a 

valuable foundation for ongoing environmental monitoring and wetland ecosystem service 

assessments, ultimately supporting better conservation and management efforts. 

 

Further research should be aimed at applying the developed approach to other Ramsar Sites and 

providing detailed land cover classification (Andreiev & Artiushyn, 2024; Andreiev et al., 2024). 
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