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ABSTRACT
The amount of Earth observation data is getting larger day by day. 
This rapid evolution of the field and the exponential growth of data 
generation mediums urges the need for modern ways of fast ana
lysis and processing of satellite images. Earth Observation Data 
Cubes enhance the way Earth data are distributed, handled, stored, 
and analyzed by providers and users. In this study the development 
of the National Earth Observation Data Cube of Cyprus is described 
and the importance of such software-based infrastructure is 
demonstrated through a water resource monitoring use case in 
the context of climate crisis in the Mediterranean region. 
Moreover, this study exhibits the capabilities of semantic classifica
tion in Earth observation, introducing a spatially generalized 
approach for easier environmental monitoring. Such developments 
can enhance the preservation of the environment and its protection 
from future natural and human disasters.
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1. Introduction

Earth observation (EO) allows us to monitor changes and processes on Earth’s sur
face. By properly analyzing the large volumes of EO data, we can gain valuable 
insights into different aspects of our planet. More specifically, the continuous data 
acquisition from satellites and other remote sensing (RS) platforms creates opportu
nities for systematic monitoring of agriculture, land, water, and atmospheric 
dynamics among others, at different spatial and temporal resolutions (Ajibola & 
Cabral, 2024; Allu & Mesapam, 2025; Sun et al., 2024). The rapid expansion of EO 
missions has, however, led to an exponential growth of data volumes and variety. 
For instance, NASA’s Landsat Archive consists of more than 10.2 million images 
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exceeding 9 petabytes of data while the European Space Agency’s Sentinel mission 
has already produced much more data. An amount of more than 455 million satellite 
datasets have been downloaded globally in 2022 alone, underscoring the accelerat
ing demand for EO information.1 In general, 2024 studies showed that current EO 
datasets reached a total of 807 petabytes and more than 100 petabytes are gener
ated every year (Wilkinson et al., 2024).

Thus, the recent uptake of EO data is raising barriers for efficient storage, processing, 
and analysis. Conventional approaches are insufficient for timely and actionable informa
tion extraction from such vast archives. To address this, Earth Observation Data Cubes 
(EODCs) have emerged as a strong paradigm, offering standardized, analysis-ready struc
tures enabling providers and users with coherent handling, storage, and usage of EO data. 
Although the EODCs’ concept is not novel, their national development and support are 
highlighted (Dhu et al., 2019).

Moreover, recent advances in EODCs have moved beyond simple pixel-based proces
sing and analysis to incorporate semantic frameworks, which assign meaningful land 
cover or land use classes to each pixel based on spectral, spatial, and temporal informa
tion (Kröber et al., 2025). Semantic querying and classification enables the translation of 
raw satellite data into interpretable concepts. In addition, integrating semantics, EODCs 
can support automated large-scale assessments of environmental changes and phenom
ena, improve the handling of ambiguous pixels, and enhance interoperability for down
stream applications.

Countries under the threat of climate crisis, like Cyprus which is located in the eastern 
Mediterranean region, stand to benefit significantly from EODCs and semantic-based 
approaches. The island faces recurrent droughts and water shortages making systematic 
monitoring of water resource management a fundamental need (Montero et al., 2024; 
Neophytides et al., 2024). A national EODC can serve as a software-based infrastructure to 
strengthen environmental resilience, support evidence-based policies, and mitigate risks 
from both natural and human-induced hazards (Eliades et al., 2023).

This study contributes to the broader challenge of water security in the Mediterranean 
region, where hydrological monitoring is limited, but decision support needs are high. 
CEODC aims to enable automated monitoring of reservoir dynamics, supporting risk 
assessment in water resources.

In this study, we present the development of a national EODC for Cyprus (CEODC) and 
demonstrate its capabilities through water resource monitoring case study in the context 
of the climate crisis. The contributions of this study are: the i) design and development of 
the CEODC, ii) a semantic-based framework for water resource monitoring, and iii) analysis 
of CEODC’s interoperability.

The remainder of the paper is structured as follows. Section 2 provides an overview of 
previous works related to Earth Observation Data Cubes and their utilization for water 
resource management and monitoring, Section 3 describes the design and development 
of CEODC and provides an overview of indexed satellite products. Moreover, Section 4 
outlines study area of the demonstration use case, ground-truth datasets, semantic 
framework, and methodologies used. Section 5 presents the results of the semantic- 
based water resource monitoring framework and the CEODC’s user interfaces. Finally, 
Section 6 discusses findings and CEODC’s interoperability based on six faces and Section 7 
concludes this work.
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2. Related works

EODCs have gained increased attention for managing large EO archives through multi
dimensional raster databases. Towards this direction, various frameworks for the devel
opment of EODCs have been proposed by the scientific community.

The first major approach for multidimensional database management for raster data 
was RasDaMan approach (Baumann et al., 1998). The framework was introduced as 
a streamlined store manager of images in terms of spatial and temporal resolution 
enabling faster analysis (Baumann et al., 1997). Another early framework, TerraLib, 
extended these capabilities with vector data handling alongside rasters (Câmara et al.,  
2008). Modern frameworks like xcube (xcube-dev, 2025) which is based on Zarr storage for 
multi-dimensional geospatial images (Khan et al., 2024), and Open Data Cube (ODC), 
which organizes metadata of EO products in a PostgreSQL/PostGIS relational database 
system (Killough, 2018) enhanced EO data management. One of the main attributes of 
EODC frameworks is their ability to serve users with Analysis Ready Data (ARD) (Killough,  
2019; Killough et al., 2020).

In addition, frameworks like “Earth in a box” showed promising advancements towards 
light-weight EODCs adaptation for land surface and atmospheric variables (Gans et al.,  
2018). SpatioTemporal Asset Catalogs exposed EO data via catalogs ordered by spatial 
and temporal resolution (Hanson, 2019). Finally, ml4xcube demonstrated straightforward 
adaptation of EODCs into machine learning pipelines (Peters et al., 2025), while lexcube 
focused on immersive visualizations of EODCs (Söchting et al., 2024).

These frameworks represent different architectural strategies, ranging from array 
database engines like RasDaMan, to data management systems that handle both rasters 
and vectors like TerraLib, cloud-based chunked storage such as xcube, and metadata- 
driven relational systems like ODC.

Building on these core frameworks, national and regional EODCs have been developed 
worldwide. First, the Australian EODC served as pioneers and developers of ODC frame
work (Lewis et al., 2017). More countries and regions followed, such as Switzerland 
(Chatenoux et al., 2021), Brazil (Picoli et al., 2020), China (Cao et al., 2022), Armenia 
(Asmaryan et al., 2019), and Africa (Mubea et al., 2024) among others. In addition, 
Austria exhibits an ODC extension with semantic translation of pixels to land cover classes 
(Augustin et al., 2019).

EODCs demonstrated their applicability in different environmental fields such as 
agriculture (Drivas et al., 2022), snow coverage (Poussin et al., 2025), land cover (Chaves 
et al., 2021), floods (Wang & Gao, 2022), maritime (Kavouras et al., 2024), wildfire (Mantas 
et al., 2024), and extraction of essential climate variables (Augustin et al., 2021) among 
others. EODCs’ importance for understanding water security as a social-ecological chal
lenge was previously highlighted (Bolognesi et al., 2018). However, applications in water 
resource monitoring remain comparatively limited. Major contributions include the Water 
Observation from Space (WOfS) product, first applied in Australia (Mueller et al., 2016) for 
multi-decadal water extent monitoring and later in Africa (Halabisky et al., 2024). WOfS 
uses a decision tree algorithm for water extent detection using Landsat with 93% 
accuracy. A SAR-based framework detects water bodies with 97% correlation to WOfs 
using machine learning on Sentinel-1 VV and VH polarizations (Kreiser et al., 2018). Optical 
and radar data stored in Digital Earth Africa were fused to overcome high cloud coverage 
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for water body detection in Ethiopia (Peppa et al., 2023). Finally, an alerting system for 
inland water algal blooms used Landsat data from an EODC (Malthus et al., 2019).

While these contributions demonstrate the value of EODCs in water resource monitor
ing, applications remain underrepresented, particularly in climate-threatened 
Mediterranean regions (Claro et al., 2024; Eliades et al., 2023). Our approach generalizes 
water resource monitoring through EODCs by using globally uniform Sentinel-2 SCL and 
a semantic-based methodology instead of traditional pixel-based classification. In addi
tion, ODC was selected for CEODC due to its maturity, open-source model, and widely 
proven capabilities in national deployments.

3. Development of Cyprus Earth Observation Data Cube

Cyprus Earth Observation Data Cube (CEODC) hosts data for the entire island of Cyprus 
and a big part of Cyprus’ Exclusive Economic Zone. Cyprus is an island in the eastern 
Mediterranean Sea (35 �N, 34 �E) and is part of the wider area of the Eastern 
Mediterranean, Middle East, and North Africa region (Eliades et al., 2023) as shown in 
Figure 1. The island covers an area of 9,254 square kilometers. To cover Cyprus, we need 5 
Sentinel-2 tiles (i.e., T36SVE, T36SWE, T36SXE, T36SVD, and T36SWD) and the h20v05 
MODIS tile. Unlike Sentinel-2 and MODIS, Sentinel-1 data are not distributed in fixed tiles 
but in orbit-based frames of approximately 250 kilometers swath width. Cyprus is inter
sected by two ascending and two descending relative orbits (i.e., 13, 36, 86, and 109), each 
providing overlapping coverage of the island. Table 1 briefly describes indexed satellite 
data by providing information of name, description of observations, space-borne instru
ment, spatial and temporal resolutions and year of launch. Figure 2 illustrates a visual 
abstract of the acquisition, pre-processing and indexing pipelines of CEODC.

Different acquisition pipelines are set-up for the data collection upon data availability 
from the different providers of each different satellite dataset. For the multiple NASA’s 

Figure 1. Cyprus’ location in the wider area of eastern Mediterranean, Middle East, and North Africa 
region (a). Cyprus is pointed in the area with a red box. On the top right corner of the figure a zoomed 
map of Cyprus is shown (b). The x and y axis represents the coordinates. The figure was created with 
cartopy Python package.
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MODIS products which are stored in CEODC, a connection to NASA’s Earthdata via earth
access Python library is established (López et al., 2024). This specific library eases the way 
NASA’s data can be accessed and is establishing an API connection for the data down
loading. For the collection of ESA’s Sentinel-1 and Sentinel-2 images, two different 
instances of Earth Observation Data Access Gateway (EODAG) are called (CNES and 
contributors, 2023). EODAG is responsible to serve users as a consolidated API through 

Table 1. Earth observation products of Cyprus data cube. LAI stands for leaf area index, FPAR denotes 
fraction of photosynthetically active radiation, LST is land surface temperature, SAR stands for 
synthetic aperture radar and MSI for multispectral instrument.

Code Name Description Instrument Spatial Resolution Temporal Resolution Launch

MOD16A2 Net Evapotranspiration MODIS/Terra 500 m 8-Day 2021
MYD16A2 Net Evapotranspiration MODIS/Aqua 500 m 8-Day 2021
MOD13Q1 Vegetation Indices MODIS/Terra 250 m 16-day 2000
MYD13Q1 Vegetation Indices MODIS/Aqua 250 m 16-day 2002
MOD44B Vegetation Continuous Fields MODIS/Terra 250 m Annual 2000
MOD15A2H LAI/FPAR MODIS/Terra 500 m 8-day 2000
MYD15A2H LAI/FPAR MODIS/Aqua 500 m 8-day 2002
MOD17A2H Gross Primary Productivity MODIS/Terra 500 m 8-day 2000
MYD17A2H Gross Primary Productivity MODIS/Aqua 500 m 8-day 2002
MOD11A1 LST/Emissivity MODIS/Terra 1 km Daily 2000
MYD11A1 LST/Emissivity MODIS/Aqua 1 km Daily 2002
MOD14A1 Thermal Anomalies/Fire MODIS/Terra 1 km Daily 2000
MYD14A1 Thermal Anomalies/Fire MODIS/Aqua 1 km Daily 2002
Sentinel-1 Radar images C-band SAR 5 m–20 m 12 days 2014
Sentinel-2 Optical images MSI 10 m, 20 m, 60 m 10 days 2015

Figure 2. CEODC’s acquisition, pre-processing, and indexing visual abstract.
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Python scripting language. For each one of the Sentinel products, a fallback connection to 
three data providers (i.e., ONDA, Theia, Copernicus Data Space Ecosystem) is established. 
With this, redundancy regarding the successful download of each new image is achieved.

Each of the MODIS’ products mentioned in Table 1 consists of different layers and each 
one contains different kinds of information related to the description. All the acquired 
products are in version 6.1. Moreover, some of the products’ temporal resolution is 
denoted as 8-Day or 16-Day which has a different meaning for each dataset. For example, 
for MOD13Q1, each 16-day composite contains pixels with the highest quality based on 
cloud coverage, viewing geometry, and index value. For more information for each 
dataset, one can use the NASA’s Earthdata Search Data Catalog.2 Terra and Aqua satellites 
of NASA which both carry the MODIS instrument differ on the time they are crossing the 
equator. Terra is crossing equator during morning while Aqua crosses equator during 
afternoon. Both in tandem are covering Earth twice a day.

Sentinel-1 has a temporal resolution of 12 days but the constellation of 2 (i.e., satellite 
A and C) can decrease the temporal resolution to 6 days. On the other hand, Sentinel-2 
revisits equator every 10 days and the constellation’s temporal resolution is 5 days. 
Sentinel-1 images are capturing data in two different polarizations, the Vertical-Vertical 
(VV) and Vertical-Horizontal (VH) in a 10 meter resolution.

Data curation for all of the satellite data index in CEODC includes completeness and 
data quality checks, sensor (i.e., Sentinel-1, Sentinel-2, MODIS) specific data pre- 
processing, and conversion to Cloud Optimized GeoTIFFs (COGs) to generate Analysis 
Ready Data (ARD).

More specifically, MODIS’ products are collected in a Hierarchical Data Format which is 
responsible for the management of complex scientific big data. Those are in a sinusoidal 
grid geographical projection and thus the fusion with other datasets is more complex. 
MODIS preprocessing consists of the direct conversion of each HDF variable to GeoTIFFs 
while ensuring no loss of data and metadata values.

Synthetic Aperture Radar images acquired by Sentinel-1 require a sequence of pre- 
processing steps before analysis, which consist of four main steps (i.e., radiometric 
calibration, speckle filtering, geometric correction, and conversion to decibel (dB) values). 
The whole pre-processing is done through snappy (European Space Agency, 2023) which 
is the Python API of ESA’s Sentinel Application Platform software. Radiometric calibration 
was conducted using the auxiliary file and exporting the sigma band for the VV and VH 
polarizations, ensuring the ARD format of the Sentinel-1 acquisition. Speckle filtering was 
applied using the Lee filter with size 5� 5, a damping factor of 2 and an edge threshold of 
5000 and is effectively decreasing the speckle noise. Geometric correction was carried out 
using the Shuttle Radar Topography Mission 1 arc sec height digital elevation model with 
bi-linear interpolation and a pixel spacing of 15 m for geocoding. At the end, the 
calibrated and corrected images are converted to decibel values.

Sentinel-2 images consist of 13 spectral bands. Each band has a different spatial 
resolution of 10, 20 or 60 m and represents a different spectral range. Sentinel-2 Level- 
2A is produced by various processing facilities across Europe using the Sen2Cor and then 
provided to users through different online platforms (e.g., Copernicus Data Space 
Ecosystem and Sentinel Hub). Pre-processing procedure is separated in two steps in 
order to generate ARD. At first, an image classification takes place for the production of 
the scene classification image, which is useful for masking clouds, thin cirrus and cloud 
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shadows before processing and analysis or focus analysis on other land covers like water, 
vegetation and snow. Moreover, the scene classification classifies unsaturated pixels, 
missing data, dark features and non-vegetated pixels. An amount of pixels remains 
unclassified for some acquisitions. The second step, is responsible for applying atmo
spheric corrections to the spectral bands of Sentinel-2 derived images in order to convert 
top of atmosphere values into surface reflectance. Moreover, final dataset of each image 
includes supplementary outputs such as aerosol optical thickness, true color image and 
water vapour. Sentinel-2 Level-2A which is downloaded for CEODC doesn’t contain band 
10 which is used for atmospheric corrections by Sen2Cor. Bands 2, 3, 4, 8, aerosol optical 
thickness, true color image and water vapor3 are exported with a spatial resolution of 10  
m directly from Sen2Cor. The rest of the bands (i.e., 1, 5, 6, 7, 8A, 9, 11, 12 and scene 
classification) are resampled to 10 meters spatial resolution using bi-linear interpolation 
method from Geospatial Data Abstraction Library (GDAL/OGR contributors, 2024).

All of the satellite acquisitions are reprojected to EPSG:32636 before being considered 
as ARD for spatial alignment and achieve consistency during analysis or fusion of data 
from different satellite sources. The selected coordinate reference system is considered as 
the native for Cyprus by EPSG Geodetic Parameter Dataset. Moreover, all the images are 
converted to COGs which is critical for faster loading and analysis in a cloud-based 
analytical framework from users. Finally, each data file is converted to a Cloud 
Optimized GeoTIFF.

For the development of CEODC, the Open Data Cube framework was utilized. 
Each satellite product according to the ODC framework is considered as product and 
each acquisition (also what is referred as image) is considered as a dataset. Datasets 
are organized hierarchically under the corresponding product. CEODC is managing 
and handling 16 different products. Individual products’ definitions according to the 
eo3 metadata type are generated in YAML format and are used in the ODC to 
indicate the structure and the format of each dataset. Each product definition 
contains information like the name of the product, product description, metadata 
type and the layers of each dataset with relevant information as the name, the data 
type, the no data value and the measurement units. The next step is the preparation 
of each dataset’s definition. Datasets’ definitions are generated according to eo3 
metadata type, too. Those contain information like a unique id for each dataset, the 
eo3 schema, the corresponding product name, the coordinate reference system, the 
shape and transformation of the grid, the path for each layer’s COG in the storage 
directory, and EO properties like the platform, instrument, date and time of acquisi
tion, file format, a region code, dataset’s maturity indication and the product’s 
family. Additionally for Sentinel-2, dataset definition contains cloud coverage on 
each image to enhance images filtering from users’ side. At first, each product is 
indexed in the data cube using ODC’s command line interface and then each dataset 
is indexed in a similar way. The whole process of preparing definitions and adding 
products and datasets is an automated pipeline. In addition, the CEODC is built with 
a microservices architecture on an in-house cloud infrastructure as illustrated in 
Figure 3. The data storage layer is responsible for keeping ARD rasters and the 
database where metadata of each geospatial dataset are stored. The microservices 
layer is responsible for orchestrating the services of data acquisition, raster pre- 
processing, product and dataset definitions preparation, and finally the indexing to 
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the database. Moreover, the interoperability layer is managing all the APIs ODC, and 
Open Geospatial Consortium (OGC) Standards as also any other endpoints needed to 
serve data to users, front-end applications, or support downstream applications. 
Finally, the application layer is managing any front-end application connected to 
CEODC.

CEODC’s archive is updated daily with the newest available acquisitions by searching 
the repositories of each aforementioned provider. At the time of writing, it contained 
3539, 4845, and 24,578 scenes of Sentinel-1, Sentinel-2, and MODIS, respectively, corre
sponding to a total volume of 16 TB.

On-premises

infrastructure

Data Storage Layer

ARD rasters Metadata Database

Microservices Layer

Pre-processing Indexing

Interoperability Layer

Product and Dataset

Definitions

ODC API OGC Standards Endpoints

Application Layer

Browser Analytics External applications

Data

Acquisition

Figure 3. Architecture of CEODC.
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4. Semantic-based water resources monitoring

4.1. Study area

Cyprus is an island situated in the eastern Mediterranean Sea (35�N; 33�E) and is part of 
the wider area of the Eastern Mediterranean, Middle East, and North Africa region (Eliades 
et al., 2023). The island covers a total area of 9,254 km2 and the climate is characterized as 
semi-arid with frequently occurring droughts. In general, Cyprus experiences hot dry 
summers and mild rainy winters which are typical characteristics of the Mediterranean 
region (Hadjinicolaou et al., 2011). Between years 1991 to 2020, the average mean surface 
temperature in Cyprus was 11.2 degrees Celsius for the winter season, 16.82 degrees 
Celsius for the spring season, 26.69 degrees Celsius for the summer season, and 21.03 
degrees Celsius for the fall season, according to the reports of the climate crisis in 
Knowledge Portal of World Bank for 20214. Regarding precipitation amounts, the winter 
season had 281.06 mm, spring had 90.9 mm, summer had 10.3 mm, and autumn had 
87.81 mm.

In this proof-of-concept we focus on the area covered by the structure of Kouris water 
reservoir as shown in Figure 4 which is located approximately 15 kilometers northwest of 
Limassol at an altitude of around 250 meters above sea level. Kouris is an artificial structure, 
constructed in 1988 and is the largest dam among Cyprus’ network of 107 dams. The 
reservoir is fed by Kouris, Limnatis and Kryos rivers. In addition, the dam is connected to 
Diarizos river via a 14.5 km underground tunnel. The total catchment area covers 300 km2 

with a water storage capacity of 115 million cubic meters. Finally, the Kouris water reservoir 
is considered as the most critical water supply infrastructure of the island and thus 
systematic monitoring is essential to sustain water security of Cyprus.

Figure 4. Location of Kouris water reservoir in Cyprus. The red circle indicates the reservoir location on 
the main map. The inset shows a cloud-free RGB composite from ESA’s Sentinel-2 during summer 
2025.
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4.2. In-situ data

Three complementary in-situ datasets were collected to validate satellite-derived water 
area measurements and enhance the hydrological analysis for Kouris water reservoir. 
Water storage and inflow data were obtained from the Cyprus Water Development 
Department at daily and monthly temporal resolution, respectively. Both of the vari
ables are measured in million cubic meters. In-situ dataset of precipitation and water 
storage temporally covers from 2015 to 2024 while dataset of water inflow is missing 
data from 2015–2017. In addition, daily precipitation data from the nearest automated 
weather station of Department of Meteorology of Cyprus were acquired, measured in 
millimeters. To ensure temporal harmonization with the other two in-situ variables and 
enable proper correlation analysis, daily precipitation values were aggregated to 
monthly totals using summation while mean monthly values from water storage 
data were extracted. The fusion of in-situ data with EO data is taking place within 
the EODC environment but they are not stored as geospatial products in the EODC. In- 
situ data can be uploaded in the analytics environment by users according to their 
needs.

4.3. Semantic classification framework

The proposed semantic classification framework translates Sentinel-2 SCL pixel values into 
six meaningful land cover concepts (i.e., water, vegetation, non-vegetation, clouds, snow, 
other). We refer to this as a spatially generalized framework because it relies exclusively on 
the globally consistent SCL, without any site-specific training data or local parameter 
tuning. As a result, the same semantic rules can be directly applied to other reservoirs and 
regions where Sentinel-2 L2A data are available. This approach was chosen for several 
critical reasons.

First, the SCL offers a standardized, analysis-ready classification layer generated by the 
official ESA’s Sen2Cor processor, ensuring both reproducibility and consistency across 
scenes and time. In addition, the proposed method eliminates subjectivity to site-specific 
spectral thresholding or manual rule sets that require regional tuning. Thus, SCL with its 
immediate availability and validation by the Sentinel mission supports automatic large- 
scale applications and reproducibility in diverse environments and seasons.

Second, this semantic-based framework provides direct interpretability and operation 
relevance for environmental monitoring with six designated classes. These specific classes 
are selected by the practical needs of water resource management. “Water”, “vegetation”, 
and “non-vegetation” are essential for understanding the water reservoir’s surface 
dynamics, exposed margins and ecosystem response. “Clouds” and “snow” are included 
because their presence alters the captured scene, while “other” class captures missing 
data.

Third, compared to modern artificial intelligence (AI) methodologies this approach 
does not require site-specific labels or manual acquisition of training data. AI-based 
methods require large high-quality, annotated, and regional or site-specific datasets, 
and typically result in complex black-box decision processes. In contrast, the proposed 
framework is fully automated, requires no site-specific training or manual labeling, and 
provides transparent decision logic and consistency in the outputs.
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Table 2 shows semantic land cover concepts, corresponding SCL codes and descrip
tions. This design enables rapid production of reliable semantic masks, quantitative 
analysis, time-series trend extraction, and actionable water management indicators.

For each Sentinel-2 image at time t, a binary mask maskt
c is generated for every 

semantic concept c with the following equation: 

where ði; jÞ are the pixel coordinates and codesðcÞ is the set of SCL codes associated with 
concept c as described in Table 2.

The total number of pixels Nt
c for semantic concept c at time t is defined as follows: 

Those boolean masks enable automated calculation of quantitative metrics, essential 
for water resource monitoring. For each semantic concept c and satellite acquisition at 
time t, spatial coverage At

c is computed as: 

where Nt
c is defined in Eq. 2 and α is a constant equal to 0.01 hectares denoting the unit 

pixel area of 10-meter resolution. The percentage composition Pt
c is derived as: 

where Nt
valid is the number of valid pixels in the acquisition at time t.

4.4. Trend and correlation analysis

In this demonstration study for water resource monitoring through CEODC, 
a combination of statistical tools is used to identify trends in water availability and 
quantify correlations between satellite-derived water area and in-situ variables (i.e., 
water storage, inflow, and precipitation). First, for the correlation analysis, the Pearson 
correlation coefficient is calculated with the following equation: 

Table 2. Semantic land cover concepts and their corresponding Sentinel-2 SCL codes.
Semantic Concept SCL Code(s) Description

Water 6 Water bodies
Vegetation 4 Green vegetation
Non-vegetation 5 Bare soil, rocks, and concrete structures
Clouds 3, 8, 9, 10 Cloud shadow, medium and high probability clouds, and cirrus
Snow 11 Snow or ice
Other 0, 1, 2, 7 No data, saturated or defective pixels, shadows, and unclassified
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where r is the Pearson correlation coefficient, xi and yi represents each paired observation 
between water area and each given in-situ variable, �x and �y denotes the mean values of 
samples and n is the number of paired observations.

In addition, Spearman rank correlation coefficient was calculated with the following 
equation: 

where ρ is the Spearman rank correlation coefficient, di is the difference between the 
ranks of each pair of observations ðxi; yiÞ, and n is the number of paired observations.

Pearson correlation coefficient tests data for linearity under normality assumptions 
while Spearman rank correlation coefficient detects monotonic relationships without 
requiring normality. Moreover, in combination the two methods ensure that correlations 
are not distorted when the relationship is not linear or influenced by outliers. In addition, 
this combination acts as a cross validation of results where the agreement between the 
two computed coefficients increases confidence, while differences show if relation is 
strictly linear or monotonic.

Long-term trends in water availability were analyzed using ordinary least squares 
regression over the 9-year study period as follows: 

where y represents the mean annual water area as the arithmetic mean of monthly mean 
water area values within each hydrological year, t is the hydrological year (e.g., 2016, 2017, 
2018, etc.), β0 is the intercept, β1 is the trend slope defined as hectares of water area per 
hydrological year and ε is the error term.

In addition, to ordinary least squares, the non-parametric Mann-Kendall test is 
employed to assess monotonic trends in water availability without linearity assumptions, 
making it particularly suitable for hydrological and environmental assessments. Mann- 
Kendall statistic is calculated as follows: 

where xi and xj is water area at hydrological years i and j respectively, and the sign 
function is given by: 

The normalized Mann–Kendall statistic τ is computed as: 

where n is the number of observations.
Mann–Kendall can only indicate the presence and direction of a trend. Thus, to 

quantify the magnitude, Sen’s slope is estimated with the following equation: 
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where Q represents the estimate of slope (i.e., hectares of water area per 
hydrological year) and k is the number of hydrological years.

Combining the three methods (i.e., ordinary least squares, Mann–Kendall, and Sen’s 
slope) strengthens the analysis. Agreement between parametric and non-parametric 
approaches increases confidence while disagreement highlights sensitivity to data 
assumptions. Furthermore, the utilization of methodologies like Sen’s slope can quantify 
trends of essential environmental variables like water area and availability.

Finally, to determine the water security of the reservoir we used the coefficient of 
variation for each hydrological year, which is calculated as follows: 

where CV is the coefficient of variation, σ is the standard deviation of mean monthly water 
area values within a hydrological year and μ is the mean annual water area of a 
hydrological year. Coefficient of variation values for each hydrological year are classified 
according to demonstrative thresholds as shown in Table 3. Additionally, water stress 
conditions were determined using the 25th percentile of all water area observations as 
the threshold for low water availability.

Finally, we determine seasonal timing patterns by identifying peak and minimum 
water area months for each hydrological year. Inter-annual variability in seasonal timing 
was quantified using standard deviation of peak and low water months across the 
9 hydrological years.

4.5. Experimental setup

Demonstration study of Cyprus Earth Observation Data Cube comprises two datasets 
from Sentinel-2 acquisitions over Kouris water reservoir at 10-meter spatial resolution. The 
first dataset consists of 581 satellite observations, used for semantic land cover analysis, 
correlation analysis between satellite-derived water area and ground-truth data and 
temporal comparison analysis. In addition, a 15-observation window is applied for the 
semantic land cover analysis to smooth temporal variations while preserving seasonal 
patterns.

The second dataset, used for trend analysis, consists of 353 satellite observations 
containing all of the images where cloud coverage is less than 15% to avoid cloud- 
induced bias in long-term trend detections and water security assessment.

Table 3. Water availability varia
bility classification based on the 
coefficient of variation for each 
hydrological year.

Class CV Threshold

Stable <0:3
Moderate 0:3 � CV < 0:5
High �0:5
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Both of the datasets are spanning nine hydrological years from 2016 to 2024, where 
each hydrological year is defined as the period from 1st of October to 30th of September.

All the statistical analyses implemented in Python programming language using the 
scipy and pymannkendall packages.

5. Results

5.1. Water resources monitoring

5.1.1. Semantic land cover analysis
Figure 5 shows the semantic land cover dynamics over Kouris water reservoir from 2016 to 
2024. The first visual exploration of the figure can easily provide insights on the trade-offs 
between the different semantic land classes. To provide robust characterization of the 
composition in the area covered by the reservoir to reduce influence of outliers and 
skewness, we report median coverage percentages and interquartile ranges (IQR) 
between 25th and 75th quantile. This approach better captures typical conditions and 
seasonal patterns compared to mean and standard deviations. Water is covering 25.1% 
with an IQR of 34.5%, reflecting the typical water extent and its inter-annual variability 
within the reservoir. Vegetation cover is consistently low, with a median coverage of 2.7% 
and an IQR of 3.8%. On the other hand non-vegetated surfaces correspond to exposed 
reservoir beds with a median coverage of 23.3% and an IQR of 39.4%. In addition, 
presence of clouds accounts for the 7.1% with a wide IQR of 52.7%. Finally, snow cover 
does not present at all according to this analysis. In addition, a seasonal variation of mean 

Figure 5. Semantic land cover dynamics. The y-axis illustrates the percentage of area coverage 
per semantic class and x-axis shows hydrological years. Legend on top right corner presents the 
corresponding color for each semantic class. Shaded colors denote the standard deviation of area 
coverage.
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water coverage is observed with an average of 32% during summer (i.e., June, July, and 
August) and autumn months (i.e., September, October, and November), higher than 
25.6% and 24.3% observed during winter (i.e., December, January, and February) and 
spring (i.e., March, April, and May), respectively. Vegetation coverage remained low 
consistently during all of the seasons, while snow events are minimal averaging 0.3% 
with high variability likely due to classification uncertainties. Cloud coverage averages 
a 29.3% with large standard deviation, particularly during winter months reflecting 
episodic cloud events.

5.1.2. Time-series correlation analysis
Figure 6 and Table 4 show the Pearson and Spearman correlation analysis between 
satellite-derived water extent and ground-truth variables. In addition, time-series of 
each ground-truth variable is plotted against the satellite water area to understand 
temporal dynamics and relationships. Figure 6 highlights the following findings. The 
strongest correlation is identified between satellite-derived water area with water storage 
of Kouris reservoir, achieving an r of 0.611 and ρ of 0.626. The nearly equal values indicate 
a robust linear relationship with minimal influence from outlier or non-normal 
distributions.

Figure 6. Time-series correlation analysis between satellite-derived water area and in-situ measure
ments. Top row shows Pearson correlation scatter plots with correlation coefficients (r) for storage, 
inflow, and precipitation relationships. Middle row presents Spearman rank correlation scatter plots 
with correlation coefficients (ρ) for the same variables. Bottom row displays temporal comparison time 
series where the y-axis represents water area (hectares) for satellite data and corresponding units 
(million cubic meters for storage and inflow, millimeters for precipitation) for ground truth measure
ments on secondary y-axes. X-axis shows hydrological years (2016–2024). Point shading in scatter 
plots indicates cloud coverage percentage as shown in the horizontal colorbar. Legend at bottom 
illustrates colors for satellite-derived water area, storage, inflow, and precipitation.
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By contrast, inflow and precipitation exhibit weak negative correlation with satellite 
water extent. Inflow achieves an r of −0.221 and ρ of −0.282 and precipitation an r of 
−0.182 and ρ of −0.258. The more negative Spearman correlation values suggest mono
tonic relationships that may not be captured by linear correlation.

The time-series comparison further reveals clear seasonal patterns in satellite- 
derived water extent that align with expected Mediterranean hydrological cycles. 
Water storage measurements by Water Development Department of Cyprus are 
aligned with satellite observations, particularly, during the wet period between 
2020–2022, when high inflows sustained large reservoir extents. On the other 
hand, temporal comparison with inflow and precipitation show weaker alignment, 
with inflow not directly connected to water extent and precipitation spikes not 
consistently followed by increases in water extent.

5.1.3. Water security and availability
Figure 7 shows trend analysis of water extent in Kouris reservoir across the 9 hydrological 
years.

The nine year time-series shows noticeable inter-annual variability in water 
extent, ranging from a mean of 64.2 hectares during dry year of 2018 to 174.9  
hectares in 2020. The monthly mean water extent ranged from an extreme low of 
29.9 hectares to an extreme high of 238.4 hectares. From the figure, one can 
understand that there is a positive trend in mean annual water area. This argu
ment is supported by OLS regression, which estimates an increase of 7.36 hectares 
per year with p-value lower than 0.001. However, the Mann–Kendall test combined 
with Sen’s slope, which is more robust to linear assumptions and outliers influ
ence, found an increase of 8.86 hectares per year with results found as statistically 
significant. The substantial difference between minimum and maximum water 
levels with 29.9 hectares in 2018 and 238.4 hectares in 2020 indicates reservoir’s 
sensitivity to hydrological variability, typical of Mediterranean systems.

Typical peak water month in Mediterranean countries is March where intensive 
precipitation events come to an end, while typical low water month is September, 
where most of the irrigation practices in agriculture during summer period have 
ended. The analysis shows that peak water months are characterized by an inter- 
annual variation, occurring predominantly in late winter to early spring (i.e., 
February, March, April). Low water months displayed even greater variability, 
ranging from February to October across different hydrological years.

The CV analysis revealed that six of the nine hydrological years are character
ized by moderate variability, with only three years (i.e., 2016, 2017, and 2020) 
classified as stable. None of the nine hydrological years exhibited high variability. 
Both trend analysis methods detected slight increases in variability over time with 

Table 4. Correlation analysis between water area and in-situ hydrological variables.

Variable

Pearson Spearman

r p-value ρ p-value

Storage 0.611 1� 10� 15 0.626 1� 10� 15

Inflow −0.221 0.004 −0.282 2:14� 10� 4

Precipitation −0.182 0.007 −0.258 1:24� 10� 4
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0.0239 and 0.0128 hectares per year for OLS and Sen’s slope, respectively. In 
addition, both exhibit p-values of 0.059 and 0.199, respectively, showing no 
statistical significance in variability changes over the years.

The analysis of water extent dynamics from 2016 to 2024 revealed complex inter- 
annual patterns with statistically significant long-term trends in water abundance, while 
there is not a statistical significance in variability.

Figure 7. Nine-year hydrological trend analysis. Top row shows annual water extent variability (left) 
with maximum, mean, and minimum water area trends, and seasonal timing patterns (right) display
ing peak and low water months across hydrological years. Bottom row presents water security 
assessment (left) using coefficient of variation with stability thresholds and trend lines, and long- 
term water availability (right) showing mean annual water area with trend analysis. Red dashed lines 
represent OLS regression trends with p-values, dotted orange lines show Sen’s slope trends with 
Mann–Kendall p-values. Bar colors in water security plot indicate stability classification. Bar colors in 
water availability plot represent water level categories based on absolute thresholds. Legend identifies 
trend methods and reference lines for each subplot.
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5.2. Cyprus Earth Observation Data Cube interfaces

To enhance user access and interoperability, we developed two complementary inter
faces for the CEODC. Together, these interfaces address both the needs of non-expert 
users seeking intuitive visualizations and advanced users looking for analytical flexibility.

The first interface is the CEODC Browser, a visualization platform as shown in Figure 8, 
implemented based on open-access TerriaJS framework, developed by Geoscience 
Australia. The visualization platform is fully connected to CEODC and is continuously 
updated with images newly added to the EODC. Images are served from CEODC to 
Browser using Web Map Services of Open Geospatial Consortium.

Through this platform, users can easily visualize Sentinel-1, Sentinel-2 and MODIS 
acquisitions, compare images, run time-series, get pixel values, and take high-quality snap
shots. In addition, users can upload their own georeferenced data for enhanced analysis. 
Moreover, we developed a suite of spectral indices related to vegetation, water, land, urban, 
and natural disasters from Sentinel-2 to enhance visual interpretation of environment by 
users. The platform is available through https://browser.cyprusdatacube.com/.

The second interface is CEODC Analytics, a platform based on JupyterHub as shown in 
Figure 9 where users can create their own account and apply their own processing and 
analysis using Python programming language on satellite imagery indexed in Cyprus 

Figure 8. Cyprus Earth Observation Data Cube browser. Example screenshot from the visualization 
platform illustrating a Normalized Difference Water Index image over Kouris water reservoir.

Figure 9. Cyprus Earth Observation Data Cube analytics. Example screenshot from the working 
environment selection.
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Earth Observation Data Cube. Processing resources are allocated to each user on the 
hosting infrastructure of CEODC. The analytics platform offers the capabilities of three 
working pre-configured environments with Python packages further than datacube, 
auxiliary packages (e.g., odc-stac, odc-geo, etc.) and its prerequisites. The first environ
ment, entitled Earth Observation Data Cube, is loaded with well-known scientific 
packages like rasterio, scipy, and folium. The second, as an extension of the first one, is 
entitled Artificial Intelligence Data Cube and offers capabilities for building machine 
learning models like pytorch, tensorflow, and scikit-learn. The third environment, entitled 
Atmospheric Data Cube, is connected with pylarda, an API for connecting to atmospheric 
in-situ datasets. Through this, users can access data collected by Cyprus Atmospheric 
Research Observatory. The platform is available through https://analytics.cyprusdatacube. 
com/. In-situ data can be uploaded in the analytics platform by users to enhance analysis 
according to their needs.

In addition CEODC ecosystem is accessible through its main website https://cyprusda 
tacube.com/, while all tools and services are integrated also within ERATOSTHENES 
Regional Exploitation Platform https://rep.eratosthenes.org.cy/.

6. Discussions

6.1. Water resources monitoring

The results of this work demonstrate the applicability of EODCs and semantic concepts 
with big data analytics to understand water resources in the context of climate crisis in 
Mediterranean region. This study utilizes EODC methodological frameworks and demon
strates the role of semantic land cover classification in water reservoir monitoring, where 
traditional frameworks face unique challenges including high seasonal variability, fre
quent cloud coverage, and complex management policies.

The semantic land cover approach developed in this study contributes to future EODCs 
application like the discrimination between water and non-water (e.g., bare soil, concrete 
structures, vegetation, etc.) reservoir bed exposure during drought conditions, identifying 
trade-offs between semantic classes, effective handling of mixed pixels in reservoir 
environment, and robust classification despite high temporal variability in water levels. 
According to analysis 25.1% of reservoir’s structure is covered by water with an IQR of 
34.5% demonstrating seasonal sensitivity of the proposed approach and inter-annual 
fluctuations in water availability. Moreover, non-vegetated areas cover 23.2% of the 
reservoir’s area with an IQR of 39.4% indicating temporal changes corresponding to 
water volume dynamics. While the median coverage of the area with clouds is 7.1%, the 
high IQR of 52.7% indicates episodic cloud events. Finally, despite some snow events 
observed in the area, the 0% for median and IQR shows that such events are rare or such 
observations reflect to false classification.

Correlation analysis using Pearson and Spearman methods showed a strong correlation (r 
¼ 0.611, ρ ¼ 0.626) between satellite-derived water area coverage and in-situ storage, while 
inflow and precipitation characterized by weak negative relationships (i.e., inflow : r ¼ −0.221, 
ρ ¼ −0.282 and precipitation : r ¼ −0.182 and ρ ¼ −0.258). This validation exhibits the 
important role the EODCs can play in water extent monitoring. Moreover, the agreement 
between the two correlation methods validates our semantic-based approach. However, the 
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weak correlations with inflow and precipitation reveal important methodological insights 
about the complexity of satellite-based hydrological monitoring. The weak relationships 
exhibit the complexity of hydrological processes in water reservoirs, where precipitation 
and inflow do not directly translate to water extent due to different reasons such as interac
tions with groundwater, infiltration and dam regulations and management practices.

Both statistical methods detected statistically significant increasing trends of 7.36 hectares 
per year by OLS and 8.86 hectares per year by Mann–Kendall. On the other hand, visual 
inspection of water extent shows that the trend reflects recovery from low water volumes 
between 2015 and 2018, followed by high water availability in 2020, and the observed water 
decrease in recent years. This observation exhibits a capture of drought recovery in the trend 
rather than improvement in water security, demonstrating how such trend analysis can be 
misleading when applied to hydrological processes, main characteristic of Mediterranean 
systems (Zittis et al., 2019). Moreover, the application of both trend detection methods (i.e., 
OLS and Mann–Kendall) represents a good practice for EODC time-series analysis, providing 
robust statistical validation that accounts for different data distributions. In addition, the 
coefficient of variation analysis demonstrated no significant temporal trend in water varia
bility, indicating that while absolute water levels changed, the relative stability of the system 
remained consistent throughout the study period. This exhibits that extreme inter-annual 
variability can hide potential underlying trends and how water reservoirs’ management 
practices by local authorities can influence the extraction of hydrological patterns from 
water extent dynamics. Moreover, this highlights the importance of incorporating domain 
expertise into EODC-based water assessments (Bolognesi et al., 2018).

Beyond the scientific analysis, employing the CEODC provides several operational 
benefits for water resources management. The system allows automatic retrieval and 
fast time-series analysis of the complete Sentinel-2 archive over the reservoir, reducing 
manual data handling and enabling near-real-time updates as new imagery becomes 
available. The semantic framework can be executed reproducibly within the CEODC 
environment, facilitating routine monitoring. In addition, the integration of CEODC with 
downstream applications supports decision making and the development of early warn
ing systems for water availability also can be applied for drought and flood detections.

The proposed semantic-based approach differs from well-established approaches like 
WOfS. WOfs is based on Machine Learning and produces multi-decadal water occurrence 
products primarily derived from Landsat data with extensive validation at continental 
scale. In contrast, our approach is simpler and built on Sentinel-2 data requiring no 
training data and offering 10 m spatial resolution. This simplicity allows easy deployment 
within EODCs environments such as CEODC and straightforward adaptation by water- 
related local authorities, even when advanced machine learning expertise is not available. 
While WOfS is better suited for long-term and large-scale historical characterization, our 
framework is designed for operational water reservoir monitoring and rapid integration 
with in-situ data and decision support tools.

Finally, this work shows how EODCs and satellite-derived data can enhance the 
systematic monitoring of United Nations Sustainable Development Goal (SDG) 
Indicators, particularly indicators for SDGs 6 (clean water and sanitation), 13 (climate 
action), 14 (life below water), and 15 (life on land) (Andries et al., 2019; Hakimdavar 
et al., 2020).
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6.2. Cyprus Earth Observation Data Cube interoperability

EODCs benefit from enhanced interoperability using standards characterized by six main 
dimensions (views) as follows: semantic, geometry, encoding, interaction, interconnec
tion, and composition (Giuliani et al., 2019; Nativi et al., 2017). Regarding semantic 
interoperability, CEODC uses standardized NASA (e.g., MOD16A2, MOD13Q1, etc.) and 
ESA (e.g., GRD, MSI, etc.) product code names ensuring international recognition. 
Moreover, consistent data structure definitions are followed based on eo3 metadata 
type which includes information like CRS, measurement units, and no data values 
among others. In addition, each dataset is indexed in CEODC with metadata like the 
percentage of cloud cover. With respect to geometry interoperability, all the indexed 
datasets are spatially standardized and aligned with the EPSG:32636. Moreover, to 
enhance encoding interoperability of CEODC, all the images are translated to COGs and 
the storage location of each is stored in a PostGIS database system as indicated by ODC. 
Moreover, user interfaces of CEODC are compliant with Open Geospatial Consortium Web 
Services through datacube-ows including Web Map Service, Web Coverage Service, and 
Web Map Tile Service. In addition, an open-access JupyterHub is built on top of CEODC to 
enable users with access to images indexed to CEODC. The CEODC as aforementioned in 
Section 3 is developed using ODC with respect to framework’s standards, making it able 
to interoperate with external services. In addition, the whole system is developed in 
a microservices architecture and serves as the data provider of an irrigation scheduling 
and management application (Neophytides et al., 2024).

6.3. Limitations

Despite the efficient management of satellite-based EO data through the CEODC, there 
are still some limitations. The CEODC’s development is based on a microservices archi
tecture using Docker. However, the system does not utilize advanced orchestration 
technology, such as Kubernetes, that enables dynamic resource allocation and optimized 
load balancing. As a result, the system’s scalability in future high workloads is limited at 
the time. Second, despite pre-processing and harmonization procedures taking place for 
consistent spatial alignment and projection for all the datasets, edge effect and misalign
ment may persist, especially in pixel-level analysis when fusing MODIS with Sentinel 
datasets. Addressing these technical and infrastructural limitations will be essential for 
future upscaling.

On the other hand, the proposed semantic-based framework for water resource 
monitoring also has limitations. First, the framework is constrained to the model design 
and classification accuracy of Sen2Cor which generates the utilized Sentinel-2’s SCL. 
Moreover, the utilization of this layer limits the possibility of tailoring the classification 
process to site-specific land cover classes, thereby limiting adaptability, in contrast to AI- 
based approaches which may offer higher flexibility.

6.4. Perspectives

To increase the scalability of CEODC, plans for the adoption of an advanced orchestration 
framework are ongoing. With this, opportunities on interoperability enhancement will 
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take place by connecting CEODC with regional and global data DCs, enabling the 
involvement in EO initiatives in the broader area of Easter Mediterranean, Middle East, 
and North Africa region. Moreover, the users of CEODC, but also connected downstream 
applications can benefit from extended data availability from other space-based sensors 
like Sentinel-3 and Landsat.

Regarding the water resources monitoring framework, we explore the integration of 
current methods with automated AI-based systems to enhance the daily activities of local 
authorities and support water-related actions in Cyprus. The future combination of such 
tasks with AI can enhance semantic-based analysis and information extraction of other 
meaningful insights for the environment. Moreover, such automated frameworks can be 
designed for other important land features of the island like forests, urban environments, 
and agricultural areas.

Beyond the utilization of Sentinel-2 in the case study presented here, other datasets 
indexed in CEODC open additional avenues for environmental monitoring in general. For 
example MODIS Evapotranspiration can be used for climate-smart agricultural applica
tions or combined with leaf area index and fraction of photosynthetically active radiation 
products to assess catchment-scale water and vegetation responses. In addition, those 
satellite-based products can be used for forest growth monitoring. MODIS Burned Area 
and Thermal Anomalies products support wildfire monitoring and post-fire impact ana
lysis on environment. Sentinel-1 SAR time-series can be used for soil moisture estimations, 
disaster risk reduction, and cloud-free environmental monitoring in general, while MODIS 
Land Surface Products enable the study of drought and heatwave impacts. These poten
tial use cases illustrate that CEODC is not limited to a single sensor or application, but 
forms the basis for a broader environmental monitoring and security framework.

7. Conclusion

This study showed how EODCs can be used to develop spatially generalized semantic- 
based frameworks for water resources monitoring to enhance policy and decision making 
in water scarce areas such as those in the Mediterranean context. In addition, to the best 
of our knowledge in this study the first operational EODC in the Mediterranean region is 
presented which provides two user-friendly interfaces (i.e., browser and analytics) with 
enhanced interoperability to further support environmental monitoring. While the con
cept of EODCs in general is not new, in this work the integration of CEODC in a water 
monitoring framework is demonstrated to increase awareness of how EODCs can support 
environmental monitoring in regions threatened by climate change and therefore aid 
decision-making procedures of local authorities.

The demonstration case study reveals a strong correlation between satellite-derived 
water area and in-situ water storage was identified with a Pearson correlation value of 
0.611 and Spearman correlation of 0.626 which validates the proposed approach. 
Furthermore, the semantic classification based on Sentinel-2 SCL product effectively 
distinguished water from non-water classes across extreme conditions. In addition, the 
method proved robust across 9 years of Mediterranean hydrological variability. The results 
revealed complex temporal patterns distinguishing drought recovery from sustained 
trends and demonstrated how statistical significance requires contextual and domain- 
based interpretation.

22 S. P. NEOPHYTIDES ET AL.



The proposed approach depends on the reliability of Sentinel-2 SCL accuracy for 
distinguishing water from other semantic classes. Our study consists of a 9 
hydrological year dataset. Nevertheless, the utilization of global satellite products 
enhances the reproducibility and transferability of such frameworks, making it applicable 
to diverse geographical areas with similar needs.

Such satellite-based hydrological analysis can benefit from longer time-series that can 
be found in other satellite systems like Landsat which systematically covers world from 
1985. In our study, we are demonstrating the framework with the main reservoir of Cyprus 
as a case study. The demonstration of this framework can benefit from application to 
other reservoirs in Cyprus and the rest of Mediterranean in the future. Furthermore, the 
incomplete dataset of inflow can be considered as a limitation of our study. Additionally, 
such studies can benefit from the application of more novel technologies such as artificial 
intelligence, and this is a future outlook for better adaptation to other sensors like 
Sentinel-1 or to enable the framework to produce new outputs like direct estimation of 
water storage from satellite data and alerting systems for floods and droughts. Moreover, 
we are looking into the integration of MODIS satellite products in water resource mon
itoring frameworks for enhanced monitoring of inland water bodies in Cyprus.

Finally, such frameworks can enhance water security monitoring in water scarce 
regions, support evidence-based reservoir management decisions and enable early warn
ing systems for drought and flood conditions.

Notes

1. https://sentinels.copernicus.eu/documents/d/sentinel/cope-serco-rp-23-1493_sentinelda 
taaccessannual_report_2022

2. https://lpdaac.usgs.gov/product_search/, visited on 23/07/2024
3. https://docs.digitalearthafrica.org/en/latest/data_specs/Sentinel-2_Level-2A_specs.html
4. https://climateknowledgeportal.worldbank.org/
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