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ABSTRACT

The rapid growth of Earth Observation (EO) and Remote
Sensing (RS) data has underscored the critical need for iden-
tifying optimal solutions to effectively manage EO Big Data.
This entails simplifying data sharing and facilitating adap-
tation across multidisciplinary applications to better serve
the research community. Various architectures and structures
have been developed to manage and deploy these data in an
analysis-ready format. In this study, we provide a concise
overview of an advanced EO Big Data infrastructure located
in Limassol, Cyprus, comprising diverse data sources ac-
quired from an acquisition station, an atmospheric ground
base station, and various living labs. Additionally, we present
the EO data ecosystem of Cyprus that is specifically designed
to efficiently store the aforementioned data.

Index Terms— Earth Observation, Remote Sensing, Big
Earth Data, Analysis Ready Data, Data Cube

1. INTRODUCTION

Over the last decades, there is an increasing number of Earth
observation (EO) satellite missions aiming to enhance the en-
vironmental monitoring of the planet’s surface [1, 2]. Satel-
lites have proven their effectiveness in space-based measure-
ments [3]. The evolution of space technologies generates
enormous volume of data, known as Big Earth Data. For in-
stance, until 2018 the generated data from the first three Sen-
tinel missions (1, 2 & 3), Moderate Resolution Imaging Spec-
troradiometer’s (MODIS) Aqua and Terra Units, and Landsat
7 and 8 equals to ten terabytes of data every day, with a to-
tal quantity of data acquired covering our planet expected to
be around five petabytes [4]. According to European space
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agency (ESA)’s annual report! for 2021, 413 petabytes were
downloaded from Open Access Hub users, demonstrating the
increased demand and interest from the scientific community.

As a consequence, infrastructures are essential to cope
with the complexities of Big Data which are characterized by
the 5-Vs (volume, velocity, value, variety, and veracity) [5].
For example, the development of novel raster files types like
cloud optimized GeoTIFFs (COG) and cloud optimized raster
encoding (CORE), which are compressed raster file types, en-
ables efficient storage of large amounts of EO big data and
consequently faster analysis on cloud infrastructures [6].

Traditional and modern techniques, such as the extract-
load- transform, extract-transform-load, five-layer-fifteen-
level, and reverse extract-transform-load techniques, have
been used as big EO data pipelines aiming to: 1) discover im-
portant insights; and 2) collect EO big data in near real-time
(NRT) [7].

Different frameworks and technological advances have
been developed and accomplished, respectively, in order
to organize the Big Data obtained from different sources
(i.e., space, airborne and terrestrial). For example, EO Data
Cubes - a multi-dimensional structure - which maintains data
in a grid structure sorted in time and grouped by product
type. There are several paradigms of operational Data Cubes
around the world such as the Swiss DC [8], Austrian Se-
mantic DC [9], Brazilian DC [10] and Australian Data Cube
[11]. Other solutions such as the Google Earth Engine [12]
are expected to become the panacea in the upcoming years
because of their flexibility.

EO satellites are generating raw data that require pre-
processing in order to be appropriate for analysis. For ex-

1https ://www.esa.int/About_Us/ESA_Annual_Report_
2021

IGARSS 2024

Authorized licensed use limited to: Cyprus University of Technology. Downloaded on May 20,2025 at 08:04:34 UTC from IEEE Xplore. Restrictions apply.



Zettabytes Machine Learning

Exabytes

Petabytes Analytical

Terabytes Computation

Gigabytes Digital Signal

Processing

Data Measurements

Megabytes

1970 1990 2010 today
Period

Fig. 1. The evolution of information extraction methods.

ample, Sentinel-2 data in some cases suffer from high levels
of cloud coverage that require masking, whereas for NASA’s
MODIS Level-3 data, no pre-processing is required. Infor-
mation extraction and data cleaning are essential steps in
the pre-processing stage when acquiring Big EO Data to
transform the data in an analysis-ready data format.

Over the last decades [13], different methodologies
emerged for information extraction in Big EO Data as pre-
sented in Fig. 1. For example, initially, in which the available
data was measured in megabytes, digital signal processing
methods were used on statistical models. Later on, analytical
computation methods on physical models have been used.
Nowadays, due to the enormous amount of available data
which is measured in zettabytes (or even higher), Artificial
Intelligence techniques such as traditional shallow and deep
learning methods, are used in data models and they are capa-
ble of extracting meaningful information [14].

The main objective of this work is to describe the designed
EO Big Data infrastructure in Limassol, Cyprus , located in
the Eastern Mediterranean, Middle East, and North Africa
(EMMENA) region [15].

The rest of the paper is structured as follows. Section 2 de-
scribes the current EO Big Data infrastructure of Cyprus, data
acquisition pre-processing chains, and preliminary metrics on
the efficiency of Cyprus ecosystem. Section 3 demonstrates
two case studies using the Cyprus EO data cube. Finally, Sec-
tion 4 concludes this work.

2. EO BIG DATA INFRASTRUCTURE OF CYPRUS

In this section, a description of the EO big data infrastructure
of Cyprus is given, including the handling of NRT satellite-
derived data, EO archived data, and data obtained from sev-
eral other sensors. The complete infrastructure is presented
in Fig. 2. Cyprus is a country with a unique geostrategic po-
sition at the crossroads of three continents and with excellent
weather conditions that can contribute significantly to various
sectors of EO in the EMMENA region. The designed EO Big
Data infrastructure consists of different components such as
the EO data acquisition station (EODAS) and two living labs
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Fig. 2. The structure of EO Big Data Infrastructure in Cyprus.

(LLs). The agriculture LL consists of different in-situ sensors
such as soil moisture, evapotranspiration, and carbon dioxide.
Atmosphere LL consists of a Ground Based Station (GBS).
More details are given in subsection 2.1.

Well-established Deep Learning methodologies such as
convolutional neural networks are responsible for data-driven
information extraction in order to reduce the size of data by
disregarding unnecessary features [14]. These data models
require almost no prior knowledge of RS to extract features
but require big data for training them [13]. More details of
the data pool are given in subsection 2.2.

Regarding the storage, management, and analysis of the
resulting ARD, two different data cube types are imple-
mented: 1) the Cyprus EO Data Cube (CEODC), and 2)
the Cyprus atmosphere Data Cube (CADC). In addition, an
agriculture LL database and a solar database are maintained.
These four data storage structures together form the Cyprus
EO Data Ecosystem (CEODE) which is described in sub-
section 2.3 later on. Data gathered in the CEODE differ
in format and structure, thus there is a need for developing
different data storage structures.

2.1. Infrastructure Components

The infrastructure consists of: 1) EODAS (expected to be in-
stalled in Nicosia, Cyprus), 2) GBS (established in Limassol,
Cyprus), and Cyprus Solar Network (CSN) (consisting of 5
stations across Cyprus).
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The EODAS is equipped with a three-band feed and ca-
pabilities for simultaneous reception of all three bands (S, X
and K a) making it suitable to support current and future mis-
sions. The size of the reflector allows the station to success-
fully meet the stringent criteria set up by international and
national bodies in terms of service availability and reception
margins. The electromechanical structure of the antenna al-
lows tracking and acquisition of data from satellites orbiting
as low as 400 kilometers above the surface of the Earth. These
NRT-acquired satellite EO data from EODAS will be first
pipe-lined in a batch and stream architecture to a data pool
and then stored to our CEODC.

The GBS consists of a precipitation disdrometer, a mi-
crowave radiometer,a PollyXT Raman LiDAR (Raman Light
Detection and Ranging - RL), a Ka-band cloud radar, a
Doppler lidar, and a sun-lunar photometer. These instruments
are gathering real-time profiling data over Limassol and they
are stored in 6-hour files. The GBS enables the observa-
tion of the state and evolution of the troposphere and lower
atmosphere, such as the distribution of particles from dust
events, wildfires in Cyprus or neighboring countries, their
impact on clouds and precipitation, the observation of local
wind fields and turbulence, and other phenomena affecting
the atmosphere, including insect migration. The LACROS re-
search data analyser (LARDA) [16], developed by TROPOS,
processing chain is responsible to handle the data derived
from the GBS. LARDA contains processing tasks like remote
reading of profiling data from complex 3D data structures and
data processing methods like interpolation.

A variety of sensors are used by the CSN, a ground-based
network of stations for tracking solar energy and solar ultravi-
olet (UV) radiation. Pyranometers are used to measure total
solar irradiance, while UV radiometers are used to measure
solar UV irradiance. CSN’s central station has a spectral ra-
diometer which acts as the network’s reference instrument. In
addition, an optical laboratory for calibration of the instru-
ments will be established at the central station[17].

2.2. Data Pre-Processing

Data cleaning is performed as soon as the data arrives in the
data pool from the different sources. The raw satellite data are
examined concerning their adequacy to be used for analysis in
the following processing steps.

Specifically, pre-processing analysis for Sentinel-2 data is
applied, such as resampling of all the bands to 10 meters and
areprojection to EPSG:32636. In contrast, the pre-processing
analysis for Sentinel-1 GRD consists of radiometric calibra-
tion, speckle filtering, and geometric correction to produce
the backscatter product. Sentinel-1 pre-processing chain pro-
duces VV and VH polarizations. MODIS data are retrieved
directly from archives in an ARD format. Thus, the only pre-
processing applied is the reprojection from the sinusoidal grid
to EPSG:32636. All the aforementioned data types at the end
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of the pre-processing are converted into COG.

2.3. Cyprus Earth Observation Data Ecosystem

The CEODE consists of the CEODC, the CADC, and the
NoSQL-based databases of agriculture and solar.

For the CEODC, the open data cube framework is adapted
where a PostGIS database system is designed to index differ-
ent raster datasets from the local storage. CEODC contains
long-time series satellite imagery data from ESA’s Sentinel-
1 and Sentinel-2 (all the 13 bands are indexed), as well as 14
different NASA’s MODIS products such as vegetation indices
16-day L3 global 250 m., vegetation continuous fields yearly
L3 global 250 m., leaf area index/FPAR 8-Day L4 global 500
m., burned area monthly L3 global 500 m., and Net Evapo-
transpiration 8-Day L4 Global 500 m.

For both Sentinel missions, a fallback connection to three
main EO data providers’ repositories (i.e., Copernicus Data
Space Ecosystem, ONDA, and Theia) is established through
the Earth Observation Data Access Gateway. This assures the
redundancy of the system. MODIS data are downloaded via
a connection with NASA’s earthdata.

The satellite data related to atmospheric conditions from
satellites like NASA’s Calipso and ESA’s AEOLUS are stored
in the atmospheric online analytical processing (OLAP) cube.
OLAP cubes — known as hypercubes when 3 or more dimen-
sions exist — are data structures with the capability of online
processing as well as for organizing data by different criteria
[18]. For example, PollyXT lidar measures different aspects
of aerosol (e.g., dust and non-dust particles), by separating
the day in 6-hour time slices in a 7.5m height resolution, thus,
OLAP structure enables the organization of such data in a hy-
percube.

For the data related to agriculture a NoSQL database is
developed with MongoDB, named AgriDB. Meteorological
data, such as humidity, wind speed, temperature, rainfall, and
so on, are acquired from 43 different sensors in Cyprus and
they are stored on a daily basis. In addition, normalized dif-
ference vegetation index (NDVI) values from Sentinel-2 are
obtained together with the aforementioned data to calculate
crop evapotranspiration.

Shortwave and longwave downward irradiances from
CSN’s Limassol instrumentation, including global and diffuse
horizontal irradiances, direct normal irradiance, longwave ir-
radiance, and erythemal UV irradiance. Collected data are
sent to a storage server in NRT as CSV files and then saved
to the SolarDB, similar to AgriDB. Sky-camera images are
stored online on the manufacturer’s cloud infrastructure and
retrieved through an File Transfer Protocol (FTP) connection
once per day to the data center. The instruments installed at
stations affiliated with the Meteorological Service of Cyprus
are cataloged in the Meteorological Service’s database.

The CEODE is planned to be the backbone of a Regional
Exploitation Platform, a JupyterLab as an analytical frame-
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Fig. 3. Vegetation mapping at a main agricultural area of Cyprus. (Acheleia, Paphos) using CEODC.
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Fig. 4. Mapping the water extent of Kouris’ Reservoir (Limassol, Cyprus) using CEODC.

work, and the host for different downstream applications or
services. For example, the visualization tool “weblarda” —
available through LARDA — can be utilized where users can
visualize any selected data.

2.4. Efficiency of Cyprus EO Data Cube

As already mentioned above, two different connections for
data acquisition are established. Earth Observation Data Ac-
cess Gateway offers the capability of downloading Sentinel-1
and Sentinel-2 data with a bandwidth of approximately 11
MB/s. On the other hand, the connection to NASA’s EO
data regulates bandwidth based on traffic. The processing
chain of Sentinel-1 and Sentinel-2 needs approximately 234.1
and 121.3 seconds per image respectively. In contrast, for
each MODIS’ HDF’s pre-processing, about 27.3 seconds are
needed.

3. PRELIMINARY RESULTS

To demonstrate the capabilities of CEODC, two case stud-
ies are presented. At first, NDVI is employed to explore the
variations of vegetation over an important agricultural area
of Cyprus, at Acheleia, Paphos (Fig. 3). The second case
study, utilizes the Modified Normalized Difference Water In-
dex (MNDWI) to observe differences on the reservoir’s water

over the largest reservoir of Cyprus, Kouris located in Limas-
sol (Fig. 4).

4. CONCLUSIONS

In this work, a holistic framework is described which will
assist in the research exploration and exploitation of EO
contributing in environment’s sustainability and society’s re-
silience. The framework consists of EODAS, GBS and LLs
to acquire data which is handled and stored in the CEODE.
The main purpose of this framework is to make Cyprus the
reference point in the EMMENA region for space-based envi-
ronmental monitoring and space technologies. The CEODE
is expandable and can handle data from other disciplines in
the future, e.g., water resources and maritime LLs. Through,
a descriptive review [15] of the literature there is a need of
a Central Data Hub in the EMMENA region and this is the
gap that our proposed architecture will address. At the mo-
ment, we are covering a big part of environment and climate
monitoring in EMMENA. With the capabilities of Big Earth
Data Analytics and Artificial Intelligence we solve issues for
environmental monitoring and society’s resilience.
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