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The application of global open data remote sensing satellite missions is in the state of rapid growth, ensuring an
observation with high spatial and spectral resolution over large areas. Multispectral (Landsat, Sentinel-2, and MODIS),
radar (Sentinel-1), and digital elevation model missions (SRTM, ASTER) were analyzed, as the most often used global
open data satellite missions, according to the number of scientific research articles published in Web of Science
database. Processing methods of these missions’ data consisting of image preprocessing, spectral indices, image
classification methods, and modelling of terrain topographic parameters were analyzed and demonstrated. Possibilities of
their application in land cover, land suitability, vegetation monitoring, and natural disaster management were evaluated,
having high potential in broad use worldwide. Availability of free and complementary satellite missions, as well as the
open-source software, ensures the basis of effective and sustainable land use management, with the prerequisite of the
more extensive knowledge and expertise gathering at a global scale.

Keywords: multispectral ; Sentinel-2 ; Landsat 8 ; MODIS ; synthetic aperture radar ; Sentinel-1 ; digital elevation model ;
SRTM ; machine learning ; spectral index

| 1. Global Open Data Remote Sensing Satellite Missions

The global open data remote sensing satellite missions are analyzed according to the classification to multispectral
missions, radar missions, and DEM acquiring. Major missions per classification were highlighted according to their
popularity in articles for land monitoring and conservation using remote sensing indexed in WoSCC database in the last
ten years (2010-2019). All representative figures in the paper were created by the authors, based on the freely available
global open data satellite mission imagery.

1.1. Multispectral Satellite Missions

Remote sensing using multispectral sensors is performed by registering incoming reflected or emitted energy from objects
on the earth’s surface, which is dispersed and registered in sensors sensitive to certain spectral bands . These spectral
bands are represented as a narrow part of the electromagnetic spectrum, defined by the smallest and largest wavelength
of the sensor sensitivity, which results in one raster image per spectral band. Spectral bands of four most commonly used
global open data multispectral satellite missions are displayed in Figure 1, where black squares represent their spectral

coverage in visible, red-edge, and infrared parts of the spectrum. The intensity of the incoming energy on the sensor is
converted to digital numbers, which also depend on atmospheric conditions at the sensing time. As a result, the numerical
value shows the relative relationship of reflection at the time of observation and does not represent a measurable physical
unit . For the quantitative interpretation of such data, it is necessary to perform the conversion of numerical values into
reflectance, or the ratio of the amount of reflected energy per spectral band and the total incoming energy at the sensor.
Detection and identification of land cover and its properties are based on differences of spectral signatures per spectral
band. Each specific property of land cover results in unique spectral signatures, with a noticeable difference in its
reflectance in one or more spectral bands compared to the rest of the observed area . By highlighting these differences
using the processing methods described in the next chapter, these characteristics are quantified or extracted from the rest
of the observed area, which serves as a basis for interpretation and decision-making in land conservation.
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Figure 1. Comparative display of spectral bands of selected multispectral satellite missions.

Sentinel-2 is a multispectral satellite mission with moderate spatial resolution within the ESA Copernicus program. The
main purpose of the mission is the observation of the Earth’s surface to provide forest and vegetation monitoring services,
detection of land cover changes and management of natural disasters 4. The imaging is performed using a Multispectral
Imager (MSI) instrument mounted on two satellites, Sentinel-2A, and Sentinel-2B. The satellites are polar-orbiting on
diametrically opposite sides of the same sun-synchronous orbit, allowing the observation of the Earth’s surface between
84° N and 56° S latitudes.

The Landsat 8 satellite mission, owned by the National Aeronautics and Space Administration (NASA), uses two
multispectral sensors, the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). OLI uses nine spectral
bands in the visible, near-infrared, and short-wave infrared part of the spectrum for moderate spatial resolution
observations, while TIRS complements multispectral observation with two thermal bands with a lower spatial resolution 2!,
Landsat 8 is an upgrade to the previous mission of the same series, Landsat 7, through better spectral resolution and a
rectified error in observing the edge parts of the imaging area.

MODIS is a multispectral satellite mission owned by NASA and named after a multispectral sensor mounted on two
satellites, Terra and Aqua, orbiting on diametrically opposite sides of the same polar orbit. MODIS is intended for remote
sensing of land, oceans, and lower atmosphere, enabling high temporal resolution and a very wide imaging swath (8. Due
to the complexity and diversity of MODIS products, MODIS09GA data were selected as a representative product
regarding average spatial and spectral resolution in relation to other MODIS products.

The basic characteristics of the most commonly used satellite multispectral missions applied in environmental studies are
presented in Table 1. The supported research area is classified according to the classification by Herod 4, arranged from
smaller to larger in a local, national, regional, and global scale. The greatest impact for this classification was the spatial
resolutions of each mission, which are comparatively represented in Figure 2. Landsat missions contain a panchromatic
band of 15 m spatial resolution, which serves as the basis for pan-sharpening of other images in the visible and near-
infrared part of the spectrum to 15 m spatial resolution while preserving spectral values. The same procedure is possible
by applying a 10 m spatial resolution visible light bands of Sentinel-2 for pan-sharpening of the red-edge and near-infrared
images (&,



Sentinel-2 Natural composite (10 m) Landsat 8 Natural composite (30 m)

Landsat 8 Panchromatic band (15 m) MODIS 09GA Natural composite (500 m)

@ 0 250 S00m Sensing Dates:
L 1 J 10.08.2020, (Landsat 8), 12.08.2020. (Sentinel-2) i 13.08.2020. (MODIS)

Figure 2. Comparison of spatial resolutions of selected multispectral satellite missions.

Table 1. Properties of selected multispectral global open data satellite missions =],

Mission Properties Sentinel-2 Landsat 7 Landsat 8 MODIS
Spatial resolution (m) 10, 20, 60 (15), 30, 60 (15), 30, 100 250, 500, 1000
Temporal resolution (days) 2-3 16 16 1-2
Spectral resolution 13 bands 8 bands 11 bands 25 bands
Radiometric resolution 12-bit 8-bit 16-bit 12-bit
Swath width (km) 290 185 185 2330
Wavelength range (nm) 442-2186 450-12,500 433-12,500 459-2155
Supported study area scale local, national national, regional national, regional regional, global

1.2. Radar Satellite Missions

Microwave sensors, commonly known as radars, belong to a group of active sensors. The method of registering the
intensity of reflected energy by radars depends on the radar system’s properties and terrain characteristics, primarily
surface roughness and water content in soil and vegetation (. The specific characteristics of each radar system in remote
sensing are the polarization of the electromagnetic waves, the angle of energy transmittance and its wavelength 19,
Polarization of the emitted or reflected electromagnetic wave represents the orientation of the electric field at the time of
transmission or registration, which may be horizontal (H) or vertical (V). If the radar is sensitive to both polarizations, one
or more images of different combinations of transmitted and registered polarizations in combinations of HH, HV, VH, or VV
are created. Due to the differences in the registration of reflected polarization, these images contain different, most
commonly complementary information of land cover and its properties 11,

Sentinel-1 is a radar satellite mission, the first of six planned missions within the ESA Copernicus program. It consists of
two Sentinel-1 satellites carrying a synthetic aperture radar (SAR) and orbiting on diametrically opposite sides of the same
polar orbit, resulting in a temporal resolution of six days 22, This SAR is sensitive to wavelengths in the C-band of the
electromagnetic spectrum, which covers wavelengths ranging from 3.8 to 7.5 cm. The advantage of remote sensing using
radar is the ability of observation regardless of atmospheric conditions, as microwaves pass through fog, rain, and clouds
(131, The radar images at the pre-processing Level-1 available for download contain raw SAR observation data which were
previously internally calibrated to the mean signal frequency using the Doppler centroid method. Radar imaging is
performed by single or double polarization, which results in a spatial resolution in range of 10 and 40 m. The basic two
products of Sentinel-1 are single look complex (SLC) and ground range detected (GRD) images 12, SLC images consist
of directed SAR data containing the complete phase and related complex data. These images are georeferenced using



the data of the satellite orbits and positions at the sensing time, corrected for oblique observations of the terrain. GRD
images contain generalized directed SAR data, projected in the WGS84/UTM projection coordinate system using an
ellipsoid model. These images contain pixels with approximately square shape and reduced noise, but with a lower spatial
resolution than SLC images. Phase data is therefore lost, but GRD images take up to five times less hard disk memory
than SLC images.

1.3. Digital Elevation Models

The DEMs from global satellite missions contain absolute elevation as pixel values in raster data, indicating the average
elevation in the observed area. Two basic methods of DEM calculation using satellite missions are based on the radar
interferometry and image stereo pairs. The two most widely used global digital height models are the SRTM and the
ASTER owned by NASA, according to the number of published land monitoring and conservation research articles in
WoSCC in the last decade. SRTM contains elevation data with a spatial resolution of approximately 30 m, which is
currently the highest spatial resolution of global open data DEMs.

SRTM is a global satellite mission for radar imaging of the Earth’s surface used to calculate the global set of digital
elevation data. The observations were performed in the range of 60° N to 56° S latitudes 24l The basic principle of data
collection and processing is radar interferometry, based on the comparison of two radar images of the same area sensed
at different angles. ASTER is also a global satellite mission with the goal of DEM calculation, named after an instrument
mounted on the Terra satellite. To create a DEM, remote sensing was performed in the near-infrared spectral band and
processed by the image stereo pairs analysis method 3. An additional property of the ASTER mission is the corrections
for the elevation values of water surfaces, whereby the seas and oceans are characterized by uniform elevation, while
rivers were modelled by proportionally lower elevations downstream.

2. Applications of Land Monitoring and Conservation Using Satellite
Missions

The application of global open data satellite missions covers a wide range of possibilities, most commonly for monitoring
of land cover and vegetation changes, environmental and natural disasters, as well as the land suitability calculation using
GIS-based multicriteria analysis. The development of new satellite missions is also expected to improve existing
atmospheric and ocean monitoring systems.

2.1. Land Cover Change Monitoring

The observation of land cover changes over a period of time is one of the fundamental sources of information in land
conservation. The classification of the observed area into several generalized land cover classes creates a universal basis
for spatial planning and monitoring of changes in the environment. Some of the most important environmental factors,
such as climate change, deforestation, and urbanization, are determined by comparing land cover databases created for
two or more different time periods 28l The same data are used to quantify biodiversity and detect endangered areas due
to deforestation or various socio-economic reasons 4. Global satellite missions, especially multispectral missions, are
the most common source of data for the classification of land cover due to the high temporal resolution and the suitability
for efficient computer processing 8. For the monitoring of land cover changes, standardization of land cover classes over
different time periods is necessary for their mutual comparison 12, The most commonly used land cover classes within
the EU are artificial (urban) areas, agricultural areas, forests, wetlands, and water bodies, according to the Corine Land
Cover (CLC) classification within the ESA Copernicus program. The latest version of the land cover database in the EU,
CLC 2018, was produced using the Sentinel-2 and Landsat 8 multispectral images with thematic accuracy above 85% [29.
For specialized studies and applications in environment monitoring, an additional classification of generalized classes in
multiple subclasses is performed. For example, the agricultural areas class is divided into four subclasses in the CLC
2018: arable land, permanent plantations, pastures, and heterogeneous agricultural land, and a further 11 subclasses at
the third level (29, Algorithms of supervised machine learning classification are currently a fundamental method of
processing satellite images for the land cover classification 21, and more frequent application of deep machine learning
algorithms for the same purpose is expected in the future 22, Trends in the development of classification algorithms of
land cover from satellite images are also directed to their automation, thus reducing the processing time, and eliminating
the possibility of operator subjective error in determining the training dataset for classification (23],



2.2. Land Suitability Determination Studies Using GIS-Based Multicriteria Analysis

The GIS-based multicriteria analysis is a fundamental approach to the creation of land suitability studies, characterized by
a high level of flexibility and computational efficiency. The premise for the implementation of multicriteria analysis is the
spatial component of the study objective and the criteria on which land suitability depends. The suitability calculation of
environmental factors using GIS multicriteria analysis generally consists of six basic procedures [241251:

« Definition of the study aim

« Selection of spatially related criteria affecting the land suitability

« Standardization of criteria values

« Determination of criteria weights

e Calculation of land suitability by combining standardized values and criteria weights

e Accuracy assessment and interpretation of results

The application of GIS multicriteria analysis in land conservation is based on the optimal utilization of existing natural
resources and the preservation of their quality and quantity. The objectives of GIS multicriteria analysis in land
conservation are often based on multidisciplinary sciences, covering sustainable waste management, agricultural
production planning, groundwater protection, natural disaster risk mapping and spatial planning of energy plants. Two
main objectives in sustainable waste management are the suitability analyses of the existing and planned landfills 28, as
well as the suitability of waste incinerator locations [24. The appropriate waste management method, especially in urban
environments, reduces air, water and soil pollution caused by the discharge of ammonia, heavy metals, and nitrates from
waste 28 The application of GIS-based multicriteria analysis in agriculture focuses on the calculation of cropland
suitability according to climatic, pedological, and topographical terrain conditions 2. The selection of the optimal area for
crop cultivation reduces the need for the application of fertilizer and pesticides, resulting in a lower release of heavy metal
contaminants into the environment. Groundwater is the most important natural resource for the global water supply B91]
[321331[34][80]. Using GIS-based multicriteria analysis, zoning of groundwater properties is indirectly performed by several
indicators affecting groundwater status, such as climatic, topographic, and geological criteria, as well as certain soil
properties, such as drainage 2. Natural disasters risk mapping using GIS-based multicriteria analysis enables the
development of an emergency plan for forest wildfires, floods, and other disasters. The multiannual climate and
hydrological criteria in such analyses provide the basis for the insurance of crops due to damage caused by hail or
drought 22, Construction planning of costly and environmentally-friendly power plants is based on the existing renewable
energy sources and natural habitats, spatially modelled using satellite mission data. The GIS-based multicriteria analysis
is one of the fundamental procedures for the energy plants construction according to land conservation requirements,
such as for solar power plants 23 and windmills 4. Criteria modelled using satellite missions used in GIS-based
multicriteria analyses for the objectives described above are presented in Table 2.

Table 2. Criteria used in geographical information system (GIS)-based multicriteria analyses in environmental protection
modelled from satellite mission data.

Goal Criteria Modelled Using Data from Satellite Missions References
Waste management Land cover, slope, DEM [26]27]
Crop production planning NDVI, slope, land cover, solar irradiation, topographic wetness index [29124]
Groundwater protection Slope, flow accumulation model, land cover [31]32]
Natural disasters risk mapping DEM, slope, total biomass, dry vegetation mass, land cover [32][35]
Spatial planning in energetics Land cover, slope, DEM, solar irradiation, wind exposition index [33][34]

By the standardization process, input criteria values are transformed into a uniform number interval. Conventional
methods, such as linear stretching and stepwise classification, are most commonly used for standardization, while fuzzy
methods allow for more advanced standardization and greater expert subjective influence 24!, Criteria weight calculation
is usually performed by pairwise comparison of relative impact on suitability within the analytic hierarchy process (AHP).
Other known methods of weight determination of criteria are TOPSIS, ELECTRE, and PROMETHEE RB€. The
standardized criteria values and their weights are commonly combined using the weighted linear combination, resulting in
the land suitability values of the unconstrained study area. Satellite mission data, aside for the spatial modelling of criteria,



are used for accuracy assessment and the interpretation of land suitability results. Vegetation indices calculated using
multitemporal satellite images were successfully used for the suitability model validation for soybean [24 and wheat land
suitability B2,

2.3. Monitoring of Vegetation Properties

The determination and monitoring of vegetation properties using satellite missions are performed by a combination of
classification methods and vegetation indices, calculated based on multitemporal satellite images 8. Red-edge and near-
infrared spectral bands of multispectral satellite missions are primarily used for the determination of the leaf area index
(LAI), as a fundamental vegetation property with high accuracy . By analyzing the spatiotemporal LAl values of forests
and agricultural areas, it is possible to accurately detect anomalies in the vegetation biomass and to determine the nature
of their causes through field inspection. Other specific vegetation properties that can be accurately determined using
multispectral satellite images are crop yield, plant nitrogen, and chlorophyll contents, as well as the vegetation stress
caused by soil contamination of heavy metals 4941 Shortwave and thermal infrared spectral bands from multispectral
satellite missions and radar satellite mission data are sensitive to vegetation water content and are used to model
evapotranspiration and detect areas prone to water stress due to drought 2. These data serve as a basis for the
management of forests and agricultural crops, as well as for suitability analyses for the establishment of irrigation
systems. Landsat 8 images also enable the monitoring of multiple factors affecting the urban vegetation, such as land
surface temperature, urban green spaces and their proximity to water bodies and built-up area 3. Moderate and high-
resolution multispectral satellite missions are successfully used in weed detection, precise fertilization, and the
determination of agricultural crop density in combination with observations using UAVs 445 The application of these
data in precise agriculture creates optimal conditions for crop growth with significant savings in fertilizer and pesticides,
compared to the conventional farming approach. Reducing their application also reduces agricultural production costs,
while also benefiting the environment and biodiversity conservation through the reduction of agricultural land
contamination with heavy metals (48],

2.4. Management of Ecological and Natural Disasters

Timely response and management of damage caused by ecological and natural disasters of damage are important
environmental factors, with satellite missions providing the basis for effective decision-making. High temporal resolution is
the most important feature of satellite missions in such cases, making MODIS, Sentinel-1 and Sentinel-2 satellite missions
a core data source. Open data satellite missions for specialized applications are in constant development, such as the
visible infrared imaging radiometer suite (VIIRS) mission owned by NASA to automatically report new wildfires globally in
near-real-time. Ecological and natural disasters monitored by global satellite missions consist of oil spills in the seas and
oceans &4, glacier melting in the Arctic 8], forest wildfires 149, floods 29, and damage to agricultural crops affected by
hailstorms B1. Monitoring of the spatial coverage of ecological and natural disasters based on the mentioned studies
represents the basis for remediating the resulting damage. It is accomplished through the procedures of rescue and crisis
services, determination of evacuation area, informing the general public about the negative human impact on the
environment, and the objective compensation payments to farmers whose crops have been damaged or destroyed. In
addition to monitoring in near-real-time, satellite mission data is used for strategic emergency planning based on
computer simulations of damage caused by wildfires, floods, or storms [22. The basis for the simulation of the wildfire
spread is a vegetation fuel model classified according to biomass and moisture content, while for simulation of floods and
storms the basic source of data from satellite missions is a DEM.
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