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ABSTRACT: �is review article provides a comprehensive analysis of Earth Observation (EO) applications for soil

health assessment in Europe and abroad.�e study explores the e�ectiveness of EO in capturing contextual information

about various soil properties and conditions, as well as its role in monitoring soil health over time.�e authors examine

the current state of operational, semi-operational, and developing EO products and services relevant to soil health

indicators.�ese include vegetation cover, forest cover, soil organic carbon, soil structure, landscape heterogeneity, and

the presence of soil pollutants, excess nutrients, and salts.�e review identi�es gaps in existing knowledge andhighlights

potential areas for future research, such as improving spatial and temporal resolutions of EO products, developing

better models for soil biodiversity assessment, and integrating EO data with ground-based measurements. �e article

discusses how contextual information derived from EO can contribute to sustainable soil management practices and

policies in Europe. It also addresses technical challenges associated with EO applications in soil health assessment,

including limitations in detecting subsurface soil properties and the need for improved data processing techniques.�e

authors conclude that while EO o�ers signi�cant potential for soil healthmonitoring, further research and development

are needed to fully leverage its capabilities for comprehensive and accurate soil health assessment across Europe.

KEYWORDS: Soil health; remote sensing; soil organic carbon (SOC); vegetation cover; landscape heterogeneity; soil

structure; digital soil mapping

1 Introduction

�e application of conventional practices in agriculture for food production leads to a deterioration

in soil quality. Also, this type of agriculture reduces the resistance of the soil and a decrease in its fertility

due to the loss of organic matter and the deterioration of its physical parameters due to embodiment

water erosion [1]. Improvement of soil health can be achieved through the implementation of appropriate

agrotechnical measures, taking into account, in particular, the type of soil and climatic conditions of the

farm. Such activities are the application of reduced soil treatments, cover crops, selection of suitable crops

and varieties, etc. Application of appropriate forms of agriculture, such as organic farming, regenerative

agriculture, and biodynamic farming [2–4]. In order to improve soil health, a number of sustainable practices

in agriculture-related practices are envisaged, as remote sensingmethods provide a very good opportunity for

the assessment of the new practices applied. For this purpose, it is necessary to use up-to-date data with high

temporal, resolution and spectral capacity to monitor agricultural areas and apply sustainable practices [5].

Data obtained from satellites can very successfully replace laboratory tests.�is type of data is distinguished

by a number of advantages, as laboratory studies are time-consuming, laborious and too expensive. It is for
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these reasons that more e�orts need to be concentrated in this area [6]. Another advantage of using satellite

data for soil health monitoring is that it provides the opportunity to monitor large areas and evaluate them

while reducing the cost and e�ort of such monitoring [7].

�e innovative contribution of this paper is its comprehensive review of Earth Observation (EO)

applications for soil health assessment, emphasizing novel methodologies and data integration techniques.

Unlike previous studies that primarily focus on individual soil properties or speci�c monitoring approaches,

this paper uniquely synthesizes a broad range of EO products, spanning operational, semi-operational, and

developing technologies. Furthermore, it underscores the need for enhanced spatial and temporal resolution

in soil monitoring and introduces promising research directions, such as integrating EO data with in-situ

soil biodiversity assessments. By systematically identifying gaps and proposing advancements, this review

serves as a critical resource for policymakers, researchers, and practitioners aiming to optimize EO-based

soil health monitoring frameworks.

1.1 Most Soil Properties Are Largely Sensed in the Optical Domain

�e soil properties, as well as other earth objects, can be evaluated by the spectral signature of the

re�ected/transmitted incident solar energy. Since the soil medium is vastly non-transparent, the e�ective

measurements in this domain of the electromagnetic spectrum are re�ectance. Soil spectral signature is

a distinct one, and so are the di�erent soil types. However, despite this is strongly dependent on the soil

physical-chemical properties of the soil, one of the main key players is the water content. It’s widely changing

quantities and conditions in time make the comparability of soil samples a di�cult, if not impossible,

task. �e present-day satellite systems that carry on-board hyperspectral sensors that can help provide the

spectral signatures of the topsoil are just a few and not yet operational, such as EO-1/Hyperion, CHRIS-

PROBA, DESIS, PRISMA, etc., to name but a few. �e airborne analogs that have existed since the late

1970s are by no means comparable to their satellite counterparts in terms of coverage. Even a�er a successful

operationalisation of space hyperspectral instruments, the images will be hindered by various environmental

phenomena and obstacles such as vegetation, clouds, snow, dust and haze, litter (a�er harvesting), etc.�ese

further complicate the complex task of deriving soil properties from the EO hyperspectral measurements.

�e radar measurements of soil moisture and salinity are due to the fact that each object has a dielectric

constant and reacts di�erently to themicrowave radiation beamed from the radar. It is amore robust method

to derive information despite solar illumination ormeteorological conditions. Yet, the radar signal is a�ected

by the atmospheric condition.

1.2 Remote Sensing (EO) Problems Are Ill-Posed

In remote sensing, the problems are typically ill-posed as there is not enough data to result in

unique solutions. �erefore, we need additional information to solve the problem. It is natural to consider

measurements as random variables [8]. Most of the time, in order to assess a certain parameter, we need

to invert a model to receive the desired result. �is is related to the fact remote sensing measurements are

typically non-direct ones.

1.3 Spatial, Temporal and Radiometric Resolution

�e temporal resolution of the EO data issue is more or less pronounced for the EO data before the

Sentinel’s era of Copernicus. Since 2014, the EO optical data, which most of the soil indicators are derived

from, are supplied by Sentinel-2 data with 3 to 5 days temporal resolution (revisit time) [9]. �at means that

each area in the EU is imaged once every 3 to 5 days, depending on the latitude. Concerning the temporal

resolution of the components of the future soil monitoring system, their temporal resolution is su�cient.
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Furthermore, the Copernicus Sentinels-1 and -2 have a history of the past 5 years, which can already be used

for developing change indicators.

Although not yet for systemic monitoring, the hyperspectral/imaging spectrometer solutions are now

available. �ey can provide even more spectral details about the soil. �e two European missions include

DESIS (URL: https://www.dlr.de/content/en/articles/news/2018/4/20181002_�rst-processed-images-desis.

html, accessed on 22 May 2025) and EnMap (URL: https://www.enmap.org/mission, accessed on 22 May

2025). Such novel instruments will further help to improve the mapping of objects and processes together

with the information from the Copernicus Sentinel (EuroGEO LC AG).

Due to the fact that radiometric resolution, which is the ability of the sensor to discern di�erent grey-

scale values and is measured in bits, is di�erent from an EO platform, to an EO platform we might have

di�erent assessments of the parameter in question. �is issue is, to an extent, resolved by the normalisation

of data, typically introducing various indices. However, the level of detail cannot be compensated by the

radiometry normalisation nor indices.

1.4 Issue of Availability

�e Copernicus data is free to use but disseminated through various channels and user groups [10].

�e main entry to the Sentinel and contributing missions’ data is the Copernicus Space Component

Data Access portal (URL: https://spacedata.copernicus.eu/, accessed on 22 May 2025). Additional layers of

functionality, apart from the Sentinel archives, are provided to the end-user through 5 Data and Information

Access Services (DIAS) using di�erent pricing schemes for each DIAS (URL: https://www.copernicus.eu/

en/access-data/dias, accessed on 22 May 2025). Horizon Europe projects are eligible to use Copernicus data

and services for free. �e Copernicus has a wide range of sensors to be chosen from, which operate as a

contributingmission to the programme.Most of this data is free for the EC institutions but can have a certain

quota limitation due to agreement speci�cs. It is expected that a need for renewal of negotiations with data

providers will emerge once the new monitoring demands for EO data are negotiated.

1.5 Issue of Modality

Remote sensing data is not used in a straightforward manner to resolve a particular issue—rather, the

way we use data is changing according to the scienti�c question or problem we have to solve. Soil health

indicators make no exception, as each of them should be approached individually through a more or less

complicated methodology or modeling.

�e primary aim of this review is to comprehensively analyze and synthesize existing research on

the application of Earth Observation (EO) for obtaining contextual information pertinent to soil health

in Europe. �is includes evaluating the e�ectiveness of various EO techniques in assessing di�erent soil

properties and conditions, understanding the role of EO inmonitoring soil health over time, and identifying

gaps in current knowledge and potential areas for future research. �e review will also seek to understand

how this contextual information can contribute to sustainable soil management practices and policies in

Europe. Ultimately, the goal is to provide a holistic understanding of the state of the art in this �eld and o�er

insights that can guide future research and practice.

2 Materials and Methods

�e study is based on a literature review from articles available at Scopus, Web of Science, and Google

Scholar, see Fig. 1. �is work is partially based on the work performed during the Call for Evidence (CoE)

https://www.dlr.de/content/en/articles/news/2018/4/20181002_first-processed-images-desis.html
https://www.enmap.org/mission
https://spacedata.copernicus.eu/
https://www.copernicus.eu/en/access-data/dias
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issued by the Working Group (WG4) of Mission Board Soil Health and Food. It was collected at the best

possible e�ort—a list of all contacted parties in the CoE is in the Acknowledgement section.

Figure 1: Percentage of publications in di�erent public scholarly content databases returned a�er a boolean query on
“Soil health”, “Europe”, and “remote sensing” by pentads, i.e., 1985–1990, 1991–1995, 1996–2000, 2001–2005, 2006–2010,
2011–2015, 2016–2020, 2020–2024: (a) Google Scholar; (b) Scopus; (c) Web of Science

3 Results and Discussions

�e input summarized has been identifying what is already available and operational, semi-operational

and under development, as well as the Risks and Scale of using EO formonitoring each of the eight soil health

indicators [11]. �e outline of the present review re�ects these in the following sections.

3.1 Operational Products

3.1.1 Vegetation Cover

�ere is a close relationship between vegetation cover and soil degradation. It is for this reason that

changes in vegetation are widely used in assessing soil status and soil health [12,13]. Vegetation surveys

through EO data, in addition to showing us changes in land cover, show us the time a given land cover type

occupies a certain space with which the risk of soil degradation can be assessed [14]. Satellite EO is ideal

for the monitoring of vegetation cover from local to global scales. Copernicus Sentinels-1, -2, and -3 are the

current state-of-the-art systems to deliver a variety of products and services that can identify vegetative cover

types as well as changes in vegetation due to a number of processes (EuroGEO LC AG).

Some of the available products already in the Global component of Copernicus are: Copernicus Global

Land Service Burnt Area (300 m), FAPAR (300 m), FCOVER (300 m), Leaf Area Index (300 m), Land

Cover (100 m), NDVI (300 m), etc. Some third-party, i.e., non-EU products, are produced on an annual

basis by ESA Climate Change Initiative (CCI, https://climate.esa.int/, accessed on 22 May 2025), NASA

MODIS Land Cover, https://modis.gsfc.nasa.gov/data/dataprod/mod12.php (accessed on 22 May 2025)

and semi-operational high-res LC (various sources—S2GLC of ESA—http://s2glc.cbk.waw.pl, accessed on

22May 2025).�e ESAWorldCover 10 m 2021 V200 product consists of 2651 tiles, each a 3 × 3 degree Cloud

Optimized GeoTIFF (COG) in EPSG:4326 projection. �ese tiles are grouped into 60 × 60 degree tiles and

contain two layers: a land cover map with 11 classes, totaling approximately 120 GB, see Fig. 2 [15].

https://climate.esa.int/
https://modis.gsfc.nasa.gov/data/dataprod/mod12.php
http://s2glc.cbk.waw.pl
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Figure 2: Land cover 2021—So�a-Bulgaria. Source: https://worldcover2021.esa.int/download (accessed on 22 May
2025)

Re�ectance composites, which capture bare soil pixels from multispectral image data, are increasingly

analyzed to model soil constituents, such as soil organic carbon. �ese temporal composites are preferred

over single-date multispectral images to account for the frequent vegetation cover of soils, thereby achieving

wider spatial coverage of bare soil pixels. �is study introduces a novel HIstogram SEparation �reshold

(HISET) methodology that derives spectral index thresholds and tests them on a Sentinel-2 time-series data

stack. �is technique is spectral index-independent, data-driven, and can be evaluated based on a quality

score. HISETwas tested for constructing six soil re�ectance composites (SRC) usingNDVI,NBR2, and a new

index that combines theNDVI and a short-wave infrared (SWIR) band (PV+IR2). A thorough analysis of the

spectral and spatial performance and accuracy of the resulting SRCs demonstrates the �exibility and validity

of HISET. �e NBR2-based SRC spectra exhibited the highest similarity with LUCAS spectra, the widest

spatial coverage of bare soil pixels, and the fewest number of valid observations per pixel.�e spatial coverage

of bare soil pixels is validated against the database of the Integrated Administration and Control System

(IACS) of the European Commission. Validation results indicate that PV+IR2-based SRCs outperform the

other two indices, particularly in spectrally mixed areas of bare soil, photosynthetic-active vegetation, and

NPV. �e NDVI-based SRCs displayed the lowest con�dence values (95%) across all bands [16].

https://worldcover2021.esa.int/download
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3.1.2 SoilGridsTM—Digital Soil Mapping System

It is a system that provides soil information around the world based on computer-aided soil mapping.

For this purpose, global data for 230,000 soil pro�les are used. �e data were collected from the global soil

database of theWorld Soil Information Service (WoSIS).�is number of data collected provides a good level

of soil pro�le information with which global models can be calibrated. In addition, di�erent ecological layers

were used in the data for which they were collected using satellite Earth observation.�e data are processed

usingmachine learning, mapping soil properties worldwide.�e product provides soil pro�le information at

six depths and reaches up to 200 cm with a spatial resolution of 250 m, see Fig. 3. Maps are accessible for the

subsequent soil attributes: pH level, content of soil organic carbon, bulk density, content of coarse fragments,

sand content, silt content, clay content, cation exchange capacity (CEC), and total nitrogen, in addition

to the density and stock of soil organic carbon. In terms of soil pro�le data, Europe and North America

are distinguished by the greatest density. As far as soil properties are concerned, the data vary essentially

with biogeographical region and depth. Another feature is that data were collected with greater density for

agricultural regions. �e main gaps are related to places that are di�cult to access and are geographically

distant. �e time range in which most data was collected was between 1960–2020.

Figure 3: WoSIS pro�le database—number of pro�les per country

3.2 Semi-Operational

3.2.1 Soil Structure

�ere are a number of agricultural practices that have a very good e�ect on the structure of the soil

and, hence, on its health. Some of these practices, such as forestry and agroforestry, also have additional

e�ects, which are expressed in increasing organic matter and carbon sequestration, which leads to climate

mitigation, which, on the other hand, contributes to the reduction of the carbon footprint associated with

food cultivation activities. In this regard, the integration of di�erent precision farming technologies, such

as EO, to better control agricultural processes and support decision-making, as well as assess their impact



Revue Internationale de Géomatique. 2025;34 519

on soil health, is essential [17]. With the help of spectral images obtained from satellite platforms, some soil

properties can be determined using statistical analysis.�is type of data can improve erodibility by helping to

map soil chemical properties [13]. Optical images with the wavelength of visible (VIS), near-infrared (NIR)

and shortwave infrared (SWIR) �nd great application in soil research.�ey allow a lot of data to be extracted

about the soil, including its structure [18].

Another semi-operational product provided by the Copernicus Land Monitoring Service—High-

Resolution Layers is the Imperviousness product with 100 m spatial resolution, last updated in 2015 (EC

CLMS; EEA).�e data from the JRC Global Human Settlement layer Sentinel-2 10 m resolution, last update

2018, can also be used as a proxy for soil sealing. JRC European Settlement Map based on Copernicus Very

High-Resolution optical coverage for the reference year 2015 (VHR_IMAGE_2015), which consists of images

from Pleiades, Deimos-02, WorldView-2, WorldView-3, GeoEye-01 and Spot 6/7 2–10 m resolution, Last

update 2015, see Fig. 4.

Figure 4: Visualization of JRC European settlement land map, So�a-Bulgaria

�e soil erosion is assessed through various physical, empirical, or, recently, AI models. In EU, a soil

erosion model G2 developed for the monthly production of soil erosion maps at the regional scale was

introduced by a team from Aristotle University of �essaloniki and DG JRC within GEOLAND 2 project is

included in JRC, see Fig. 5 [19].�eG2model proposes innovative techniques for the estimation of vegetation

and protection factors. It is a complete, empirical model for soil erosion rates and has evolved with time into

a quantitative model mapping soil loss and sediment yield on month-time intervals, designed to run in a

GIS environment. A detailed description in [20] is presented where themodel adopts fundamental equations

from RUSLE and the Erosion Potential Method (EPM). It aimed to develop an equation to estimate water
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erosion and to put up a service for regional soil erosion monitoring across Europe [21–24]. �e G2 model

was tested with the use of satellite data in a few regions of Europe, such as Cyprus and Greece [22,23], Poland

[25], and Italy [26].

Figure 5: G2 model—Crete Island, Greece, �e annual erosion map (t ha–1) derived from monthly erosion outputs.
Source: https://esdac.jrc.ec.europa.eu/themes/g2-model (accessed on 22 May 2025)

3.2.2 Forest Cover

Very similar to landscape heterogeneity, Earth observations can be used to determine a number of

forest-speci�c characteristics. Forests can be monitored seasonally for changes, and there are a number

of sub-domains that can be used to determine ground properties from the species and potentially from

the spectral signature if particular chemicals are being ingested by the plant. For example, geobotanical

prospecting involves analysing plants and vegetation for trace chemicals coming up from the soil. Some of

these can be observed/measured through remote sensing techniques (EuroGEO LC AG).�emonitoring of

forest areas is successfully carried out in the combination of forest change data, combined with EO data and

using an algorithm to �ll gaps. �e methodology has been found to be suitable for monitoring the structure

of forests in Europe, and it is suitable to be applied to areas where forest taxation data are missing [26]. EO

data is used to establish the exact mechanism for carbon sequestration by forest ecosystems and how this

a�ects climate change.�e compilation of annual forest growthmaps based on tree-ring width (TRW) brings

great progress in this area [27]. EO provides data related to forest characteristics based on its speci�c spectral

signature, which has the potential to improve the accuracy of TRW-based forest growth models [28]. EO

has emerged as a leading technology in the scienti�c �eld while showing great opportunities to cover the

operational needs of forest administrations managing forests in Europe [29].�emain reason for this is that

EO, in combination with Geographic Information Systems (GIS), provides easy access to forest area data in

Europe at minimal �nancial cost, while the method saves time [30].

�ere are already semi-operational products, with a three-year gap in production, distributed by the

Copernicus Land Monitoring Services: Forest Cover Hi-Res layers of CLMS—Tree Cover Density (2012,

2015, and 2018), see Fig. 6.�ird-party Forest Cover products are also available—Global Forest CoverChange

Tree Cover Multi-Year Global 30 m V003 (1999–2015), see Fig. 7 [31]; Global PALSAR-2/PALSAR/JERS-1

Mosaic and Forest/Non-Forest map (PALSAR 2007–2018, JERS-1 SAR 1993–1998) (JAXA, https://www.eorc.

jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm, accessed on 22May 2025). Changes in humid tropical forests are

provided by DG-JRC, https://forobs.jrc.ec.europa.eu/TMF/ (accessed on 22 May 2025). �e same approach

can be applied to Europe. Annual Land Cover mapping at 100 m is provided by the CLMS of Coper-

nicus through: (https://land.copernicus.eu/global/content/annual-100m-global-land-cover-maps-available,

accessed on 22 May 2025).

https://esdac.jrc.ec.europa.eu/themes/g2-model
https://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm
https://forobs.jrc.ec.europa.eu/TMF/
https://land.copernicus.eu/global/content/annual-100m-global-land-cover-maps-available


Revue Internationale de Géomatique. 2025;34 521

Figure 6: Tree cover density 2018—So�a, Bulgaria. Image courtesy Forest Cover Hi-Res layers by the CLMS (accessed
on 22 May 2025)

Figure 7: Tropical moist forest in Central Africa—Annual change 2023
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3.2.3 Management Activities

�e advent of free satellite data with a better spatial resolution allowed the mapping of soils and

compiling an assessment of changes in them (Richer-de-Forges et al., 2023). �e use of this type of data in

combination with GIS helps to establish the e�ciency of soil organic carbon capture in various forms of soil

cultivation in the Mediterranean regions of Spain, France and Italy [32].

Semi-operational examples include but are not limited to Continuous forest cover, cover crops, tillage

and mowing/harvesting events and detection of markers for compliancy check of Ecological Focus Areas

(EFA) practices according to the Common Agriculture Policy (CAP)—Sen4CAP pilot countries (http://

esa-sen4cap.org/, accessed on 22 May 2025). With regard to forest management practices, the Global Forest

Watch platform (https://www.globalforestwatch.org/, accessed on 22 May 2025), developed by the World

Resources Institute (WRI), is an attempt to address the issues with deforestation, i.e., mostly illegal clear-cuts.

�is platform’s purpose is to serve mainly as a tool that enables non-pro�ts and policy-makers, as well as

citizens, through an open-science model to monitor the forest cover changes through the Dashboard.

3.3 EO Soil Indicators under Development

3.3.1 Presence of Soil Pollutants, Excess Nutrients and Salts

European Soil Database Derived data contains processed and modelled data up to 2013 (2001, 2006,

2013) [33]. European Soil Database v2 Raster Library is INSPIRE compliant and contains raster (grid) data

�les with cell sizes of both 1 km × 1 km and 10 km × 10 km for a large number of soil-related parameters.�e

10 km × 10 km rasters are in the public domain access and allow expert users to use the data, for instance, to

run soil, water and air-related models, whereas the 1 km × 1 km rasters are available a�er a prior registration

[33]. �e Geological Surveys in Europe maintain extensive information about the properties of rocks and

derived material close to the surface, including soils.�e �rst version of EGDI serves as a map of soil regions

in Europe on a scale of 1:5M (EUSR5000). �e mission of the Soil Resources—Super�cial Deposits Task

Force under EuroGeoSurveys is to compile and harmonise data about the surface-close parent material for

soil development and other process such as ground water production, which will be included in EGDI in the

future [34].

Soil pollutants—DG JRC (EC) is currently assessing the Soil contamination mainly through LUCAS—

https://esdac.jrc.ec.europa.eu/themes/soil-contamination (accessed on 22 May 2025). LUCAS is one of the

main remote sensing in-situ components of Coperncius programme [35]. However, it takes some time (for

some datasets it accounts for few years) a�er the database is published for the results to be modelled and

published. Satellite data is yet to be more readily utilised in these assessments. An EU-wide review on the

soil pollutants based on LUCAS data is published by [36]. �e JRC has conducted several assessments on

the presence of heavy metals in EU topsoils. �ese include Zinc, Cadmium and Mercury assessment in EU

Topsoils. �e JRC made available the �rst pan-European high-resolution datasets and analyzed the reasons

for the distribution [37].

EU Soil Observatory:�eEUSOdashboard, developed andmaintained by the JRC’s soil team (JRC.D3),

supports the policy case for an EU Soil Health Law and the EU Soil Strategy for 2030 by providing evidence

about the extent of soil degradation in the EU [33].

http://esa-sen4cap.org/
https://www.globalforestwatch.org/
https://esdac.jrc.ec.europa.eu/themes/soil-contamination
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�e EGDI site also hosts the results from the Geochemical Mapping of Agricultural and

Grazing Land Soil (GEMAS) project by EuroGeoSurveys one product of which is the map of the

Arsenic distribution in Europe (http://www.europe-geology.eu/geochemistry/geochemistry-map/arsenic-

distribution/, accessed on 22 May 2025). However, as the project name suggests, the coverage of this map is

only in agricultural areas.

Soil Salinity—In areas that su�er from drought, salinization of soils is the most common process of

soil degradation. �is is because evaporation exceeds the amount of rainfall, which is why dissolved salts

accumulate, thus a�ecting the properties of the soil and its fertility, respectively, on crop yields [38]. An excess

of soluble salts in the soil horizon was found to negatively a�ect soil structure and yields [39]. For this reason,

their mapping is of great importance in order to be able to apply sustainable practices in the management of

these territories. EO appears to be a better method for mapping and monitoring these territories compared

to laboratory methods, as it is a faster and more informative method [38]. EO provides a good opportunity

for timely monitoring and accurate mapping of salinization processes, especially in regions where climate

aridi�cation leads tomajor changes [40].�e use of EOdata in the visible and near-infrared (VIS-NIR) range

enables us to make spectroscopic analysis of large areas and to assess their salinization rate [41]. Maps of Soil

Chemical properties at European scale 2009/2012 topsoil data and Soil pH in Europe (2009) are also based

on LUCAS assessments (DG-JRC, ESDAC). A study on Saline and Sodic Soils in the European Union was

performed and published in 2008 (DG-JRC, EC) [42].

Excess Nutrients—Some semi-operational national pilots, such as the measure of excess, nutrients—N-

excess are available to the farmers and policy-makers through the Belgium EO agricultural system (http://

belcam.info/, accessed on 22 May 2025). Another more complex example is the Compilation of Global

Soil Microbial Biomass Carbon, Nitrogen, and Phosphorus Data’ (1977–2012) which is available in NASA

EarthData Search and distributed by ORNL DAAC [43]. �e data were compiled from a comprehensive

survey of publications from the late 1970s to 2012 and included 3422 data points from 315 papers. Although

similar to the DG-JRC ESDAC assessments, these modeled results, despite geospatial, do not yet harness the

potential of EO data.

3.3.2 Soil Structure

Part of Copernicus Land Monitoring Service (CLMS) is the European Ground Motion Service—

recently in development as part of Copernicus 2.0 (URL: https://land.copernicus.eu/pan-european/

european-ground-motion-service, accessed on 22May 2025).�e service provides mainly ground deforma-

tion products based on Sentinel-1 radar data.�e set of products was de�ned a�er a wider consultation with

13 member states representatives, and the results are placed in a white paper Document (URL: https://land.

copernicus.eu/user-corner/technical-library/egms-white-paper, accessed on 22May 2025).�ey are targeted

towards the subsidence of the ground with regard to monitoring the critical infrastructure and residential

areas a�ected. However, the Ground motion service can serve as a proxy to assess the soil structure in places

where this data is scarce or missing. According to the CLMS website, the EGMS production phase was

kicked-o� in January 2021.

Globally, a product on Copernicus Soil Moisture Index & Surface Soil Moisture (both 1 km) are

available through CLMS, see Fig. 8. Some indicators, i.e., 2015 data based on LUCAS (such as Clay (%),

Sand (%), Silt (%), Coarse Fragments (%), Bulk Density, Available Water Capacity, and USDA Texture), are

already available.

http://www.europe-geology.eu/geochemistry/geochemistry-map/arsenic-distribution/
http://belcam.info/
https://land.copernicus.eu/pan-european/european-ground-motion-service
https://land.copernicus.eu/user-corner/technical-library/egms-white-paper
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Figure 8: Surface soil moisture (SSM)—So�a, Bulgaria

Zhang et al. [44] explore the use of Spire Global’s GNSS-R (Global Navigation Satellite System

Re�ectometry) signals captured by LEO satellites for soil moisture assessment. �e study highlights the

potential of GNSS re�ections to provide continuous soil moisture data at a global scale. Shi et al. [45] enhance

soil moisture estimations by integrating ESA CCI and SMAP satellite data using a conditional variational

autoencoder (CVAE) model. �is approach signi�cantly improves soil moisture predictions, particularly in

areas with limited ground-based measurements. Pinnepalli et al. [46] introduce the TIRAMISU project,

which combines thermal infrared observations from LEO satellites with ground measurements to analyze

soil background e�ects and improve soil health assessments.

A third-party product such as Global Soil Texture and Derived Water-Holding Capacities 1950–1996

is distributed by ORNL DAAC [47]. Soil Organic Carbon (SOC) stock—SOC serves as an indicator of soil

degradation from there and of its health, which is widely used for monitoring in arable areas. EO provides

very good data on a basis on which to establish uncovered areas, making it possible to quantify SOC content

[48]. �e images we receive on Sentinel-2 provide us with an exceptional opportunity to establish and map

SOC, and if multi-date images are included in the mapping, this will enable us to map not only the spatial

but the temporal variability of SOC, see Fig. 9 [49].
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Figure 9: Soil organic stock (t/ha) in the topsoil horizon (0–30 cm), source WoSIS data

Recently, an ESA project, WorldSoils, “Monitoring global topsoil using space-borne EO data” (URL:

https://www.world-soils.com/, accessed on 22May 2025), was completed. Some of its �ndings and prototype

products are expected to contribute to the soil health indicators assessment, such as SOC, through EO data.

Soil Organic Carbon Mapping Using LUCAS Topsoil Database and Sentinel-2 Data concept and

methodology was developed as part of the PROSOIL project “�e evaluation of forthcoming satellites for

mapping topsoil organic carbon in croplands” funded by the Belgian Federal Science PolicyO�ce (BELSPO)

and published by [50]. �e study was published in a special issue of Remote Sensing entitled ‘High Spectral

Resolution SOC Dynamics’. �e approach is promising, yet to be applied to the entire EU continent. Other

non-EU assessments of the SOC are available through ORNL DAAC, such as Global Organic Soil Carbon

and Nitrogen 1940–1986 [51] based on 3500 pro�les; Compilation of Global Soil Microbial Biomass Carbon,

Nitrogen, and Phosphorus Data and Arctic Circumpolar Distribution and Soil Carbon of �ermokarst

Landscapes, 2015 (NASA EarthData Search). Although non-EO SOC estimates, these are serving as a basis

to make use of EO data based on covariates.

3.3.3 Landscape Heterogeneity

EO is by far the best solution for landscape heterogeneity because the system is capable of acquiring

imagery at a variety of scales and producing products at a variety of extents. Most o�en, it is the users that

de�ne the requirements for assessing ‘heterogeneity’ and, together with the remote sensing experts, can

de�ne which landscape elements are the most important. EO-based data products and information for such

studies are available globally, and there are many di�erent products available to choose from. Furthermore,

the global data can go back as far as 50 years (EuroGEO LC AG). EU agricultural lands based on Sentinel-1

https://www.world-soils.com/
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(S1) data were produced lately by a team of Joint Research Centre DG-JRC, European Commission (EC).�e

EU Crop Map combines Copernicus Sentinel-1 satellite observations and in-situ LUCAS 2018 Copernicus

data using machine learning and cloud computing. �e EU crop map covers 91 million hectares of cropland

and consists of more than 9 billion 10-m pixels. �e map is based on Eurostat LUCAS in-situ data and

Sentinel-1 (S1) Synthetic Aperture Radar (SAR) observations, see Fig. 10 [52].

Figure 10: EU crop map 2022—Area of Plovdiv, Bulgaria

�eir pattern and heterogeneity can then be assessed through landscape metrics for which so�ware

packages, such as FRAGSTATS [53], are freely available to the EO community.

�e compilation ofmaps of themain vegetation for a region based on satellite image data is crucial in the

management of areas at risk [54]. EO data from which we can derive the spectral feature for a given territory

helps us to establish the degree of heterogeneity in landscapes. Furthermore, this type of data has proven to

be superior for these tasks compared to classi�ed land cover data [55]. Another advantage of this type of data

is obtaining information about landscapes in remote and hard-to-reach regions [56]. �ey provide us with a

very good opportunity to quickly assess the degree of heterogeneity of landscapes and their diversity in areas

of di�erent scales. Which enables us to quickly and e�ectively implement appropriate conservation methods

[57]. EO data help to assess the heterogeneity of forest landscapes and how it has contributed to addressing

drought in Central Europe and what is related to attacks on them by bark beetles. Landscapes of spruce

forests located on �at terrain where the soil is wetter are found to be less stable than those located on slopes

with high slopes and soils with low humidity [58]. Apart from establishing the heterogeneity of landscapes,

EO data help us to calculate the degree of competition between di�erent landscape types: agrarian, urbanised

and natural. �is actually allows us to assess the degree of sustainable use of the territory, as well as the

degree of anthropogenization. �is will allow countries wishing to have sustainable development in a rapid

and e�ective way to monitor the governance processes of their territory [59].
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3.4 Issues Limiting EO Potential for Other Indicators

Plant production depends onmanymanagement activities, such as agriculture and forestry.We came to

realise that the sustainablemanagement of our lands is the only way for sustainable growth through the prism

of global challenges such as climate change, global pandemic which disrupts the agricultural production

chain and supply, and population and urbanisation growth to name but a few. However, the management

activities themselves cannot directly a�ect the EO implementation as it naturally adapts itself according to

the demands. �e change in management practices from business as usual to sustainable, however, will be

challenging and will require new approaches, one of which is the wider implementation of EO data into the

assessments and monitoring of soil health resulting from those changes.

One of the main issues with EO, underlined by many, is that EO platforms only “see” the surface of soil

(a few microns for visible/IR, 3–10 cm for microwave, but it depends on the soil texture, vegetation cover

and moisture). �is is further complicated by the fact that satellite systems are limited by the meteorological

factors further exacerbated by the atmospheric aerosol conditions (haze, dust, etc.). �ese issues have been

tackled by the EO community since the onset of satellite remote sensing with a great deal of improvement.

However, they will be ever persistent due to the nature of EO.

�e soil-biodiversity research is yet to be performed globally. However, a need for EU-wide baseline

assessment as well as monitoring should be developed in order to provide for assessment and monitoring of

the political commitments made in the Green Deal, Farm to Fork, Soil and Biodiversity strategies. At present

with regard to the soil biodiversity only the threats to soil biodiversity [60] as well as the soil microbial

biomass (SMB) were attempted to be mapped in EU scale [61].

3.5 Research Requirements to Develop Better Capacity to Use EO

A more regular update, as well as improved EO detection (models), is needed to support soil health

monitoring. World initiatives such as Joint Experiment for Crop Assessment and Monitoring—JECAM—

http://jecam.org/ (accessed on 22 May 2025) by GEOGLAM, NASA Harvest (https://nasaharvest.org,

accessed on 22May 2025) has their own portfolio of initiatives and projects worldwide. What is common for

them is that they focus mostly on agriculture. Further, e�orts are needed to leverage the potential of EO data

in the forestry sector and urban areas.

With regard to the Presence of soil pollutants, excess nutrients and salts, more development work

is needed for expanding and operationalization of N-excess, soil pollution and salted soils. Development

work is needed for soil acidity and nutrients on an operational basis, perhaps linked to crop productivity

assessment. �e di�erence between the Presence of soil pollutants, excess nutrients and salts indicator is for

production systems only. SoilGrids (ISRIC) is a good starting point (would need updates in the RS products

used) [62,63].

For the SOCconcentration, developmentwork is underway [64]. ESA—World Soil Project—Soil carbon

concentration is an input to model soil carbon stocks together with bulk density, coarse fragments and soil

thickness; additional ground truth data is welcome in time and depth (ISRIC). Similarly, for the SOC stock,

further development is needed, especially to assess changes. �e existing models (IPCC/UNCCD) rely on

land cover as a proxy (ISRIC).

To better assess the Bulk density and soil structure, further development is needed, and ground truth

data collection is needed. Further research and development are also needed for integration in erosion

modelling of more climate and management data.

http://jecam.org/
https://nasaharvest.org
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Likewise, development work is needed for soil biodiversity assessment/modelling—developing pilots

�rst.�is could be done through the to-be-established network of Living Labs and Lighthouse Farms during

the Mission implementation.

Improvements are yet needed for the operationalization of the vegetation cover at the maximum

allowed spatial and temporal resolution based on the combined use of Sentinel-2 and Landsat-8 data. In the

near future, it is possible to make use of other public-private partnership schemes to develop downstream

applications based on private companies’ data and infrastructure to upscale the vegetation cover product to

�ner spatial and temporal resolutions. �is is already technically achievable but needs some development to

bring it into existence. �e Copernicus LMS hi-res layers on tree-cover density product should intensify its

production to a yearly product as well as utilize contributingmissions data more readily.�is would improve

the spatial resolution of the end product and/or gap-�lling for areas that are obscured by clouds throughout

the year. North latitudes typically have an issue with temporal coverage of the satellite data, so this combined

approach would potentially reap its bene�ts.

Management activities to improve soil health for early reporting: they need more development but

need to be de�ned/speci�ed for each land-use category. �e approaches to derive EO-based products vary

greatly on a case-by-case basis due to the nature of the practices themselves and the indirect nature of

EO estimations.

4 Conclusions

Five Most Important Take-Aways on Remote Sensing for Soil Health Assessment in Europe.

Remote sensing is transforming soil health assessment in Europe, but its full potential will only be

realized through continued technological innovation, harmonization of data and methods, investment in

on-board AI, and targeted capacity building across the soil management community. �e key moments and

developments in recent soil health monitoring and assessment systems with the aid of remote sensing can

be summarized to the following take-away:

• Remote Sensing Greatly Enhances Soil Health Monitoring but Faces Key Technical Barriers

Remote sensing, particularly through Earth Observation (EO) technologies, o�ers a non-invasive,

e�cient, and scalable method for assessing soil health across Europe. It enables monitoring of critical surface

characteristics such as vegetation cover, soil moisture, salinity, and organic carbon, supporting applications

from precision agriculture to climate resilience. However, signi�cant challenges remain, especially in

accurately measuring subsurface soil properties, dealing with cloud cover, and harmonizing satellite data

with ground-based measurements.

• Integration of Advanced Sensors and Data Processing Broadens Applications

Modern EO systems employ a range of sensors-radar, multispectral, hyperspectral, LiDAR, and

microwave-combined with advanced data processing (including machine learning and deep learning). �is

integration allows for detailed mapping of soil properties, early detection of degradation, and improved

prediction of soil health trends, supporting sustainable land management and policy decisions.

• On-Board AI Processing Is Emerging but Not Yet Widespread

Recent advancements are shi�ing some data analysis from ground stations to on-board satellite

AI processing. �is development reduces data latency, optimizes bandwidth, and enables near-real-time

decision-making for soil health management. However, most current EO applications still rely heavily on

ground-based processing due to computational and energy constraints on satellites. Further investment in

on-board, soil-speci�c AI systems is needed to fully realize the bene�ts of real-time monitoring.
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• Upscaling and Harmonisation Are Critical for Policy and Practice

EO data is instrumental in upscaling �eld-scale soil measurements to create national and European

maps of soil health indicators. Nevertheless, integrating satellite-derived data with national soil monitoring

programs and ensuring consistency across di�erent regions and user groups remain signi�cant hurdles.

Addressing these requires improved training for end-users, harmonized data standards, and stronger

collaboration between scientists, policymakers, and land managers.

• Ongoing Research and Capacity Building are Essential for Wider Adoption

To overcome technical, operational, and knowledge barriers, ongoing research is focusing on improving

spatial and temporal resolution, developing better proxies for soil properties, and advancing multi-sensor

data fusion. Simultaneously, there is an urgent need to build capacity among policymakers and practitioners

through training and awareness initiatives, ensuring that EO technologies can be e�ectively used to guide

sustainable soil management and achieve EU soil health targets.
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GEMAS Geochemical Mapping of Agricultural and Grazing land Soil

GIS Geographic Information Systems

HISET Histogram Separation�reshold

IACS Integrated Administration and Control System

LAI Leaf Area Index

LUCAS Land Use/Cover Area frame Survey

NDVI Normalized Di�erence Vegetation Index

NIR Near-Infrared

SAR Synthetic Aperture Radar

SOC Soil Organic Carbon

SRC Soil Re�ectance Composite

SWIR Short-Wave Infrared

TRW Tree-Ring Width

WoSIS World Soil Information Service
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