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Abstract

Accurate and spatially detailed soil information is essential for supporting sustainable land
use planning, particularly in data-scarce regions such as Cyprus, where soil degradation
risks are intensified by land fragmentation, water scarcity, and climate change pressure.
This study aimed to generate national-scale predictive maps of key soil health descriptors
by integrating satellite-based indicators with a recently released geo-referenced soil dataset.
A machine learning model was applied to estimate a suite of soil properties, including
organic carbon, pH, texture fractions, macronutrients, and electrical conductivity. The
resulting maps reflect spatial patterns consistent with previous studies focused on Cyprus
and provide high resolution insights into degradation processes, such as organic carbon
loss, and salinization risk. These outputs provide added value for identifying priority
zones for soil conservation and evidence-based land management planning. While pre-
dictive uncertainty is greater in areas lacking ground reference data, particularly in the
northeastern part of the island, the modeling framework demonstrates strong potential
for a national-scale soil health assessment. The outcomes are directly relevant to ongoing
soil policy developments, including the forthcoming Soil Monitoring Law, and provide
spatial prediction models and indicator maps that support the assessment and mitigation
of soil degradation.

Keywords: soil health descriptors; machine learning; Soil Monitoring Law; remote sensing;
soil degradation; soil health risk assessment; SOC; soil prediction models

1. Introduction

Healthy soils are fundamental to ecosystem functioning and essential for sustaining
food security, regulating the climate, conserving biodiversity, and cycling water and nutri-
ents [1,2]. The European Commission (EC) Joint Research Centre has estimated that 60 to
70 percent of soils within the European Union (EU) are currently affected by unsustainable
management practices, posing serious risks to both soil and human health [3,4]. Despite
their vital importance, soil protection within the EU has traditionally lacked coherence,
as relevant policies addressing soil concerns stemmed from either an agricultural or an
environmental perspective, such as the Common Agricultural Policy, the Nitrates Directive,

Environments 2025, 12, 283

https://doi.org/10.3390/environments12080283


https://doi.org/10.3390/environments12080283
https://doi.org/10.3390/environments12080283
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/environments
https://www.mdpi.com
https://orcid.org/0000-0001-7058-4302
https://orcid.org/0000-0003-4321-7181
https://orcid.org/0009-0004-4349-9064
https://orcid.org/0000-0002-0715-9511
https://orcid.org/0000-0003-4149-8282
https://doi.org/10.3390/environments12080283
https://www.mdpi.com/article/10.3390/environments12080283?type=check_update&version=1

Environments 2025, 12, 283

2 of 22

the Natura 2000 network, and the Water Framework Directive, without integrating them
into a unified framework [5]. As a result, the EU has lacked a dedicated legal framework
specifically focused on protecting soils across all land uses [6]. This institutional gap has
also been highlighted by both the European Court of Auditors (European Court of Auditors.
https:/ /www.eca.europa.eu/en/publications?did=48393, accessed on 16 August 2025) and
the EC (EuropeanCommission. https://eur-lex.europa.eu/legal-content/EN/TXT /?uri=
COM:2019:640:FIN, accessed on 16 August 2025). Urgent and strategic measures are there-
fore needed to promote sustainable soil management and safeguard the ecological integrity
of EU soils. In response, the proposed Soil Monitoring and Resilience Directive, commonly
referred to as the Soil Monitoring Law, was introduced and is currently undergoing tria-
logue negotiations between the European Parliament and the Council. Introduced by the
EC in July 2023 as part of the EU Soil Strategy for 2030, the Directive aims to ensure that all
soil ecosystems in the EU are set on a course for recovery and maintained in a healthy state
by 2050 [7-9]. Under the Directive, Member States (MS) will be legally required to regularly
monitor soil health and land take, using standardized descriptors and scientifically defined
criteria [7,10].

The Directive obliges MS to establish soil districts (“Soil districts: Part of the territory
of a Member State, as delimited by that Member State for the purposes of soil health assess-
ment and management.” Definition from Commission Staff Working Document—Impact
Assessment Report https:/ /eur-lex.europa.eu/legal-content/EN /TXT /?uri=SWD:2023:
417:FIN, accessed on 16 August 2025), conduct measurements at least every five years,
and assess soil health based on a series of descriptors defined at both EU and national
levels [7]. According to the EU Mission: A Soil Deal for Europe Implementation Plan (EU
Mission: A Soil Deal for Europe Implementation Plan. https://commission.europa.eu/
system/files/2021-09/soil_mission_implementation_plan_final_for_publication.pdf, ac-
cessed on 16 August 2025) and the Commission Staff Working Document—Impact As-
sessment Report for the proposed Directive on Soil Monitoring and Resilience (Commis-
sion Staff Working Document—Impact Assessment Report https://eur-lex.europa.eu/
legal-content/EN /TXT /?uri=SWD:2023:417:FIN, accessed on 16 August 2025), a set of
18 soil health descriptors has been identified to support the monitoring and assessment
of soil health across Europe, which are linked with 19 soil degradation indicators as pro-
vided by the EU-wide soil health observatory dashboard (Figure 1) (EU-wide soil health
observatory dashboard. https://esdac.jrc.ec.europa.eu/esdacviewer/euso-dashboard/,
accessed on 16 August 2025). Soil health descriptors encompass physical, chemical,
and biological characteristics, while soil degradation indicators follow a ‘one-out-all-
out” approach (European Parliament briefing on the Soil Monitoring and Resilience Di-
rective: https://www.europarl.europa.eu/RegData/etudes/BRIE /2024 /757627 /EPRS_
BRI(2024)757627_EN.pdf, accessed on 16 August 2025) (United Nations Statistics Division.
https:/ /unstats.un.org/sdgs /metadata/files/Metadata-15-03-01.pdf, accessed on 16 Au-
gust 2025), meaning that soil is considered healthy only if all relevant descriptors meet the
established thresholds at both EU and MS levels, with failure to meet even a single criterion
resulting in an ‘unhealthy’ classification [11-14]. This regulatory development marks a
historic turning point: soil health is no longer a purely scientific or agricultural concern,
but a policy mandate, supported by structured monitoring, reporting obligations, and a
pan-European solid data infrastructure, as accommodated by the EU Soil Observatory [15].


https://www.eca.europa.eu/en/publications?did=48393
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM:2019:640:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM:2019:640:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=SWD:2023:417:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=SWD:2023:417:FIN
https://commission.europa.eu/system/files/2021-09/soil_mission_implementation_plan_final_for_publication.pdf
https://commission.europa.eu/system/files/2021-09/soil_mission_implementation_plan_final_for_publication.pdf
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=SWD:2023:417:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=SWD:2023:417:FIN
https://esdac.jrc.ec.europa.eu/esdacviewer/euso-dashboard/
https://www.europarl.europa.eu/RegData/etudes/BRIE/2024/757627/EPRS_BRI(2024)757627_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2024/757627/EPRS_BRI(2024)757627_EN.pdf
https://unstats.un.org/sdgs/metadata/files/Metadata-15-03-01.pdf

Environments 2025, 12, 283 30f22

r 1. Soil pollutants, excess nutrients & salts
_ & (not limited to No. 14 & 15)
& = 2. Soil organic carbon Spatio-temporal Analysis 1. Water erosion
<E5S 3. Soil structure of soil health descriptors & 2. Wind erosion
E8 3 _4 ﬁml biodiversity degradation dynamics 3. Harvest erosion Soil Erosion
285 5. Vegetation cover 4. Tilleage erosion
= = E | 6.Soil nutrients (not limited to No. 15- P, K, . . 5. Post-fire recovery
2z 52 ~ O~ A\ pellegiprte . Soil Soil ' )
f A ;_:_ S, Ca, B, LI,—L:L Qlil’- “ .‘\:n‘, {\10,)% fn? Health x x Degradation ﬁ f\‘rscmc

= g P / .and s&.\,,:t TL(( m,z,,gnut‘\‘ Descriptors »@ \ Descriptors 7. Lochr o _
8. Area of forest and other wooded lands _ <% - 8. Mercury Soil Pollution

r 9. Soil water holding capacity ’ ‘N ﬁ 9. Zinc
v 10. Soil erosion rate/risk ' l 10. Cadmium
";' o 11. Electrical Conductivity dS/m I.. 11. Nitrogen plus
SR g 12. Bulk density in "topsoil” -’ 12. Phosphorus deficiency | Soil Nutrients
g £§.2 13. Bulk density in "subsoil" Soil Health Monitoring 13. Phosphorus excess
5," P 'z 14. Conccu'w.lmnon 91 hcfl\'_\' metals ) 14. Distance to maximum SOC level—SOC Loss
e 15. Nitrogen in soil (all uses) Feedback 15. Packing Density — Soil compation
2= i ) ) 16. pH for ""”l"ng 16. Secondary salinization risk = Soil Salinization
720 E 17. Net land taken & imperviousness area 4 »h_‘_‘".l::) ) 17. Peatland degradation risk—Organic Soils Loss
‘-;{ ; 2 18. Potential soil basal respiration Inform descnptors 18. Soil sealing — SOC Consumption
< 2§ * Other soil biodiversity indicators such as: - degradation ’ 19. Potential threat to biological functions
T 2 = | -Metabarcoding of bacteria, fungi & animals  assessment |
a. & -Abundance & diversity of nematodes Soil Biodiversity Loss
= -Microbial biomass

\ -Abundance & diversity of earthworms

Figure 1. Bidirectional relationship between soil health descriptors (left) and soil degradation

descriptors (right).

Undoubtedly, the successful enforcement of the Soil Monitoring Law hinges not solely
on regulatory compliance but also on the availability, interoperability, and systematic
integration of diverse data types capable of capturing the complexity and variability of
soil systems. As recent scientific evidence highlights, soil health cannot be assessed or
monitored solely through a single indicator, such as soil organic carbon (SOC) alone [16-21].
A pan-European study by Pravalie et al. [11] highlights that soil degradation, and con-
sequently, soil health, arises from the convergence of multiple stressors, including soil
compaction, erosion (caused by water and wind), salinization, acidification, nutrient imbal-
ance, vegetation degradation, and contamination by pesticides and heavy metals. Their
research, spanning more than 40 countries, underscores the necessity of a multi-indicator
approach to soil health monitoring that captures the complex and multi-dimensional nature
of soil degradation, which frequently results from the interplay of multiple degradation
processes co-occurring. Indeed, more than 10% of agricultural lands in Europe are simul-
taneously exposed to four or more degradation drivers, demanding advanced tools and
frameworks for integrated assessment.

In Cyprus, the urgency to establish a robust and spatially explicit framework for
assessing soil conditions is particularly acute. Although the island exhibits significant
agroecological diversity and faces well documented land degradation pressures, the avail-
ability of harmonized and accessible soil data remains highly constrained [22-27]. For
example, the widely used LUCAS (Land Use/Cover Area frame Statistical Survey) Database
(Joint Research Centre—European Soil Data Centre (ESDAC). https://esdac.jrc.ec.europa.
eu/projects/lucas, accessed on 16 August 2025) includes fewer than 70 geo-referenced sam-
ples for Cyprus, a sample density insufficient to support reliable national-scale inference.
Furthermore, there is no centralized national soil database. Existing datasets remain discon-
nected, non-harmonized, and largely inaccessible for broader research and policy use, as
they are typically confined to localized studies that are isolated in nature, scattered across
various research institutions and government agencies, and often inconsistently formatted.
As a result, they cannot be integrated into a functional national soil information system
capable of supporting large-scale monitoring or policy development. Consequently, most
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studies remain limited in both spatial scale and the range of soil health descriptors they
address, primarily due to the unavailability of a harmonized national soil database [28,29].
Compounding these limitations is the absence of spatiotemporal monitoring mechanisms to
detect changes in soil condition and to characterize degradation dynamics across the land-
scape. Previous modeling efforts for Cyprus have primarily drawn upon pan-European or
global-scale frameworks [11,30,31], which have provided valuable and innovative insights.
However, due to the limited availability of Cyprus-specific soil data until recently, these
approaches may not fully capture the island’s distinctive pedoclimatic conditions, land
management practices, and ecological variability at the spatial resolution needed to support
the implementation of the Soil Monitoring Law effectively.

A significant advancement toward addressing this gap has recently emerged with the
release of an open-access, geo-referenced soil dataset comprising 951 samples, published
by Dalias et al. [27]. This dataset represents the most comprehensive soil sampling effort
undertaken in Cyprus to date, encompassing a range of soil health descriptors, includ-
ing texture, SOC, pH, EC, and macronutrient content, all collected under standardized
protocols. This new empirical foundation enables the development of predictive spatial
models for individual soil health descriptors by integrating Earth Observation (EO) data
and spatial covariates [32-35]. Such modeling approaches can facilitate a deeper under-
standing of the current state and spatial variability of key soil attributes, offering valuable
insights into potential degradation patterns and informing national-scale land management
strategies and Monitoring, Reporting, and Verification frameworks relevant to carbon credit
schemes and emerging carbon markets [36-38]. In particular, accurate and high-resolution
SOC maps enable robust spatial estimates of carbon stocks and their temporal dynamics,
thereby improving the reliability of soil carbon accounting and supporting transparency in
soil-based climate mitigation efforts [39,40].

This study addresses two critical research gaps for Cyprus: (i) the absence of spatially
explicit soil modeling approaches that account for variability in soil characteristics across
different land use contexts, and (ii) the lack of national-scale, multi-indicator assessments
of soil health that integrate EO and ground-based data in alignment with emerging EU
policy objectives, such as the proposed Soil Monitoring Law. To address these gaps, a set
of prediction models was developed to assess multiple soil health characteristics across
Cyprus by integrating satellite data with the recently released geo-referenced soil dataset
by Dalias et al. [27]. The study employs geospatial modeling techniques and machine
learning (ML) algorithms to estimate key soil attributes, including SOC, pH, texture, and
nutrient content, across the national territory. By adopting a multi-indicator perspective
grounded in both empirical observations and remote sensing data, the study responds to
current scientific recommendations and policy requirements for holistic soil monitoring,
particularly in MS, where national-scale datasets are limited. This integration of up-to-date
Sentinel-2 spectral information with the most extensive national soil dataset available for
Cyprus represents a significant advancement in digital soil mapping for Mediterranean
landscapes, enabling the development of robust, data-driven tools for national-scale soil
monitoring and policy support.

2. Materials and Methods
2.1. Study Area and Soil Reference Data

The case study for this research is the Republic of Cyprus, an island Member State of
the European Union characterized by pronounced agroecological variability, semi-arid cli-
matic conditions, and increasing pressures from land degradation and climate change [41].
To support the development of predictive models for soil health descriptors across Cyprus,
the study utilizes the national-scale soil dataset recently compiled by Dalias et al. [27].
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This geo-referenced dataset comprises standardized laboratory analyses of 10 key physical
and chemical soil properties, including SOC, pH, EC, calcium carbonate (CaCO3), total
nitrogen (N), available phosphorus (P), exchangeable potassium (K), and soil texture (Sand,
Silt, and Clay fractions), based on composite topsoil samples (0-20 cm) collected from
951 agricultural sites across Cyprus.

Sampling campaigns were designed to represent the spatial heterogeneity of major soil
types, with laboratory procedures conducted using established methodologies such as the
Walkley—Black method for SOC and the Kjeldahl method for Total N [42,43]. All samples
were geotagged, and subsamples were archived under a barcode-linked system to enable
long-term reference and reuse. The resulting dataset provides an unprecedented empirical
foundation for spatial soil modeling in Cyprus, offering high-resolution, thematically rich
input data essential for national soil health assessments and digital mapping. Figure 2
illustrates the particle size distribution of the 951 geo-referenced soil samples across Cyprus,
plotted within the USDA soil texture triangle [44]. The samples span a wide range of textu-
ral classes, with a notable concentration in the loam, sandy loam, and clay loam categories.
This spread reflects the diverse pedological and agroecological conditions of the island,
supporting the development of robust prediction models for soil texture components.

Frequency Distribution of Soil Texture Classes

300

USDA Texture Class
@) (b)

Figure 2. Soil texture classification of the 951 samples across Cyprus based on the USDA soil texture
triangle, showing the distribution of sand (50-2000 pm), silt (2-50 um), and clay (02 pm) fractions
(a). Frequency distribution of the classified USDA soil texture classes, highlighting their relative
abundance across the sample set (b).

2.2. Sentinel-2 Data Acquisition and Processing

To develop spatial predictors for soil property modeling, Sentinel-2 multispectral im-
agery was acquired and processed using the Google Earth Engine (GEE) cloud-computing
platform through the rgee interface in R. Two distinct approaches were used: (i) extraction
of spectral information at the exact locations and dates of field sampling for model training,
and (ii) generation of a continuous spatial predictor layer covering the entire territory
of Cyprus.

2.2.1. Extraction of Sentinel-2 Predictors at Soil Sample Locations

To ensure temporal alignment between soil sampling and satellite data, a targeted spec-
tral extraction workflow was implemented. For each geo-referenced soil sample, Sentinel-
2 surface reflectance imagery (COPERNICUS/S2_SR) was queried within a £1-month
window around the recorded sampling date. Temporal alignment ensures that the spectral
reflectance values correspond to the actual soil surface conditions at the time of sampling.
This reduces the impact of vegetation growth, soil moisture variation, and management
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practices that could otherwise introduce noise into the modeling process. Only scenes with
less than 5% cloud cover were retained based on the CLOUDY_PIXEL_PERCENTAGE
metadata field. Cloud and shadow masking were performed using the Scene Classification
Layer (SCL) associated with each image [45]. Pixels labeled as cloud (class 8), cirrus (9),
cloud shadow (3), and snow (11) were removed. After masking, a median composite image
was created per point location using the selected images within the time window. From
each median composite, six Sentinel-2 spectral bands were extracted: B2 (blue, 490 nm),
B3 (green, 560 nm), B4 (red, 665 nm), B8 (near-infrared, 842 nm), B11 (SWIR-1, 1610 nm),
and B12 (SWIR-2, 2190 nm). These bands were selected based on their well-established
relevance for soil-related applications. They span key regions of the visible, near-infrared,
and shortwave-infrared spectrum, which are known to be sensitive to soil texture, organic
matter, and moisture content. Moreover, these bands have 10-20 m spatial resolution, offer-
ing a balance between spectral detail and spatial accuracy when linked with sample point
data. Additionally, three commonly used vegetation and soil indices were computed [46]:

Normalized Dif ference Vegetation Index (NDVI): (B8 — B4)/(B8 +B4) (1)

Normalized Dif ference Water Index (NDWI) : (B8 — B12)/(B8 + B12) )
Bare Soil Index (BSI): [(B11 + B4 ) — (B8 +B2)]/[(B11 + B4)+ (B8 +B2)] (3)

These nine predictors were extracted per point using the reduceRegion () function in
Earth Engine and linked to each sample ID. All spectral bands and indices were resampled
to 10 m spatial resolution to ensure consistency with the geo-referenced sample locations.
The spatial coordinates for each soil sample were obtained from Dalias et al. [27], who
recorded the locations during field sampling. To comply with Earth Engine’s processing
limits, the dataset was split into batches of 100 samples, and each batch was processed
sequentially using rgee in R. The final output was a harmonized table linking each soil
sample with its corresponding Sentinel-2 spectral and index values, temporally matched to
the sampling date.

2.2.2. Generation of Wall-to-Wall Predictor Raster for Mapping

For spatial prediction, a seamless national-scale raster stack of the same nine predictors
was created. Sentinel-2 Level-2A imagery for Cyprus was filtered to the period from 1 May
to 30 June 2025, coinciding with the dry season when bare soil conditions are optimal for
reflectance-based soil analysis. All scenes with less than 5% cloud cover were retained. The
same SCL-based cloud and shadow masking as described in 2.2.1 was applied. A per-pixel
median composite was generated from all valid, cloud-free pixels during this period. The
selected six bands (B2, B3, B4, B8, B11, B12) were scaled by dividing by 10,000 to convert
them to reflectance values, and the NDVI, NDWI, and BSI indices were computed using
the same formulas described above.

The composite was clipped to the Cyprus national boundary, as defined by the FAO
GAUL Level 0 administrative dataset. Due to Earth Engine’s export constraints, the final
predictor image was exported as multiple tiled GeoTIFFs at 10 m spatial resolution and
later merged in R using the terra package to create a single seamless raster. This predictor
stack served as input for model-based spatial predictions and included consistent band
naming across all layers: B2, B3, B4, BS, B11, B12, NDVI, NDWI, and BSIL.

2.2.3. Generation of Ancillary Environmental Layers

Besides the Sentinel-2 spectral predictors, several environmental covariates relevant
to soil formation and landscape processes were generated to support future analyses and
visual interpretations. These included a digital elevation model (DEM) and its terrain
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derivatives: slope, aspect, and topographic position index (TPI), as well as a national-scale
land use/land cover (LULC) map.

For land use, the ESA WorldCover 2021 product (Version 200) (ESA WorldCover 2021.
https:/ /worldcover2021.esa.int/, accessed on 16 August 2025) was acquired from Google
Earth Engine. This 10 m resolution dataset offers a globally consistent classification of land
cover types, derived from Sentinel-1 and Sentinel-2 imagery.

The DEM was obtained from the Copernicus EU-DEM version 1.1 dataset, providing
25 mresolution elevation data for Europe. Terrain attributes were derived using the terrain()
function from the terra package in R. Specifically, slope (in degrees), aspect (in azimuth
degrees), and TPI were computed from the DEM using default window sizes. All resulting
rasters were resampled to match the 10 m resolution of the Sentinel-2 predictor stack using
bilinear interpolation.

Figure 3 highlights the spatial distribution of major land cover classes across Cyprus,
revealing extensive areas of cropland concentrated in central and eastern regions, while
tree cover dominates the mountainous zones in the west and north of the island. Built-
up areas are primarily clustered along the southern coastline and around urban centers.
These spatial patterns provided an important context for interpreting soil conditions and
variability across contrasting land use types.

Land Cover (ESA 2021)

No Data
Tree cover
Shrubland
Grassland
Cropland
Built-up

Bare / sparse
Water
Wetlands

Figure 3. LULC map of Cyprus showing the distribution of major land cover classes.

Topographic variables derived from the DEM (Figures 4 and 5) offer critical insights
into the geomorphological complexity of Cyprus and its impact on soil formation and
degradation processes [29,47]. Elevation delineates the major physiographic zones of the
island, with the Troodos and Kyrenia mountain ranges representing the highest altitudes
and forming core areas of topographic contrast. Terrain roughness, as expressed through
the TRI, reveals elevated surface heterogeneity in these mountainous zones, which is
typically associated with greater geomorphic instability and erosion susceptibility. Slope
gradients vary widely across the island, with steeper inclines concentrated in orographically
complex regions, where enhanced runoff and reduced infiltration may exacerbate soil
degradation. Aspect, representing the directional exposure of slopes, introduces additional
spatial heterogeneity by modulating local solar radiation regimes, soil moisture retention,
and vegetation dynamics [48]. Together, these terrain attributes frame the environmental
context within which soil processes operate, offering important explanatory power for
understanding spatial variability in soil health descriptors.
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Figure 4. (a) Digital Elevation Model (DEM, in m) of Cyprus, showing elevation in meters above sea
level; and (b) Terrain Roughness Index (TRI), highlighting spatial variation in surface heterogeneity.

(@) (b)

Figure 5. (a) Aspect map (in azimuth degrees) illustrating slope orientation. (b) Slope map (in

degrees) indicating terrain steepness.

2.3. Soil Property Modeling

To model the relationship between satellite-derived spectral predictors and measured
soil properties, Random Forest (RF) regression models were implemented [49]. RF was
selected for its robustness against overfitting, its ability to handle nonlinear relationships
and multicollinearity, and its demonstrated effectiveness in predicting soil properties from
remote sensing data.

Model development was carried out in R (version 4.2.2) using the RF, caret, dplyr, ithir,
and ggplot2 packages. A separate RF model was trained for each of the following eleven
soil properties: N, available P, exchangeable K, pH, EC, CaCO3, sand, silt, clay, and SOC.
All models used the same set of nine predictor variables derived from Sentinel-2 imagery:
six reflectance bands (B2, B3, B4, BS, B11, B12) and three spectral indices (NDVI, NDWI, and
BSI), as described in Section 2.2. All nine spectral and index-based predictors were retained
across all RF models, without the application of additional feature selection techniques. This
decision was made to preserve the full informational content of the predictors and to avoid
the exclusion of potentially important variables, including those that may act synergistically
with others. Given the RF algorithm’s inherent ability to handle multicollinearity and to
disregard variables that contribute little or nothing to model performance (e.g., due to low
variance or low importance), this approach was considered to support model robustness
while ensuring consistency across all modeled soil properties.

2.3.1. Data Preparation and Outlier Handling

To reduce the impact of outliers and data noise, all spectral predictors were trimmed
to the 1st-99th percentile range. Any sample with missing predictor values after trimming
was excluded from modeling. Each target variable was similarly trimmed to its central
distribution (1st-99th percentile), and modeling was only performed for variables with at
least 10 valid observations and more than five unique values. This trimming approach helps
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stabilize model training by reducing the influence of statistical extremes, while preserving
the main data structure and variability of each variable. The number of excluded samples
after trimming was minimal across all target variables.

2.3.2. Model Training and Cross-Validation

Each RF model was trained using the train () function from the caret package with the
underlying method set to “rf”. The model parameters included 500 trees (ntree = 500) and
mtry = 3 (square root of the number of predictors). No further hyperparameter tuning was
conducted. To evaluate model performance, 10-fold cross-validation was employed. Using
the trainControl () function, the dataset for each target variable was randomly partitioned
into ten equal-sized subsets (folds). In each iteration, the model was trained on nine
folds and validated on the remaining one. This process was repeated ten times, such that
each fold served as the validation set once. The combination of 10-fold cross-validation,
conservative model tuning, and percentile-based outlier trimming reduces the risk of
overfitting and supports robust model generalization.

2.3.3. Accuracy Assessment Metrics

The performance of the RF models was assessed using both calibration and 10-fold
cross-validation results. Several evaluation metrics were employed to quantify the ac-
curacy and reliability of the predictions, including the coefficient of determination (R?),
concordance correlation coefficient (CCC), mean square error (MSE), root mean square
error (RMSE), prediction bias, the ratio of performance to deviation (RPD), and the ratio of
performance to interquartile distance (RPIQ). The mathematical formulas of the evaluation
metrics are defined as follows [50]:

Zf\]1(%’ —3/;3,')2

RZ=1 — 4)
Zz 1(]/1 )
2
ccc— —L *p*a”*%[ 5 5)
(00® +0p* + (Vp — ¥) )
1Y N2
MSE = ) (vi = ¥p) (©)
i=1
1Y A2
RMSE = NZ(}/I- — 1) @)
i=1
Prediction bias = i, — 8)
()
RPD = = )
_IQ Q3 -qQ1
RPIQ = 5Ep = ~ sEp (10)

where y; is the measured value; i/, is the predicted value; 7 is the mean of the measured
value; p is the Pearson correlation coefficient; 0, and 0, are the standard deviation of the
predicted values and observed, respectively; IQ is the interquartile range, and SEP is the
standard error (SE) of prediction.

3. Results

The predictive models generated for each soil property revealed substantial spatial
variation across Cyprus, reflecting underlying differences in land use, topography, and
agroecological conditions. The following section presents the model performance metrics
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and resulting maps for key soil health descriptors, offering spatially explicit insights into
the distribution of critical soil attributes at a national scale.

In order to investigate the spatial patterns of soil-related environmental conditions
across Cyprus, a series of remote sensing-based and terrain-derived variables were analyzed
(Figure 6). These results offer key insights into vegetation productivity, soil exposure,
moisture availability, and topographic variability, each of which plays a critical role in soil
health dynamics. The NDVI illustrates vigorous vegetative activity across the forested
northern and mountainous regions, with progressively lower values toward the south and
coastal zones. These areas of low vegetation cover often coincide with more intensive land
use and urban development, indicating regions potentially vulnerable to soil degradation.
Complementing these observations, the BSI reveals higher values in cultivated lowlands
and peri-urban landscapes, where vegetation is sparse and soil surfaces are more exposed.
These zones are particularly relevant for erosion risk assessment and targeted conservation
measures, given their susceptibility to soil loss and declining organic matter content.
In parallel, the NDWI highlights the spatial variability of surface moisture conditions.
Elevated NDWI values are concentrated in forested catchments, while arid interior and
southern areas exhibit negative values, suggesting greater water stress and potentially
limited soil moisture retention capacity.

()

Figure 6. Spatial distribution of remote sensing indices across Cyprus: (a) Normalized Difference

Vegetation Index (NDVI) reflecting vegetation greenness and productivity; (b) Bare Soil Index (BSI)
indicating areas of exposed soil and low vegetation cover; and (c) Normalized Difference Water Index
(NDWI) representing surface moisture conditions.

Table 1 summarizes the validation performance of the spatial prediction models
developed for ten key soil health descriptors, including macro- and micronutrients (N, P,
and K), physicochemical properties (pH, EC, and CaCO3), and soil texture components
(sand, silt, and clay), as well as SOC. The models demonstrated high predictive accuracy
and consistency, with R? values exceeding 0.90 for all variables, reaching a maximum of
0.946 for the SOC. Concordance values also remained robust (0.826-0.892), supporting
the reliability of the predictions. The low RMSE and minimal bias observed across all
models highlight the absence of systematic over- or underestimation. Notably, most soil
descriptors exhibited RPD values above the commonly accepted threshold of 2.0, indicating
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models of good to excellent predictive quality. Particularly strong performances were noted
for CaCOg3, sand, and SOC, all of which exceeded RPIQ values of 2.8, suggesting their
suitability for downstream applications in spatial soil monitoring, land evaluation, and soil
degradation assessments.

Table 1. Cross-validation results for the soil prediction models based on multiple statistical indicators,
including coefficient of determination (R?), Lin’s concordance correlation coefficient, mean squared
error (MSE), root mean squared error (RMSE), bias, Ratio of Performance to Deviation (RPD), and
Ratio of Performance to Inter-Quartile Distance (RPIQ).

Target R? Concordance MSE RMSE Bias RPD RPIQ
N (%) 0.92 0.86 0 0.03 0 2.26 2.71
P (ppm) 0.92 0.84 202.34 14.23 0.51 2.18 1.91
K (ppm) 0.92 0.86 25,175.50 158.67 427 2.26 2.89
pH 0.92 0.88 0.02 0.12 0 2.39 2.82
EC (dS/m) 0.90 0.83 0.04 0.19 0.01 2.08 1.26
CaCOg3 (%) 0.93 0.89 82.28 9.07 0.03 2.53 4.35
Sand (%) 0.92 0.87 36.17 6.01 0.06 2.38 3.43
Silt (%) 0.93 0.88 9.90 3.15 —0.01 2.40 3.61
Clay (%) 0.93 0.87 18.86 434 0 2.34 3.22
SOC (%) 0.95 0.85 0.05 0.23 0 2.26 2.82

The graphical evaluation of model performance, as illustrated in Figure 7a—j, provides a
robust visual confirmation of the predictive fidelity achieved across the suite of selected soil
physicochemical properties. The predicted versus observed scatterplots, each including a
1:1 reference line, illustrate how closely the model estimates align with actual measurements,
serving as a valuable tool for assessing regression accuracy and identifying error patterns.
For the three particle size fractions, including sand (Figure 7a), clay (Figure 7b), and silt
(Figure 7c), the models exhibit a coherent clustering along the 1:1 line, reflecting satisfactory
predictive power in texture classification, a foundational determinant of soil hydraulic and
fertility behavior. Although some dispersion is observed at the extremes of the sand, silt,
and clay content distributions, the general patterns indicate minimal bias and a consistent
capture of intra-range variability. CaCOj3 (Figure 7d) and SOC (Figure 7e) present a strong
linear relationship between predicted and observed values, suggesting that the models
effectively capture mineral and organic soil components using reflectance data and terrain-
derived variables. This is particularly relevant in Mediterranean semi-arid systems, where
carbon fractions and carbonates play a critical role in pH buffering and aggregation.

The prediction of soil pH in Figure 7f demonstrates high reliability, with most points
aligning closely with the 1:1 line, reflecting both the inherent stability of pH and the model’s
sensitivity to subtle variations. However, predictions slightly underestimated values above
8.0 and overestimated values below 7.2, indicating minor discrepancies at the extremes of
the observed range. Similarly, K (Figure 7g) and P (Figure 7h), both essential macronutrients
which often display complex spatial distributions, are well predicted; nevertheless, minor
scattering indicates the intrinsic heterogeneity and potential limitations in capturing their
mobility and retention across depth gradients. Total nitrogen (IN) predictions (Figure 71i)
demonstrate a strong and consistent alignment with observed values, with the majority of
points clustered closely around the 1:1 reference line. This pattern suggests the model’s
robustness in capturing nitrogen distribution across the landscape, despite the inherent
spatial variability and management sensitivity of this parameter. The distribution of resid-
uals remains relatively constrained, indicating limited systemic over- or underestimation
across the predicted range. However, some deviations are observed at the higher end of the
nitrogen concentration spectrum (above approximately 0.3 percent), where the model tends
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to underestimate measured values slightly. Overall, EC predictions (Figure 7j) present good
agreement with observed values, demonstrating the model’s sensitivity to spatial patterns
of soil salinity, which is a key stressor in Mediterranean agroecosystems. However, the
model slightly underestimates EC values exceeding 1.2 dS/m, suggesting reduced accuracy
in capturing extreme salinization levels. This limitation may be due to a scarcity of high-EC
samples or the influence of localized management practices.

Together, these visual diagnostics complement the quantitative metrics presented
in Table 1 (R?, RMSE, MAE), demonstrating that the models yield statistically strong
outcomes and also maintain reliable performance across the range of field conditions and
soil properties evaluated. Notably, the lack of systematic under- or overestimation across
most variables indicates well-calibrated generalization, confirming the suitability of the
selected predictors and ML algorithms for high-resolution digital soil mapping in Cyprus.
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Figure 7. Scatterplots comparing predicted and observed values for eleven key soil physicochemical
properties using the optimized machine learning models under Mediterranean conditions. Each
subplot corresponds to one property: (a) sand (%), (b) clay (%), (c) silt (%), (d) calcium carbonate
(CaCO3, %), (e) soil organic carbon (SOC, %), (f) pH, (g) potassium (K, mg/kg), (h) phosphorus (P,
mg/kg), (i) nitrogen (N, %); and (j) electrical conductivity (dS/m). The red dashed line represents
the 1:1 line, indicating perfect model prediction.
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Building upon validated soil property prediction models and incorporating satellite-
derived environmental variables, the resulting soil health indicator maps offer a spatially
continuous representation of key soil attributes across the entire island of Cyprus. These
maps enable the visualization of complex spatial patterns that would otherwise remain
undetected through point-based sampling alone. The clay content distribution (Figure 8a)
exhibits moderate levels predominantly across central and southern inland areas, whereas
the sand content (Figure 8b) is consistently higher in the eastern and southeastern coastal
regions, indicating lighter-textured soils. In contrast, the silt content (Figure 8c) exhibits a
more homogeneous distribution, with slightly elevated values in the northern and coastal
zones, potentially linked to sedimentary deposition processes. The spatial variability
of SOC (Figure 8d) corresponds well with vegetative cover and land use intensity, with
higher concentrations observed in the mountainous, forested, and semi-natural landscapes,
reflecting reduced anthropogenic disturbance and enhanced organic matter accumulation.

0
Clay (%) Sand (%)

(@) (b)

Silt (%) SOC (%)

15 1.0
16 1.1
17 12
18 1.3
19 1.4
20 1.5
21 16

1.7

(©) (d)

Figure 8. Spatial distribution maps of key soil texture and soil organic carbon across Cyprus: (a) clay
(%), (b) sand (%), (c) silt (%); and (d) SOC (%).

Nutrient-related spatial predictions provide an additional layer of understanding of
soil health dynamics across Cyprus. The spatial distribution of K (Figure 9a) reveals high
concentrations in the eastern and southeastern regions, likely due to lithological variability
and intensive agricultural activity. N levels (Figure 9b) appear relatively uniform across
Cyprus, with modest increases in regions with denser vegetation or organic inputs. P
availability (Figure 9c) displays greater spatial heterogeneity, with higher values concen-
trated in agricultural areas, likely due to repeated fertilizer application over time. These
nutrient distribution patterns are critical for assessing site-specific fertility status and can
inform precision nutrient management strategies that promote sustainable agricultural
intensification while reducing the risk of nutrient loss or environmental degradation.

To broaden the assessment of soil health, the final set of modeled indicators offers a
detailed view of important physicochemical properties that influence land productivity
and ecosystem function. Localized areas of elevated salinity are evident in the EC map
(Figure 10a), particularly in the southern and eastern lowlands, likely due to intensive irri-
gation and insufficient leaching. The soil pH distribution (Figure 10b) is relatively uniform
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across the landscape, with slight variations influenced by calcareous parent materials and
historical land use. The CaCO3 map (Figure 10c) closely reflects the underlying lithology,
with higher concentrations found in sedimentary areas, especially in the northern and east-
ern parts of the island. Such geospatial information is essential for identifying vulnerable
areas and developing targeted approaches to soil conservation and land management.
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Figure 9. Spatial distribution maps of predicted soil nutrients across Cyprus: (a) K (ppm), (b) N (%);
and (c) P (ppm).
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Figure 10. Modeled spatial distribution of (a) EC (dS/m), (b) pH; and (c) CaCOj3 (%) across Cyprus
based on satellite-derived soil prediction models.

Collectively, the high-resolution spatial predictions generated for key soil properties
underscore the robustness and applicability of the modeling framework in capturing the
variability across Cyprus. The consistency observed among multiple characteristics and soil
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health descriptors reflects strong predictive performance and spatial coherence, offering
a solid basis for data-driven decision-making. These findings lay the groundwork for
a more comprehensive interpretation of their broader implications, as examined in the
upcoming discussion.

4. Discussion

High-resolution spatial predictions reveal diverse and interrelated soil characteristics
across Cyprus, offering critical insights into landscape functionality and land use pressures.
The observed textural composition, characterized by moderate clay concentrations in
central valleys and southern foothills, a dominant sand content in eastern and coastal
zones, and relatively uniform silt coverage, suggests that geomorphological structuring is
a key driver of physical soil heterogeneity [47,51,52]. These variations closely align with
known lithological formations and historical sediment deposition processes [53]. SOC
distribution shows elevated values in forested and mountainous regions, particularly the
Troodos range, where limited disturbance and denser vegetation contribute to higher soil
organic matter accumulation. This spatial pattern is consistent with expected ecological
trends and supports the role of land cover and management in shaping organic carbon
retention. Conversely, intensively cultivated areas tend to exhibit lower SOC concentrations,
reflecting biomass export and soil disturbance from conventional practices, with only
localized instances of improved SOC levels likely resulting from conservation-oriented or
mixed-use systems.

The chemical fertility parameters further deepen this understanding. Phosphorus
exhibits higher concentrations in irrigated and fertilized croplands, particularly in eastern
and southeastern districts, indicating a strong anthropogenic influence. Potassium distri-
bution is more spatially diffused, driven by variations in parent material and long-term
fertilization history. Nitrogen predictions reflect moderate spatial variability, with slightly
elevated levels in actively managed agricultural zones. It is evident from the EC map that
higher conductivity values are found in areas known to face salinization pressures due to
irrigation, evaporation, and poor drainage. This aligns with degradation trends observed in
many Mediterranean agricultural systems [54,55]. The slightly alkaline pH across much of
the island is characteristic of carbonate-rich parent material and arid to semi-arid climatic
conditions, although micro variations relate to fertilization and land management history.
CaCOj3 concentrations reflect geological influences, with high levels primarily found in
calcareous soils, predominantly in northern and central Cyprus.

From a broader perspective, the spatial alignment of these predictions reveals individ-
ual soil patterns and also enables the synthesis of soil health dynamics. Areas with reduced
SOC are frequently associated with intensively cultivated croplands, where continuous
tillage, limited crop rotation, and insufficient organic matter inputs contribute to acceler-
ated carbon depletion [56,57]. This spatial pattern reflects the persistent pressures exerted
by conventional agricultural practices, which compromise soil structure and biological
activity, reducing long-term soil productivity and resilience. Similarly, the co-existence
of high EC and P concentrations in certain districts suggests combined salinization and
nutrient accumulation, resulting from over-irrigation and excessive fertilization [58]. These
intersecting patterns highlight critical land zones where soil degradation processes are
actively co-occurring, necessitating the development of integrated management strategies
to address this issue. Moreover, the results reveal both expected outcomes, such as higher
SOC in forested zones, and less expected signals, such as moderate nutrient retention
in some cultivated lands that may be undergoing a shift toward more sustainable prac-
tices. This mosaic of conditions underscores the importance of site-specific monitoring
and the limitations of treating agroecosystems across Cyprus as homogeneous units. The
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complex interplay of chemical and structural degradation signals underscores the need
for integrated soil health assessments that transcend isolated indicators and capture the
multifaceted nature of agroecosystem decline and recovery.

Only a limited number of studies have produced spatially explicit assessments of
soil conditions at a national scale for Cyprus. A focused comparison with the work
of Ballabio et al. [29], which presented a national-scale map of topsoil SOC for Cyprus,
confirms the reliability of the spatial patterns predicted in this study. Elevated SOC con-
centrations were consistently identified in the Troodos mountain range and other forested
or minimally disturbed areas, whereas lower levels were evident in intensively cultivated
zones. This agreement reinforces the credibility of the modeling framework and reflects the
influence of vegetation cover and land management on soil organic matter dynamics. How-
ever, in contrast to the single-variable scope of Ballabio et al. [29], the present study extends
predictive capability to a broader set of physicochemical soil descriptors, including texture
fractions, pH, macronutrients, and EC. These additional variables enable a more integrated
interpretation of soil functionality and degradation risk across Cyprus. It must also be
noted that, similarly to Ballabio et al. [29], the input data used in this study are limited to
the territory of the Republic of Cyprus. As a result, predictions for the northeastern part of
the island carry a higher degree of uncertainty due to the absence of ground reference data
in that region. A conceptual alignment can also be observed between this study and the
findings of Sommer et al. [11], who introduced a Land Multi-degradation Index (LMI) to
quantify the co-occurrence of multiple degradation processes across Europe. The spatial
distribution of LMI values in Cyprus, particularly in arable regions, corresponds closely to
areas identified in this study as having low SOC, nutrient imbalances, and salinity risks.
This overlap reinforces the notion that these parameters serve as key indicators of soil
degradation, highlighting their diagnostic value for multi-risk soil health assessments [11].

Crucially, the predicted variables and observed spatial patterns can be directly linked
to soil health descriptors and degradation indicators. Several predicted maps, for example,
SOC, EC, and pH, provide direct insight into degradation processes such as organic carbon
loss, soil salinization risk, and nutrient imbalance. Areas with low SOC coincide with
zones vulnerable to carbon depletion due to intensive cultivation and insufficient organic
inputs [59,60], while elevated EC values in irrigated lands highlight potential secondary
salinization hotspots resulting from prolonged fertilization, poor drainage, and high evapo-
transpiration rates [61,62]. In this way, the presented maps not only address the EU soil
health monitoring priorities but also serve as spatially explicit proxies for degradation risk
assessment, in alignment with the policy targets of the EU Soil Strategy for 2030.

The above-mentioned findings establish a scientifically sound and policy-relevant
foundation for spatially targeted soil management. The granularity of the predictions
enables stakeholders to transition from generalized regional plans to precise site-level
interventions, whether for reducing nutrient runoff, restoring organic carbon, and/or
addressing salinization risk in vulnerable irrigated zones. This is especially crucial in
Mediterranean landscapes, such as Cyprus, where water scarcity, land fragmentation, and
climate change pressure exacerbate soil vulnerability [63,64]. By operationalizing key soil
health descriptors at high resolution, the study bridges scientific modeling with practical
land use planning, contributing to ongoing efforts that support the forthcoming Soil
Monitoring Law. Nevertheless, these advances highlight the pressing need for additional
systematic soil sampling and the establishment of a harmonization framework to ensure
long-term consistency, comparability, and integration of soil data across scales.
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5. Implications, Caveats, and Future Work

The outputs of this study provide actionable knowledge for policy makers, land
managers, and researchers seeking to implement sustainable soil and land use practices in
Cyprus. Its predictive outputs, anchored in observed relationships between land use and
soil health descriptors, can guide site-specific strategies to improve soil functionality and
prevent degradation.

However, certain limitations must be acknowledged. The underlying training data
were geographically constrained to the territory of the Republic of Cyprus, limiting pre-
dictive certainty in the northeastern part of the island where no reference samples were
available. Moreover, some soil properties, such as nitrogen and phosphorus content, which
exhibit high spatial variability, may require more systematic sampling and regionally cal-
ibrated models to enhance predictive accuracy. The reliance on surface reflectance data
may also limit the depth specificity of certain predictions, particularly where subsurface
processes are more dominant.

Additionally, although this study leveraged Sentinel-2 imagery for high-resolution
soil predictions, the analysis was based on a single median composite per sample point,
extracted within a + 1-month window around the date of sampling. This approach ensured
temporal consistency between satellite data and ground observations but represents a static
snapshot of surface conditions. As a result, the models may not fully capture temporal
variability in soil properties related to seasonal dynamics, land use change, or climate-
driven processes. Future work should explore the integration of multi-temporal (time-
series) Sentinel-2 data, such as seasonal or annual composites or phenological metrics, to
account for changes in vegetation, moisture, and management practices over time. This
could enhance model robustness and enable the prediction of temporal trends in soil
degradation and recovery, especially under shifting land use and climate conditions.

Future work should prioritize the expansion of systematic soil sampling campaigns,
especially in ecologically sensitive or data-poor areas. Emphasis should be placed on devel-
oping harmonized protocols for data integration and quality control, ensuring alignment
with both national strategies and European soil information platforms. Building on these
protocols, existing datasets from past and ongoing initiatives could then be effectively lever-
aged to strengthen model validation and enrich spatial coverage. In parallel, the integration
of a broader range of soil health descriptors would enhance the comprehensiveness and
diagnostic strength of spatial evaluations. Additionally, the use of temporal dynamics from
multi-year satellite observations and scenario-based modeling can support assessments
of soil responses to land use or climate-driven changes. In this context, machine learning
offers a robust analytical framework for capturing complex soil-landscape interactions, and
its continued methodological advancement and application are anticipated to significantly
enhance the precision, scalability, and policy relevance of soil monitoring and management
systems in Cyprus and beyond. These advancements are critical for enabling Cyprus to
fully participate in EU and global soil research and innovation frameworks, moving beyond
its current status as a gray area with limited baseline data and contributing meaningfully to
Pan-European soil knowledge and governance. Based on the study’s findings, the following
actionable recommendations are proposed:

> Expand soil monitoring in areas identified as vulnerable to degradation, particularly
in intensively cultivated zones.

> Promote site-specific sustainable land management practices such as conservation
tillage, organic amendments, and reduced input use.

>  Establish a centralized, harmonized national soil database to support long-term
monitoring and integration with EU platforms.
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> Incorporate predictive soil maps into spatial planning, agri-environmental policy
design, and restoration prioritization.

>  Integrate time-series Sentinel-2 data into future models to better account for temporal
dynamics and climate-related shifts.

6. Conclusions

This study presents a comprehensive set of high-resolution prediction models for
key soil health descriptors across Cyprus, integrating satellite-derived indicators with
ground observations and applying machine learning methods. By predicting multiple soil
attributes, including SOC, texture, pH, macronutrients, and EC, across the national territory,
the analysis provides spatially explicit insights that support both scientific understanding
and practical land management. The predicted patterns show firm agreement with previous
Cyprus-focused studies and reflect known environmental drivers such as land use intensity,
vegetation cover, and irrigation practices. Forested and semi-natural areas were associated
with higher SOC and balanced nutrient levels, whereas intensively cultivated and irrigated
lands exhibited increased EC and signs of nutrient imbalance. These spatial relationships
underscore the influence of land use on soil health, particularly the role of vegetation cover
and land management intensity in modulating key chemical indicators. The observed
patterns emphasize the need for targeted, land use-specific management strategies to
sustain soil functionality and mitigate degradation risks.

The capacity to identify areas at risk of salinization, organic matter loss, or nutrient
imbalance enables stakeholders to implement more targeted and informed land manage-
ment strategies. In addition, the modeling approach developed here offers a replicable
methodology for other Mediterranean or data-limited regions facing similar environmen-
tal pressures, particularly where climate stress, land fragmentation, and water scarcity
exacerbate soil degradation risks. Furthermore, the spatially explicit predictions of SOC
provide valuable input to emerging frameworks for monitoring, reporting, and verification,
supporting transparent tracking of carbon dynamics in soils in line with climate mitigation
goals and sustainable land use commitments.

Further improvements will require more systematic sampling in underrepresented
areas and better data harmonization to enhance model accuracy and long-term monitor-
ing consistency.
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