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The estimation of Soil Organic Carbon (SOC) from optical image spectroscopy typically relies on the availability
of bare-soil conditions, which are increasingly rare due to the widespread adoption of conservation agriculture
practices. This study evaluates alternative strategies for SOC prediction under limited bare-soil availability by
comparing four methodological approaches based on Sentinel-2 imagery and related products: (i) bare-soil
multispectral composites, (ii) vegetation indices, (iii) AlphaEarth Satellite Embeddings, and (iv) a hybrid geo-
statistical-machine learning model (KpR—Cubist). These methods were tested across three cropland regions with
contrasting pedoclimatic conditions: Italy, France, and Taiwan. The evaluation relied on >1800 topsoil samples
collected between 2020 and 2024. Results show that bare-soil availability varies significantly by region, with
cloud cover and vegetation/farm management being the main limiting factors. Models using Satellite Embed-
dings consistently achieved the highest predictive accuracy (RPIQ up to 2.24) , outperforming conventional bare-
soil composite and vegetation-based models. Incorporating spatial coordinates further improved model perfor-
mance, revealing strong spatial autocorrelation in SOC distribution. The hybrid kriging—Cubist approach ach-
ieved comparable accuracy to the embedding-based models, confirming the value of integrating spatial
dependence into data-driven frameworks. Overall, the study demonstrates that deep-learning—derived satellite
embeddings models provide effective alternatives for SOC estimation in croplands where bare-soil imagery is
increasingly unavailable due to sustainable soil management practices.

1. Introduction exploiting data accumulated over multiple years, these methods syn-

thesize information into composite images. Such composites have

Soil imaging spectroscopy is grounded in the physical interactions
between soil properties and electromagnetic radiation. Consequently,
the estimation of soil organic carbon (SOC) from satellite imagery relies
on the availability of bare soil scenes. In conventional agricultural sys-
tems, such conditions are generally restricted to narrow temporal win-
dows, while truly optimal circumstances, such as seedbed preparation,
dry soil, and cloud-free atmosphere, are even rarer. The widespread
availability of optical satellite imagery, notably from the ESA Coperni-
cus Sentinel-2 mission and the NASA Landsat constellation, has enabled
the development of multitemporal approaches. These approaches in-
crease the likelihood of observing soil under ideal conditions. By
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consistently demonstrated strong potential for accurate SOC estimation
[1-5]. Such approaches enhance temporal coverage and mitigate the
effects of individual scene limitations. As a result, they provide more
robust and reliable inputs for SOC modeling [6,7]. However, monitoring
SOC changes remains particularly challenging, as it requires information
for a specific year. For this reason, relying on broad multi-year satellite
collections is less advisable, since they may not accurately capture the
actual SOC level for the year of interest.

Moreover, in recent decades, the adoption of conservation agricul-
ture practices has further reduced the frequency of bare soil occurrence.
These practices include minimum tillage, no-tillage, and the use of cover
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crops between main cropping cycles. While they are beneficial for pre-
serving soil fertility, biodiversity, and ecosystem functions, they also
limit direct soil exposure. As a result, attempts to extract bare soil scenes
from satellite collections may often prove unfeasible due to the
increasing masking of soils by vegetation or crop residues. Detecting
bare-soil conditions can be even more challenging in olive groves,
vineyards, other tree crops, or agroforestry systems. This limitation re-
duces the effectiveness of satellite-based SOC and soil property assess-
ments and highlights the need for alternative estimation approaches that
do not rely on bare soil satellite imagery. This progressive and large-
scale transition toward conservation-oriented management represents
a structural shift in cropland systems, fundamentally altering the con-
ditions under which soil properties can be monitored from space.

An alternative strategy might consist of exploiting the indirect as-
sociation between SOC and crop growth characteristics [8]. Neverthe-
less, the relationship between SOC, or more generally, soil fertility and
remotely sensed vegetation metrics, is typically weak and highly
inconsistent. This association is strongly modulated by year-to-year
variations in climate, water availability, and biotic stresses, including
pests and diseases. Agronomic interventions, such as tillage, fertiliza-
tion, cultivar selection interested and crop rotation, can further influ-
ence crop performance independently of SOC content [9]. Collectively,
these interacting factors generate considerable uncertainty. As a
consequence, the reliable estimation of SOC from satellite-derived
vegetation indicators alone remains challenging [10]. However, some
vegetation indices have shown a good correlation with SOC [3],
although their ability to reliably estimate SOC still needs to be thor-
oughly evaluated.

Alternatively, geostatistical approaches can provide effective pre-
diction models that account for the spatial autocorrelation of SOC.
However, these methods require dense and spatially extensive sampling
networks to adequately capture the spatial variability of the target
variable. In some cases, spatial autocorrelation may be weak or even
absent. This is particularly evident in cropland areas characterized by
highly fragmented landscapes, where different land uses and manage-
ment practices alternate over short distances. Moreover, geostatistical
models typically provide static estimates that depend solely on spatial
position, whereas SOC monitoring frameworks should also be capable of
detecting temporal changes. In this regard, hybrid approaches that
combine geostatistics and machine learning offer a promising strategy to
overcome these limitations. Their effectiveness is further enhanced
when integrated with satellite-derived information [11,12]. Another
approach to account for spatial information is to include the geographic
coordinates of soil samples as additional covariates in satellite-based
machine learning models. In Castaldi et al. [6], this addition led to a
significant increase in predictive performance across a wide range of soil
and climatic conditions compared with models using only Sentinel-2
bands.

A further promising strategy entails the integration of multiple Earth
Observation (EO) data sources. This includes multi-temporal and multi-
sensor datasets such as optical imagery (both multispectral and hyper-
spectral), Synthetic Aperture Radar (SAR), thermal data, and other
satellite-derived covariates [13-16]. Such data fusion approaches offer
the advantage of capturing complementary information across diverse
modalities; however, they often involve a trade-off in terms of reduced
spatial and spectral resolution. Recent developments in deep lear-
ning-based super-resolution techniques have shown substantial promise
in mitigating this limitation [17-19].

Among the most noteworthy advancements is the introduction of
Satellite Embedding V1 on the Google Earth Engine (GEE) platform. This
global dataset provides learned geospatial embeddings derived from
multiple EO sources, delivering 10-meter spatial resolution and covering
the period 2017-2024. The dataset encodes complex relationships
among various input sources, including Sentinel-1, Sentinel-2, Landsat 8
and 9, PALSAR-2, ERA5-Land, and digital elevation models into 64-band
feature vectors [20]. Satellite Embedding V1 holds considerable
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potential to address limitations related to spatial resolution and image
availability. However, its efficacy for the quantitative prediction of soil
properties remains to be systematically evaluated.

Consequently, in this study, we compare four methodological ap-
proaches for SOC estimation from Sentinel-2 images and products. The
first approach entails the use of multitemporal Sentinel-2 imagery
restricted to bare soil scenes, therefore excluding all the dates affected
by green and dry vegetation. The covariates are the Sentinel-2 bands.
This approach is currently widely used and can be considered a refer-
ence standard. The second approach is based on the use of three vege-
tation indices derived from multitemporal Sentinel-2 data, thereby
simulating a scenario in which bare soil observations are not available.
The third approach makes use of Satellite Embedding V1 data developed
by the AlphaEarth foundation model as covariates to address the scarcity
of bare soil images. To the best of our knowledge, this is the first time
this kind of dataset has been used for soil properties estimation. The
fourth combine geostatistics and the above described covariate sets by
hybrid models.

These four approaches are tested across three croplands soil datasets
originating from France, Italy, and Taiwan collected between 2020 and
2024, representing contrasting pedoclimatic contexts.

The specific objectives of the study are to:

Identify the primary factors limiting the availability of bare soil
imagery (atmospheric versus vegetation constraints);

determine which covariates exhibit the strongest correlations with
SOC and are more influential for its estimation;

compare the accuracy of SOC prediction models obtained using the
four approaches in the three different regions;

e provide insights into alternative strategies for SOC estimation in
scenarios where conservation-oriented soil management increas-
ingly limits bare soil availability.

2. Materials and methods
2.1. Study areas

2.1.1. Italy

The Italian region of interest corresponds to the flat plains of the
river Po Basin (Fig. 1), one of Italy’s most densely populated and
intensively exploited regions [21]. According the Koppen-Geiger clas-
sification [22] the region interests mainly Cfa (temperate with no dry
season, hot summer) and Csa (temperate, dry and hot summer) climatic
zones. The basin supports a wide spectrum of agricultural activities,
including intensive crop cultivation and livestock farming, with high
nitrogen inputs. The agricultural phenology is characterized by the
coexistence of autumn-winter and spring-summer cropping systems
typical of temperate climates, resulting in distinct seasonal trajectories
in vegetation and spectral responses over the year.

The basin exhibits marked variability in soil fertility, driven by dif-
ferences in land use practices, management techniques, climate, soil
types, and topography. At the same time, soil degradation processes are
widespread, highlighting ongoing challenges for sustainable land man-
agement [23]. Based on FAO soil classification [24] and the European
Soil Database [25], the predominant soil types in the basin are Cambi-
sols and Luvisols in the western areas, Fluvisols toward the eastern coast,
and Regosols in the hilly right-bank regions of the river.

2.1.2. France

The French study areas are located across three administrative re-
gions: Bourgogne-Franche-Comté in central France, Auvergne-Rhone-
Alpes in the south-central part of the country, and Normandie in the
north, near the North Sea (Fig. 1). These regions encompass a variety of
agro-climatic and soil conditions representative of major French crop-
lands. According to the Koppen-Geiger classification [22], the study
sites fall within two main climate zones: Cfa (temperate with no dry
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Fig. 1. Soil sampling location within the three regions of interest in France, Italy and Taiwan.

season and hot summer) in the southern part of Auvergne-Rhone-Alpes,
and Cfb (temperate with no dry season and warm summer) in the
remaining areas. Agricultural production across these regions is highly
diversified, reflecting both climatic gradients and historical land-use
patterns. Agricultural production across the French study areas is
highly diversified, reflecting both climatic gradients and historical
land-use patterns, and includes arable crops, permanent grasslands,
livestock production, viticulture, and mixed farming systems [26-28].

The French study area exhibits a temperate agricultural phenology
characterized by the coexistence of winter and summer crops, in line
with the Italian case study. This cropping pattern results in marked
seasonal dynamics in vegetation development and satellite-observed
spectral responses.

SOC dynamics in these areas are influenced by contrasting man-
agement practices, ranging from conventional tillage to increasing
adoption of conservation and integrated agriculture practices. Fertil-
ization intensity and residue management vary with crop type and re-
gion, with generally higher nitrogen inputs in intensive cereal and
forage systems. Based on FAO soil classification [24] and the European
Soil Database [25], the predominant soil types across the study regions
are Cambisols, Luvisols, Fluvisols, and Retisols.

2.1.3. Taiwan

The study area in Taiwan is located in the main rice-producing re-
gions, where rice is the most extensively cultivated food crop. Among
these regions, the rice cultivation area in western part is significantly
larger than that in the eastern, northern, and southern parts of the
Taiwan. Using township boundaries as the calculation unit, the soil
sampling sites of this study cover at least the top 50 townships with the
largest rice cultivation areas across Taiwan. The study area is predom-
inantly located in lowland plains below 100 m in elevation, encom-
passing a humid subtropical climate with hot summers (Cfa) in the
northern and eastern regions, a humid subtropical climate with dry
winters and monsoonal influence (Cwa) in the western part, and a

tropical monsoon climate (Aw) in the south. Fertilizer application rates
and water management in paddy fields are influenced by local climate,
soil type, and rice variety.

Crop phenology is governed by a subtropical climate with two main
cropping seasons, resulting in multiple cropping cycles per year and
frequent phenological transitions observable in satellite data.

According to the FAO classification, the soil samples collected in the
study mainly include Acrisols, Anthrosols and Cambisols, while Fluvi-
sols and Vertisols are less frequent.

2.2. Soil sampling and SOC laboratory measurements

2.2.1. Italy and France

Three soil sampling campaigns were conducted between 2020 and
2022 in Italy, and in 2023 in France. A total of 922 topsoil samples (0-20
cm) were collected, with 597 from Italy and 325 from France (Fig. 1). At
each sampling location, a composite sample was prepared by combining
five subsamples collected within a 5-meter radius. SOC content was then
determined in the laboratory using the Walkley-Black method (ISO
14,235:1998).

2.2.2. Taiwan

Soil sampling in the study area of Taiwan was conducted between
2022 and 2024. The sampling periods mainly coincided with the rice
harvesting seasons of the first (June-July) and second (November-De-
cember) cropping periods each year. A total of 1180 topsoil samples
(0-20 cm) were collected. In each sampling field (approximately 0.2-0.5
ha), five subsamples were collected and composited into one mixed
sample. The SOC content was determined using a TOC analyzer (solid
TOC cube, Elementar) [29].

2.3. Remote sensing collections

Satellite data corresponding to the sampling locations in each region
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of interest were retrieved using the rgee R package [30,31], which
provides an interface to the Google Earth Engine (GEE) Python API,
enabling the integration of Earth Engine functionalities within the R
environment. For the bare soil and vegetation indices covariates, the
Level 2A  harmonized Sentinel-2 collection (COPERNI-
CUS/S2_SR_HARMONIZED) available on GEE was employed, whereas
for the Satellite Embedding approach, data were sourced from the Sat-
ellite Embedding V1 collection (GOOGLE/SATELLI-
TE_EMBEDDING/V1/ANNUAL) (Fig. 2).

2.3.1. Sentinel-2 bare soil composite

For each sampling location, a pixel-wise temporal mosaicking
strategy was employed to extract bare soil imagery from the Sentinel-2
collections corresponding to the sampling year, producing a composite
bare soil layer. Satellite images were selected among those acquired
with a mean sun zenith angle lower than 70° and falling within the
period corresponding to soil sampling for each study area. These solar
conditions are generally met from late spring to early autumn in Italy
and France, and over a wider time window in Taiwan, extending from
early spring to mid-autumn. These periods also correspond to the
highest probability of observing exposed soil between successive crop-
ping cycles. The workflow involved three main steps. First, a set of filters
was applied to each pixel across all acquisition dates to exclude those
affected by atmospheric conditions (ATM_Mask). Second, pixels were
screened to identify bare soil conditions, removing observations influ-
enced by photosynthetically active or senescent vegetation, as well as
soils with elevated moisture levels (BS_Mask) [32].

Satellite data affected by photosynthetically active vegetation were
excluded using an NDVI threshold, retaining only observations with
NDVI values lower than 0.35. To exclude senescent vegetation, a
threshold of 0.125 on the Normalized Burn Ratio index (NBR2), calcu-
lated as the normalized difference between bands B11 and B12, was
applied, leaving only data with NBR2 < 0.125 [33]. The combination of
these two indices proved to be effective for selecting bare soil conditions
in different soil type and climate conditions [6].

In the third step, for pixels retaining at least three valid bare soil
observations after filtering, a mosaicking process was performed. The
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median (R50) of the reflectance values was then computed for each
spectral band of the Sentinel-2 MultiSpectral Instrument (MSI) at the
sampling sites in order to reduce the influence of outliers or anomalous
observations arising from satellite data collection and ensuring more
robust estimates [6]. A spatial resolution of 10 m was used, selected to
align the satellite observations with the spatial extent of the field sam-
pling units.

The number of available sampling locations, according to the
workflow described above, was evaluated at each step:

1. After ATM_Mask: only samples not permanently affected by at-
mospheric conditions (i.e., where the pixel was not always cloud-
covered) were retained.

2. After BS_Mask: from the remaining samples, those for which bare
soil could not be detected (because they were consistently covered by
vegetation, either green or dry, or were too humid) were excluded.
3. After R50: only samples with at least three bare soil observations
were retained, since the median value could only be computed under
this condition. Locations with fewer than three valid bare soil images
were discarded.

For the samples retained after the third step, we calculated, for each
dataset and sampling year:

e the average percentage of cloud-free images relative to the total
number of available Sentinel-2 acquisitions at each location,

e the average percentage of bare soil images relative to the total
number of available Sentinel-2 acquisitions at each location, and

o the frequency of bare soil images relative to the cloud-free images.

2.3.2. Sentinel-2 vegetation indices

After applying the ATM_MASK, only satellite data showing a NDVI
values higher than 0.35 has been retained, therefore excluding bare soil
conditions. After that the median values of three vegetation indices were
computed for each sampling location and for the corresponding sam-
pling year:

Soil Datasets

— 7
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Fig. 2. General workflow of the satellite-derived covariate extraction and SOC prediction models.



F. Castaldi et al.
e Normalized Difference Vegetation Index (NDVI)

NDVI = ————— (@)

GNDVI = ——— 2

e Normalized Difference Red Edge Index (NDRE)

B8A — B5
NDRE = —(———
RE B8A + B5 3

where B3, B4, B5, and B8A correspond to the Sentinel-2 bands centered
at 560, 665, 705, and 865 nm, respectively.

As with bare-soil data, the median values of the three indices were
used to reduce the influence of anomalous observations and to obtain
values less affected by differences in crop type or rotation, representing
the average fertility potential of each location.

2.3.3. Satellite Embedding dataset

The Satellite Embedding dataset was generated using AlphaEarth
Foundations, a geospatial Al model developed by Google DeepMind
[20]. The model integrates a wide range of Earth observation sources,
including optical imagery (e.g., Sentinel-2), radar data (e.g., Sentinel-1),
thermal observations from Landsat-8 and Landsat-9, digital elevation
models, climate information (ERA5), and descriptive textual
information.

AlphaEarth Foundations produces 64-dimensional geospatial em-
beddings at a 10-meter spatial resolution, designed to be directly
compatible with GEE’s analytical tools. These embeddings are analysis-
ready, meaning that no atmospheric correction, cloud masking, or
spectral transformation is required. For each sampling site and year, the
median yearly value of the 64 embedding dimensions was computed to
represent local surface conditions.

2.4. SOC estimation models

2.4.1. Covariates and dataset preparation

Six covariate sets, split into two groups were used to train the SOC
prediction models (Fig. 2):

Satellite-based covariate sets:

e BS: included the R50 values of the eleven Sentinel-2 bands (B1-B12,
excluding B9 and B10), representing median bare soil conditions.

e VI: included the median values of three vegetation indices (NDVI,
GNDVI, and NDRE) derived from the Sentinel-2 image collection.

e EMB: included the 64 embeddings produced by the AlphaEarth
Foundation geoAl model.

Satellite-based + Longitude and Latitude:

e BSxy: included the same covariates as BS, plus Longitude and
Latitude.

e VIxy: included the same covariates as VI, plus Longitude and
Latitude.

e EMBxy: included the same covariates as EMB, plus Longitude and
Latitude.

For each soil dataset, the covariates were paired with the measured
SOC values. Due to the BS mask, the number of available samples was
reduced only for the BS and BSxy datasets. A reduced version of the
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other datasets was then created by selecting the same samples as in the
BS dataset.

The Pearson’s correlation coefficient was estimated for each covar-
iate versus the SOC values as exploratory analysis.

Each dataset was then divided into training and testing subsets using
an 80/20 split, ensuring that both subsets maintained the same SOC
value range and distribution. The dataset was first sorted in ascending
order according to the SOC. A validation subset was then constructed
using a systematic sampling strategy, whereby one sample every five
along the ordered SOC sequence was selected for validation, while the
remaining samples were used for training.

2.4.2. Modeling approach

To evaluate the predictive performance of SOC for each dataset, we
implemented a bootstrap-based modeling approach using the Cubist
regression algorithm [34] through the caret package in R [35]. The
training procedure involved generating 100 bootstrap replicates: for
each replicate, a set of Poisson-distributed weights (A = 1) was applied to
the training samples to create resampled datasets, and a Cubist model
was fitted using 10-fold cross-validation. The hyperparameters of the
Cubist models, including the number of committees (1, 2, 3, 5, 10, and
20) and nearest neighbors (from 1 to 5), were optimized within a pre-
defined grid. Predictions from each bootstrap model were computed on
a hold-out validation set. The following model-level performance met-
rics were calculated for each replicate, and 95 % confidence intervals
were derived across the 100 models, providing an assessment of un-
certainty at the model level; Root Mean Square Error (RMSE) (Eq. (4)),
normalized Root Mean Square Error (nRMSE) (Eq. (5)), coefficient of
determination R* (Eq. (6)), and ratio of performance to interquartile
distance (RPIQ) (Eq. (7))

1¢ ~
RMSE = MHZ(}’i—J’i)z 4
i=1

nRMSE = M 5)
y
R2_1-_ S i =) ©)
Z?:l (.yi 737)2
_Qi(y) —Qus(y)
RPIQ = RMSE @

where y; are the observed values, y; the estimated values, n the number
of observations, y the mean of the observed values and Q75 (y) and Qa5(y)
the third and first quantiles of the observed value distribution,
respectively.

Moreover, the same bootstrapping approach was employed to
implement a hybrid prediction model combining ordinary kriging and
Cubist regression (hereafter KpR—Cubist).

In this context, KpR stands for Kriging-prior Regression, an approach in
which the outputs of an ordinary kriging model, specifically, the kriging
mean and its associated variance, are used as additional input features
for a machine learning algorithm [12].

In this hybrid framework, spatial dependence is first characterized
through ordinary kriging, which produces two spatially explicit pre-
dictors for both calibration and validation datasets. These kriging-
derived features are subsequently incorporated into the Cubist regres-
sion model as supplementary covariates, allowing the algorithm to ac-
count for spatial autocorrelation patterns without directly performing
geostatistical interpolation. Each bootstrap iteration involves indepen-
dent kriging feature computation and Cubist model fitting, thereby
generating an ensemble of spatially informed models. The methodology
aligns conceptually with recent developments in spatially enhanced
machine learning [12,36-38], where kriging or related spatial pre-
dictors are employed to inform data-driven models through feature
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engineering rather than residual post-processing.

To assess differences in predictive performance among the different
combinations of models and covariate sets, the Kruskal-Wallis test was
first applied to the distribution of RPIQ values from the bootstrap rep-
licates. This non-parametric test evaluates whether there is a statistically
significant difference in the median RPIQ values across all groups
without assuming normality and homoscedasticity (i.e., it is robust to
heteroscedasticity). Because bootstrap resampling was conducted inde-
pendently for each model-covariate combination, RPIQ distributions
were treated as independent samples.

When the Kruskal-Wallis test indicated a significant difference (p <
0.05), pairwise post-hoc comparisons were performed using the Wil-
coxon rank-sum test (Mann-Whitney U test) for all pairs of groups. P-
values were adjusted for multiple comparisons using the Benjami-
ni-Hochberg procedure to control the false discovery rate. This
approach allowed the identification of specific dataset pairs exhibiting
statistically significant differences in predictive performance as
measured by RPIQ.

2.4.3. Variable importance and robustness

To assess the relative contribution of each predictor to SOC estima-
tion, variable importance values were extracted from each Cubist model
and summarized across bootstrap iterations. In Cubist, variable impor-
tance (expressed as a percentage) is derived from both the frequency
with which a covariate is used in the model’s rule-based regressions and
the extent to which it contributes to reducing prediction error within
each rule. Each variable importance value is scaled between 0 and 100,
but these scores are computed independently for each covariate and
therefore do not sum to 100 across variables. Specifically, Cubist con-
structs a set of decision rules, each followed by a linear regression. For
each rule, the importance of a variable reflects how often it appears in
the rule conditions and how strongly it influences the predicted
outcome, i.e., how much it helps to reduce the residual error. These local
contributions are then averaged across all rules and committees,
resulting in a mean importance score for each covariate. Variables with
higher importance scores are those that consistently help partition the
feature space and improve the accuracy of SOC predictions across the
model.

The mean importance across bootstrap realizations was used to
quantify the stability and consistency of each predictor’s influence on
SOC predictions. To further assess the robustness of these predictors, the
mean importance was divided by the coefficient of variation (CV) of
each covariate. Predictors showing high importance and low variability
(i.e., high importance-to-CV ratio) were considered more robust, as they
provide stable contributions across the dataset. This interpretation
aligns with established concepts of model stability and variable reli-
ability discussed in Strobl et al. [39], Saltelli et al. [40], and Gregorutti
et al. [41].

3. Results
3.1. Soil datasets

The mean SOC values are almost identical for FRA and TW (1.59 %
and 1.63 %, respectively) and slightly higher for ITA (1.72 %) (Table 1).

Table 1

Mean statistics of the Soil Organic Carbon values in the soil datasets.
Dataset Dataset N° Min Max Mean Median c %
code % % % %
ITA Entire 597 0.40 6.26 1.72 1.61 0.67
ITA red Reduced 529 0.40 6.31 1.72 1.60 0.67
FRA Entire 325 0.49 4.96 1.63 1.49 0.67
FRA red Reduced 240 0.72 4.96 1.61 1.45 0.68
™ Entire 1180 0.34 5.3 1.59 1.51 0.69
TW_red Reduced 520 0.34 4.9 1.53 1.46 0.63
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The standard deviations are also very similar, ranging from 0.67 to 0.69.
The SOC distributions are quite similar across the three datasets, all
showing a positively skewed pattern, as illustrated in Fig. 3a and b

The reduced datasets (ITA_red, FRA red, and TW_red), obtained by
selecting only sampling points for which at least three images with bare
soil conditions were available, exhibit SOC distributions very similar to
their corresponding full datasets. This similarity is almost perfect be-
tween ITA and ITA red (Fig. 3b), where the dataset reduction was less
severe, while some minor differences can be observed between TW and
TW_red due to the substantial reduction in sample size (from 1180 to
520).

3.2. Bare soil imagery availability

The availability of cloud-free images within the Sentinel-2 collection,
i.e., images not masked by the atmospheric filter, was highest in Italy
(39 %), although values varied considerably between the two sampling
years (Table 2). In contrast, the proportions were lower in France (24 %)
and Taiwan (19.8 %).

The proportion of bare-soil images, and consequently the bare-soil
frequency (bare-soil images / cloud-free x 100), was also highest in
Italy, with an average frequency of 36.5 %. Taiwan showed a consis-
tently lower value (27.8 %) with little variation across the three sam-
pling years, while France had the lowest frequency (24.7 %).

The bare-soil frequency clearly affects the proportion of useful
sampling points within the three datasets, as shown in Fig. 4. For all
datasets, almost all sampling points remain after applying the atmo-
spheric mask (ATM_mask). However, after applying the bare-soil mask
(BS_mask), the percentages decrease to 94.3 % in Italy, 82.5 % in France,
and 67.0 % in Taiwan.

The final step, which involved computing the composite median
reflectance (R50), led to a further reduction in the number of usable
sampling points, resulting in 88.6 % for Italy, 73.8 % for France, and
44.1 % for Taiwan. The FRA and ITA datasets exhibited similar trends in
sampling point reduction, although the decrease was more pronounced
for FRA, while the TW dataset showed a much steeper decline compared
to the other two.

3.3. SOC vs covariates correlation

Analysis of the Pearson’s correlation coefficients between SOC
values and the selected covariates revealed clear differences among the
three datasets. Overall, BS covariate set exhibited stronger negative
correlations in France, moderate in Italy, and weaker in Taiwan (Fig. 5).
All BS correlations were statistically significant, except for bands B11
and B12 in Taiwan.

Among the Sentinel-2 spectral bands, the highest correlations were
observed in the visible range, followed by the NIR (B8) and SWIR (B12)
bands, while B11l consistently showed the weakest relationship.
Regarding VI covariate set, the Italian dataset showed the strongest and
most significant positive correlations, with GNDVI exhibiting the high-
est values. Correlations in Taiwan were also significant, though gener-
ally weaker, whereas those in France were low and not statistically
significant.

Concerning the correlation coefficients between SOC and the cova-
riates obtained from the embedding dataset, due to the intrinsic,
dimensionless nature of the embeddings, which result from the synthesis
of heterogeneous data sources, consistent trends across covariates that
could be shared among the three soil datasets cannot be clearly detected.
FRA showed the highest maximum and mean correlations, both negative
(—0.43) and positive (0.36), compared with the other two datasets
(Table 3). The percentage of covariates showing a significant correlation
(p < 0.05) was 70 % for FRA and 65 % for TW, while it was markedly
lower for ITA (38 %).

Longitude showed a positive and significant correlation with SOC (p
< 0.05) for TW (0.15) and FRA (0.34), whereas for ITA the correlation
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Fig. 3. Violin diagrams and distribution curve relative to soil organin carbon values of the soil datasets.

Table 2
Mean values of the percentage of cloud-free, bare soil (BS) and bare soil fre-
quencies observed in the three regions of interest for each year.

Dataset Year Cloud-free % BS % BS frequency %
ITA 2020 36.4 10.6 29
2022 40.7 16.7 41.2
All 39 14.3 36.5
FRA 2023 24 5.9 24.7
™ 2022 19.1 5 27.1
2023 19.2 5.1 28.1
2024 20.6 5.3 28.1
All 19.8 5.1 27.8

was not significantly different from zero. Latitude exhibited a positive
and significant correlation with SOC for ITA (0.26) and TW (0.18), while
for FRA it was significant but negative (—0.26).

3.4. SOC estimation models

The Cubist models based solely on satellite-derived covariates (BS,
VI, and EMB) showed significant differences in prediction accuracy.
Among them, the EMB-derived models consistently achieved higher

RPIQ values than those obtained from BS and VI sets across both the
entire and reduced datasets in all three countries, although the RPIQ
confidence interval was generally broader for EMB (Table 4; Fig. 6).
Although the correlation coefficients between SOC and the three VI
covariates were comparable across the soil datasets, GNDVI exhibited
the highest mean importance and robustness in Italy and Taiwan,
whereas NDVI was most influential in France (Table 5). For the BS
models, the most relevant and stable predictors were B2, B3, and B8A in
Italy; B11 and B12 in France; and B3, B4, B7, B11, and B12 in Taiwan. In
contrast, the EMB feature set displayed a more even distribution of
variable importance, with mean importance values ranging from 5 to 65.

Including geographic coordinates (LON and LAT) in the Cubist
models generally led to significant performance improvements, partic-
ularly for BS and EMB sets. Notably, the EMBxy configuration out-
performed all other model setups, achieving median RPIQ values of 1.65
in Italy, 2.24 in France, and 1.44 in Taiwan (Table 4; Fig. 6). However,
the range between the upper and lower CI RPIQ values is broader for
EMBxy compared to BSxy, highlighting a higher estimation uncertainty
for the EMBxy models. Variable importance analysis revealed a pro-
nounced influence of spatial coordinates, especially for the VIxy models,
where LAT consistently exceeded an importance value of 80 and very
Robustness level (Table 5). In the BSxy covariate configuration, LAT was
dominant in Italy and France, while in Taiwan, LON ranked among the
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Table 3

Maximum and mean Pearson’s correlation coefficients between SOC and the 64
embedding covariates. The percentage of covariates showing a significant cor-
relation (p < 0.05) is also reported.

Dataset Positive correlation Negative correlation % p < 0.05
Max Mean Max Mean

ITA 0.27 0.08 -0.28 —-0.07 38

FRA 0.36 0.18 —0.43 -0.19 70

T™W 0.18 0.08 -0.24 —-0.09 65

most influential predictors alongside B11, B12, B4, and B7. Due to its
lower coefficient of variation, LON also exhibited the highest robustness
in this setup. For EMBxy, LAT was the most important predictor in Italy
(99.1) and France (93.1), whereas in Taiwan, LON showed the highest
importance (88.4), with LAT remaining relatively strong (47.2).
Semi-variogram analysis and Moran’s I test confirmed the presence
of significant (p < 0.05) positive spatial autocorrelation in SOC, which
was stronger in FRA (0.77) than in TW (0.42) and ITA (0.33). The strong
relevance of the spatial component in Cubist models was further
confirmed by the KpR-Cubist approach, where only the kriging-
predicted values from Ordinary Kriging were used as input features
for the machine learning stage, thus not including any of the other
satellite-based covariates. This hybrid model achieved RPIQ values

comparable to the EMBxy setup in France and Taiwan, while no
improvement was observed for Italy. Although the hybrid framework
initially included both kriging-derived and ancillary predictors, the
resulting models relied primarily on the kriging estimates, indicating
that the spatial component alone captured most of the SOC variability.

4. Discussions

4.1. Constraints and drivers of bare-soil availability for satellite-based
SOC assessment

The use of multitemporal satellite imagery increases the likelihood of
capturing bare-soil conditions over croplands. However, the actual fre-
quency of bare-soil observations depends on two main factors: the
absence of cloud cover and the presence of exposed soil unaffected by
vegetation or other disturbing conditions. Major disturbing factors
include excessive soil moisture and extreme surface roughness, the latter
often observed in the days following tillage.

The most favorable period for linking soil properties with satellite
data generally occurs just after seedbed preparation, when soil rough-
ness is minimal [42]. Achieving all these ideal conditions is particularly
challenging when using automated approaches across large satellite
datasets. Several strategies have been tested to more effectively identify
exposed-soil conditions. These include selecting acquisition dates
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Validation accuracy statistics of the models for predicting organic carbon content. RMSE= root mean square error; RPIQ= ratio to interquartile range; R>=coefficient

of determination; nRMSE: normalized root mean square error.

Dataset Covariates N° N °cal Neval RPIQ RMSE R? nRMSE
ITA VI Cubist 597 477 120 1.13 0.69 0.04 0.40
EMB Cubist 597 477 120 1.54 0.51 0.46 0.29
VIxy Cubist 597 477 120 1.37 0.57 0.31 0.33
EMBxy Cubist 597 477 120 1.65 0.48 0.51 0.28
KpR-Cubist 597 477 120 1.13 0.69 0.01 0.40
ITA red VI Cubist 529 423 106 1.14 0.66 0.03 0.39
EMB Cubist 529 423 106 1.62 0.47 0.49 0.28
BS Cubist 529 423 106 1.31 0.58 0.22 0.34
VIxy Cubist 529 423 106 1.35 0.57 0.31 0.33
EMBxy Cubist 529 423 106 1.64 0.47 0.51 0.28
BSxy Cubist 529 423 106 1.55 0.49 0.44 0.29
KpR-Cubist 529 423 106 1.22 0.62 0.04 0.36
FRA VI Cubist 325 260 65 1.36 0.62 0.07 0.39
EMB Cubist 325 260 65 1.97 0.43 0.56 0.27
VIxy Cubist 325 260 65 1.68 0.51 0.41 0.32
EMBxy Cubist 325 260 65 2.06 0.41 0.60 0.26
KpR-Cubist 325 260 65 1.92 0.44 0.54 0.28
FRA_red VI Cubist 240 192 48 1.44 0.61 0.11 0.38
EMB Cubist 240 192 48 2.16 0.41 0.63 0.26
BS Cubist 240 192 48 1.60 0.55 0.28 0.35
Vixy Cubist 240 192 48 2.07 0.43 0.56 0.27
EMBxy Cubist 240 192 48 2.24 0.40 0.64 0.25
BSxy Cubist 240 192 48 2.01 0.44 0.52 0.28
KpR-Cubist 240 192 48 2.19 0.40 0.60 0.25
™ VI Cubist 1172 937 235 1.12 0.69 0.05 0.43
EMB Cubist 1180 944 236 1.34 0.57 0.30 0.36
VIxy Cubist 1172 937 235 1.29 0.60 0.28 0.38
EMBxy Cubist 1180 944 236 1.42 0.54 0.39 0.34
KpR-Cubist 1180 944 236 1.27 0.60 0.27 0.38
TW_red VI Cubist 520 416 104 1.32 0.58 0.09 0.40
EMB Cubist 520 416 104 1.39 0.55 0.23 0.38
BS Cubist 520 416 104 1.31 0.58 0.10 0.40
VIxy Cubist 520 416 104 1.35 0.56 0.16 0.38
EMBxy Cubist 520 416 104 1.44 0.54 0.27 0.37
BSxy Cubist 520 416 104 1.29 0.59 0.10 0.40
KpR-Cubist 520 416 104 1.44 0.53 0.31 0.36

corresponding to low surface roughness using NDVI trends [42]; iden-
tifying the driest conditions by extracting the 90th percentile of reflec-
tance values (R90) for each band [6] or using the Sentinel-2 Water Index
(S2WI) [43]; and computing mean or median reflectance (R50) values
[7,44-46] to reduce the influence of extreme values or potential errors.

The frequency of bare-soil observations can be quite low, particularly
when a combination of cloudy images coincides with the months when
bare-soil conditions are more common. This may explain the observed
differences in bare-soil frequency between 2020 and 2022 in Italy
(Table 2). The sampling points of the Italian dataset were collected from
agricultural areas dominated by winter wheat cultivation [47]. This
crop typically presents higher bare-soil occurrence at the end of summer
and the beginning of autumn, before the onset of the rainy season [48].
As a result, Italy showed both higher bare-soil frequency and a smaller
loss of samples in the training dataset compared to France and Taiwan
dataset. Although France and Taiwan exhibited similar percentages of
bare-soil pixels and bare-soil frequency, an extensive loss of samples was
observed only in Taiwan. For nearly half of the Taiwanese sites, fewer
than two dates showing bare-soil conditions were available. This is
likely due to the very low proportion of cloud-free images (below 20 %),
particularly along the eastern part of the island, where cloudiness is
more persistent because of frequent summer rainfall and the winter
monsoon. It should be noted that most of the soil samples collected in
Taiwan are paddy soils, which are flooded for >100 days during the
growing season. This practice drastically reduces the occurrence of
bare-soil conditions unaffected by excessive water content.

As shown in Fig. 4, although less pronounced than in Taiwan, a
noticeable reduction in usable samples is also evident in France
compared to Italy. The French dataset includes sampling areas from
distinct and geographically distant regions, characterized by different

pedoclimatic conditions. However the scarcity of bare-soil observations
in France may be attributed to the widespread adoption of soil conser-
vation practices (minimum tillage and cover crops), which maintain
ground cover for most of the year.

Therefore, based on Fig. 4 and the considerations discussed above, it
can be inferred that farm management practices can strongly influence
the occurrence of bare soil. In particular, the growing attention to soil
organic matter conservation and carbon storage, driven by the
increasing interest in Carbon Farming and the carbon credit market [49,
50], is leading to a progressively wider adoption of soil conservation
practices. Such practices, including minimum or no tillage and the use of
cover crops between main crops, enhance soil health and fertility. At the
same time, they significantly reduce the frequency of bare-soil condi-
tions and may lead to scenarios in which the soil surface is rarely, if ever,
exposed.

4.2. Spectral and vegetation-based covariates for SOC estimation:
opportunities and limitations

Even when R50 data can be retrieved, the correlation between
Sentinel-2 bands and SOC can be weak, as observed for the TW dataset
(Fig. 5). A possible explanation for these lower correlation coefficients,
especially for B1, B4, B5, B11, and B12 compared to the other two
datasets, lies in the distinct pedoclimatic conditions of Taiwan. Acrisols
are widespread across the island, particularly in the northern region.
These reddish soils can strongly mask the relationship between SOC and
spectral response, particularly in the visible and near-infrared regions
due to the spectral overlap between organic matter and iron oxide fea-
tures [51]. As a result, correlations observed for brownish soil types
occurring elsewhere in Taiwan may be confounded. Correlation
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coefficients are also weak for B1, while for B11 and B12 the relationships
are not statistically significant. This is consistent with the high sensi-
tivity of the SWIR region to soil moisture [52,53]. Considering the high
annual rainfall in Taiwan and the widespread practice of paddy field
flooding, it is reasonable to conclude that the soils are rarely dry.

The development of new approaches and methodologies becomes
crucial to implement effective SOC monitoring systems based on satellite

10

data. The three vegetation indices selected in this study have shown
good correlations with SOC in previous works [3,54-56]. However, in
our analysis, a clear and consistent correlation with SOC was observed
only for the Italian site. One possible explanation for the differences in
SOC-VIs relationships among the study areas may again lie in variations
in farm management. The less diverse crop rotations in Italy and Taiwan
may have enhanced the correlation coefficients. The Po River Plain is
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Table 5
Mean variable importance and robustness values for all covariates, calculated across 100 bootstrap iterations of the soil organic carbon models.
ITA FRA ™

Covariate set up Covariate Mean Imp. Robustness Mean Imp. Robustness Mean Imp. Robustness

VI GNDVI 100 369.8 26.8 128.4 97.1 359.9
NRDE 0 0 70.4 180.3 95.5 277.7
NDVI 4.66 9.5 98.1 232.1 0 0

BS Bl 16.7 64.6 37.0 157.4 34.8 184.5
B2 81.7 326.5 51.1 219.8 28.4 170.6
B3 83.1 342.4 32.0 149.1 97.6 584.4
B4 10.9 44.2 16.1 79.7 84.4 460.3
B5 8.1 33.0 38.2 190.5 33.5 190.6
B6 54.2 228.0 23.0 120.6 49.5 278.8
B7 62.7 266.2 25.3 134.4 75.3 413.4
B8 67.4 305.4 36.9 209.1 23.6 123.7
B8A 76.5 323.1 33.8 182.3 21.6 113.8
B11 23.1 105.8 84.4 523.9 85.0 398.8
B12 22.1 105.7 81.8 478.4 85.4 407.4

VIxy LAT 99.8 17,720.9 86.2 2874.7 91.8 3343.6
LON 44.9 315.2 85.3 176.6 86.0 23,431.9
GNDVI 26.3 91.3 6.4 30.5 53.6 169.5
NRDE 14.2 27.7 11.0 28.2 37.9 84.4
NDVI 9.8 19.1 19.4 46.0 1.0 21

BSxy Bl 5.3 20.4 12.1 51.6 34.1 181.2
B2 63.7 254.7 22.0 94.8 23.1 138.7
B3 64.2 264.4 30.0 139.7 85.1 509.2
B4 35.8 145.5 23.9 118.1 70.6 385.0
B5 19.5 79.0 48.0 239.4 28.5 162.3
B6 48.3 203.2 26.6 140.0 47.7 268.6
B7 40.7 172.6 25.2 133.7 65.5 359.7
B8 41.7 189.1 30.1 170.6 23.1 120.8
BSA 50.5 213.4 26.2 141.3 25.2 132.4
B11 34.9 160.1 46.7 289.9 72.9 342.3
B12 34.0 162.3 31.2 182.6 68.9 328.7
LAT 94.0 17,247.2 95.5 3183.6 10.6 435.7
LON 44.7 311.3 66.5 137.8 60.8 25,439.9

characterized by intensive agriculture with short rotations, while the
Taiwanese agricultural landscape is dominated by paddy soils, where
spring—summer rice is often followed by an autumn rice crop, a
dry-season crop, or a fallow period [57]. Conversely, in France, where
most soil samples were collected from farms adopting
soil-conservation-oriented management, crop rotations tend to be longer
and include greater diversity, often using cover crops. This kind of
management likely caused a flattening of the correlation between
annual mean vegetation index values and SOC content. The selected
vegetation indices generally provided the poorest predictive perfor-
mance when used as covariates in the present study. Although vegeta-
tion indices have been successfully employed in combination with other
covariates for SOC prediction in previous studies [55,56], we tested
their effectiveness in a no-bare-soil scenario. Under these conditions,
they proved unsuitable for SOC estimation across all regions of interest.
However, the variability in the importance of VI covariates across the
three datasets suggests that alternative vegetation indices could be
explored, and that their selection should be guided by the predominant
farm management practices in the area.

4.3. Integrating satellite embeddings and spatial information in SOC
modelling

The Satellite Embedding dataset generated by the AlphaEarth
Foundations model can potentially be applied to a wide range of pur-
poses, from the production of thematic maps to the estimation of bio-
physical variables or change detection [20]. However, these
applications have not yet been explored in the literature. Consequently,
in this study, we tested for the first time the capability of this dataset
(EMB covariates) for SOC prediction. Models trained using EMB cova-
riates consistently outperformed the other approaches (Fig. 6), demon-
strating their potential for SOC estimation and monitoring. Different
behaviors were observed among the three soil datasets with respect to
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the correlation between EMB covariates and SOC. This variability may
limit the generalization capability of models trained using EMB data.
The FRA and TW datasets showed significant correlations for >65 % of
the covariates; however, many of these covariates were also highly
correlated with each other. This redundancy led to a reduction in the
mean importance values within the Cubist models, particularly for FRA,
where the average mean importance was 17.4 and its distribution was
strongly skewed toward lower values.

When latitude (LAT) and longitude (LON) were included in the VI,
BS, or EMB covariate sets, average RPIQ values generally increased. To
further verify and explicitly quantify the contribution of spatial cova-
riates, we performed an additional Wilcoxon signed-rank test on paired
RPIQ values obtained from identical bootstrap iterations, comparing
model configurations with and without geographical coordinates. This
supplementary analysis confirmed that the inclusion of LAT and LON
leads to a statistically significant improvement in predictive perfor-
mance (p < 0.05), thereby supporting the relevance of spatial informa-
tion in SOC estimation. However, this improvement in predictive
performance was accompanied by greater uncertainty, as evidenced by
the wider confidence intervals shown in Fig. 6. The increased uncer-
tainty likely reflects the need to estimate additional spatial effects, as
well as potential collinearity between geographic coordinates and other
covariates. This suggests that while including spatial coordinates can
help capture geographic variability in the data, it may also introduce
additional variability in the estimates, highlighting the need to balance
predictive gain with the reliability of predictions. Nevertheless, the
Cubist models appeared to effectively cope with multicollinearity, as
their predictive performance and robustness were not noticeably
affected. However, approaches aimed at reducing the number of cova-
riates, such as PCA or minimum noise fraction feature selection [58],
could help mitigate multicollinearity in high-dimensional dataset such
as EMB. Alternatively, models that are less sensitive to multicollinearity,
such as Random Forest (RF) or Support Vector Machines (SVM), could
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be explored. Actually, RF models were also tested using the EMBxy co-
variate sets. Although the average RPIQ values were generally slightly
lower than those obtained with Cubist, the standard deviation was also
smaller and the range narrower, thereby reducing the uncertainty of the
predictions. The best Cubist models, obtained by combining the FRA_red
dataset with the EMBxy covariates, yielded RPIQ values between 0.91
and 2.76, with a standard deviation of 0.26 (mean value 2.24) (Fig. 6).
Using Random Forest, the corresponding maximum and minimum RPIQ
values were 2.49 and 1.77 (mean 2.21), with a standard deviation of
0.14. Similarly, for ITA red, RF was able to reduce the uncertainty;
however, in this case, the mean RPIQ decreased from 1.63 for the Cubist
models to 1.51 using RF.

The consistently high mean importance values of the two spatial
covariates confirm the presence of spatial autocorrelation in SOC. For
the FRA dataset, LAT and LON show similar importance (Table 5),
whereas for ITA, LAT is generally more influential than LON, and the
opposite trend was observed for TW.

In Taiwan, the higher importance of LON likely reflects the strong
pedoclimatic and geological gradient extending from the coastal plains
to the central mountainous area. Compared with upland fields, paddy
soils are mostly subjected to alternating oxidation-reduction conditions
during the rice-growing period, leading to differences in soil organic
matter decomposition rates between the two land uses [59]. In addition,
Xie et al. [60] also indicated that the SOC content in paddy soils was
higher than that in upland soils. Conversely, in the Italian region, the
topographic and geological gradient runs from the Po riverbed toward
the surrounding hilly areas to the south and north; given that the Po
River flows west to east, this could explain the stronger contribution of
LAT in the models as compared to LON.

Traditional geostatistical approaches such as ordinary kriging can
effectively map soil properties when significant spatial autocorrelation
is present. However, these models are inherently static: they predict
target values at unsampled locations under the assumption that spatial
relationships remain stable over time. In highly dynamic and anthrop-
ized environments such as croplands, the spatial structure of SOC may
change due to land use modifications and variations in farming
practices.

In this regard, hybrid approaches combining geostatistical models
with satellite-based covariates can better integrate spatial structure with
temporally dynamic EO information [5,37], such as regression kriging
[61], linear mixed-effects models [6], or more recently the KpR
approach [12].

In all KpR-Cubist model configurations tested here, the kriging-
predicted values entirely dominated the deterministic component of
the Cubist regression. Consequently, they accounted for 100 % of the
variable importance, irrespective of the satellite-based covariates used
(EMB, VI, or BS). Consequently, all satellite-derived covariates had zero
importance and did not contribute to the model predictions, resulting in
identical outcomes across all covariate combinations and a very small
variance of RPIQ values across the bootstrap iterations (Fig. 6).
Although this narrow confidence interval could be interpreted as indi-
cating low predictive uncertainty, the failure to exploit satellite-derived
information suggests that the model effectively behaved as a purely
spatial model rather than a truly hybrid one. As a result, it exhibits a
static behavior similar to that of purely geostatistical approaches.

4.4. Modelling strategies and implications for operational SOC monitoring

In this study, we employed global models, i.e., models trained on the
entire dataset, although data were split into training and testing subsets.
However, for large datasets encompassing different pedoclimatic re-
gions, localized modeling approaches could enhance prediction perfor-
mance by subsetting the data according to spectral similarity,
geographical proximity, soil type, or a combination of these factors [46,
62,63]. For instance, Tziolas et al. [46] observed an increase from 1.55
to 2.05 when adopting a localized approach that integrated spatial
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proximity and spectral similarity.

The RPIQ values reported in the present work were derived from a
bootstrapping procedure and represent the expected level of prediction
accuracy. For the FRA dataset, the average validation RPIQ using EMB
covariates consistently exceeded 2, whereas for ITA and TW the best
models achieved RPIQ values of 1.64 and 1.44, respectively. A possible
explanation for the lower accuracy obtained for the TW dataset could be
the sampling strategy, which was not designed to link ground truth data
with satellite pixels, but rather to characterize the average SOC value
within the small sampled fields.

Although validation accuracy for ITA and TW was not fully satis-
factory, it is important to emphasize that the primary goal of this study
was to compare satellite-based approaches for SOC estimation, identi-
fying the most promising covariates within the framework of a SOC
monitoring system. Considering the high heterogeneity of the datasets
analyzed, localized modeling strategies, combined with models less
sensitive to multicollinearity and capable of accounting for spatial
structure, could further improve the estimates derived from EMB
covariates.

5. Conclusions

Our results show that bare-soil availability is strongly limited by
climatic and management factors, especially cloud cover, vegetation
persistence, and the widespread adoption of cover cropping and no-
tillage. These constraints highlight the need for new EO frameworks
that integrate multi-temporal and multi-source data to overcome the
reduced occurrence of exposed soil.

In this context, the study demonstrates that reliable SOC estimation
is possible even under limited bare-soil conditions when advanced
remote sensing and modeling techniques are applied. Among the tested
approaches, the deep-learning Satellite Embeddings, tested here for the
first time for this purpose, achieved the best performance across all three
regions of interest, effectively capturing spectral-spatial patterns related
to SOC even under vegetation cover. The hybrid KpR-Cubist model
achieved comparable accuracy, confirming the benefit of incorporating
spatial dependence into predictive frameworks, however a too strong
dependence on spatial covariates could affect the model generalization.

Overall, these findings provide clear evidence that SOC assessment in
conservation-oriented agroecosystems is feasible without relying
exclusively on bare-soil imagery. Combining Al-based image represen-
tations with spatially informed models offers a robust pathway to track
SOC dynamics across modern croplands.

For operational applications, it is crucial to ensure that soil sampling
was congruent with the spatial resolution of the satellite data used.
Proper alignment between the sampling area and pixel size enhances
model reliability and prevents spurious predictions. Furthermore, when
spatial autocorrelation of SOC is detected, incorporating spatially
informed models can improve predictive accuracy and generalization,
complementing the information provided by remote sensing covariates.

Future research should prioritize temporal monitoring of SOC
changes, evaluate the transferability of these approaches across addi-
tional agricultural contexts, and explore their integration into opera-
tional frameworks for soil carbon accounting and climate-smart land
management.
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