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ARTICLE INFO ABSTRACT

Handling Editor: Brandon Heung Soil organic carbon (SOC) is a key indicator of soil health on croplands, as well as a potential lever for
carbon sequestration in agriculture. This requires tools for understanding spatial and temporal variations in
SOC content. Multispectral satellites provide data on bare soil reflectance which is influenced by SOC content.
In this study, an extensive database of 34,418 soil analyses on 22,850 fields is leveraged to train a Machine-
Learning model for SOC content prediction. The predictive covariates are derived from a bare soil composite

Keywords:
Soil organic carbon
Optical remote sensing

;Zis}fxf_ilec:ming of Sentinel-2 images over the Walloon region (Belgium) obtained from March to June over a three-year period
Soil health (2019-2021) as well as some environmental covariates. We observe that multispectral data is complementary
to environmental covariates for explaining spatial variability in SOC content. Through feature elimination
relevant spectral features were identified: the normalized difference of band 3 (Green) and 2 (Blue); band 5
(Red-Edge) and 11 (SWIR1); band 11 (SWIR1) and 12 (SWIR2) and the reflectance in band 4 (Red). These
spectral indices were combined with three environmental covariates: elevation, the agro-ecological zone and
the fine fraction (< 20pm) content. The resulting model predicts SOC content at field-level with an RMSE of
2.7 g C kg~! and an R? of 0.56. Given this uncertainty, we conclude that multispectral data is insufficient for
SOC content monitoring at parcel-level but is a tool to consider for SOC content mapping. The SOC content
map can be used for regional SOC content estimates, after modeling the autocorrelation of the model errors.
This offers the possibility to compare groups with different management practices or assess the average SOC
content of fields in a soil conservation program compared to a regional baseline.

1. Introduction to accurately monitor carbon dynamics in croplands, in space and time,
and at a spatial resolution equal to or smaller than agricultural parcels
The soil is a valuable natural resource that plays a central role in to differentiate between fields with different management practices.
ecosystem functioning, as the place where atmosphere, biosphere and Besides, knowledge on the natural variation of SOC content in crop-
hydrosphere interact. Soil organic matter (SOM) plays a key role in this lands is relevant to define regional baselines which allow to evaluate
respect, influencing infiltration capacity, water retention, soil structure, the effectiveness of agricultural practices for increasing SOC content

nutrient availability, and soil aeration. (Lugato et al., 2014; Viscarra Rossel et al., 2014).

Conversion of natural vegetation to croplands typically causes a
reduction in organic matter (Guo and Gifford, 2002). Soils under
intensive agriculture are at risk of further losing organic matter, causing
land degradation. Therefore, policymakers are interested in incen-
tivizing land users to increase Soil Organic Carbon (SOC) levels with
dedicated agricultural practices. Specifically in the European Union,
this is reflected in the proposed ‘Soil Monitoring Law’ (European
Commission, 2023). On the other hand, in the context of climate change
mitigation, agricultural soils are identified as a potential carbon sink
(Lal, 2018). Initiatives to reward farmers for carbon sequestration in
the voluntary carbon market are being set up, referred to as ‘carbon
farming’ (Johansson et al., 2024). This requires developing the capacity precision when mapping SOC content (Zhou et al., 2022). Data on

The current standard for mapping soil properties is using the rela-
tion between soil-forming factors and the soil property. This approach
is referred to as digital soil mapping (DSM) (McBratney et al., 2003).
In the Walloon Region (Belgium), DSM allowed to map the SOC stocks
in croplands and grasslands at a spatial resolution of 40 m with an R?
of 0.64 (Chartin et al., 2017). However, agricultural practices which
impact the carbon balance are often not reflected in these models.
These management decisions are made at the parcel level and can
induce changes in SOC between fields in the same environmental
conditions. Models that include management variables allow for higher
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these management practices are not readily available and not stan-
dardized over larger areas. This is an information gap that could be
addressed through the use of earth observation to obtain harmonized
information on crop rotation, presence of cover crops and residues for
example d’Andrimont et al. (2021), Fendrich et al. (2023) and Hively
et al. (2018).

As an alternative to mapping SOC content through its correlation
with soil-forming factors, SOC content may directly be estimated from
the reflectance signal of bare soil, following the principles of soil
spectroscopy. Soil spectroscopy has emerged as a more affordable, non-
destructive alternative to chemical soil analysis. Soil properties can
be estimated from the reflectance signature of the soil due to the
relation between soil components and the reflectance in the visible
(Vis), Near-Infrared (NIR) and Short-Wave-Infrared (SWIR) range of the
electro-magnetic spectrum. This has been well established for spectra
measured in laboratory conditions, using hyperspectral measurements
on dried and crushed samples (Stenberg et al., 2010). Organic material
is known to decrease the albedo of the soil and specifically affect
absorption in the SWIR range of the spectrum. This allows to estimate
SOC content using Vis-NIR spectroscopy (Nocita et al., 2013; Stevens
et al.,, 2013, 2008). Soil spectroscopy builds on spectral libraries to
train predictive models. At the European scale, a local Partial Least
Squares Regression (PLSR) model allowed to estimate carbon content
on croplands with an RMSE of 3.6 g C kg™! and an R? of 0.84 (Nocita
et al., 2014). A PLSR model trained on a Walloon database predicts SOC
contents with an RMSE of 3.2 g C kg~! (Castaldi et al., 2018).

Since satellites with optical sensors measure reflectance with wide
coverage and high spatial and temporal resolution, this creates an
opportunity for estimating soil properties over large areas. Under the
European Copernicus program, the Sentinel-2 mission provides data
that can be exploited for SOC content mapping. Previous research
has led to methods for extracting bare soil pixels with minimized
disturbance from high soil moisture and crop residues by filtering on
spectral indices (Dematté et al., 2018; Dvorakova et al., 2021; Rogge
et al., 2018). To increase the coverage of the map, multiple observation
dates are combined into a multitemporal bare soil composite (Castaldi
et al., 2019; Dvorakova et al., 2020, 2021, 2023; Shi et al., 2022; Zepp
et al., 2021). Different approaches have been developed which differ
in the spectral indices used for masking and their thresholds (Dematté
et al.,, 2018; Heiden et al., 2022; Rogge et al., 2018). Vegetation is
masked using a threshold on the Normalized Difference Vegetation In-
dex (NDVI). Yet soil moisture content, crop residues, surface roughness
and soil crusts all impact the reflectance spectrum and different filters
to mask affected pixels can be used. Dvorakova et al. (2021) show that
selecting soils in seedbed conditions strongly improves the model but
reduces data availability. Methods for obtaining a bare soil composite
should also be adapted to the study area, since the soil type affects
the optimal threshold values (Broeg et al., 2024; Heiden et al., 2022).
Correcting for potential soil moisture effects by including Sentinel-1
derived soil moisture products as covariates did not allow to improve
model performance in France (Urbina-Salazar et al., 2021).

Statistical models then need to be trained on the reflectance values
of the bare soil composite. PLSR, being a popular method in soil
spectroscopy, has also been applied to multispectral data (Dvorakova
et al., 2021). It assumes linear relationships and is designed for data
with many correlated features. PLSR is thus rather suited for hyper-
spectral data than for multispectral data. Machine learning techniques,
such as random forests have also been applied (Breiman, 2001; Heil
et al., 2022; Urbina-Salazar et al., 2023; Zepp et al., 2021). These are
powerful tools to model complex relationships and also allow to make
model-free estimates of uncertainty with the use of quantile regression
approaches (Meinshausen and Ridgeway, 2006; Urbina-Salazar et al.,
2023; Vaysse and Lagacherie, 2017). These flexible machine learning
algorithms, however, require larger amounts of training data compared
to PLSR and are less straightforward to interpret. Other approaches
used for soil property prediction include cubist regression, support
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vector machines and neural networks (Biney et al., 2021; Mzid et al.,
2022; Samarinas et al., 2023; Tziolas et al., 2024; ZiZala et al., 2019).

A recurring challenge for calibrating models for SOC prediction
is the skewed distribution of SOC contents in croplands making high
SOC values lacking in the training data. As a consequence, high SOC
values tend to be underestimated by models, also indicating that the
signal-to-noise ratio is small (Broeg et al., 2024; Samarinas et al., 2023;
Urbina-Salazar et al., 2023). Therefore, the study area can strongly
influence model performance. SOC mapping works best in areas where
there is enough SOC variability, yet low variability in confounding
factors (Chabrillat et al., 2019; Vaudour et al., 2022). Usually, single
models over large areas perform poorly and local regression techniques
or ensemble models allow to adapt to different local conditions in the
study area (Broeg et al., 2024; Nocita et al., 2014; Stevens et al., 2013;
Viscarra Rossel et al., 2024). For example at the European scale, a
model on Landsat imagery only achieves an R? of 0.06 (RMSE = 16.8 g
C kg™1), the more recent WorldSoils map based on Sentinel-2 imagery
reports an R” of 0.41 (yet with RMSE = 18.07 g C kg~1) (Safanelli et al.,
2020; van Wesemael et al., 2024).

Interpretation of the prediction models has been lacking in previous
studies (Broeg et al., 2024; Dvorakova et al., 2023; Urbina-Salazar
et al., 2023; van Wesemael et al., 2024). Most models using Sentinel-
2 data either use only the 10 reflectance bands as predictors or a
larger set of spectral indices in a ‘black-box’ model. Feature selection
algorithms can be used to select a limited number of predictive features
among many possible spectral indices, thereby facilitating interpre-
tation, however requiring a large amount of data. When combining
this with techniques for the interpretation of machine-learning models,
an in-depth interpretation of the SOC prediction model can be done
(Wadoux et al., 2023; Wadoux and Molnar, 2022). Understanding the
model helps to avoid overfitting or the inclusion of covariates without
a physical relation with SOC content (Wadoux et al., 2020).

SOC content maps can have applications at different spatial sup-
ports and be used either for monitoring, when explaining temporal
variability, or for mapping, when explaining spatial variability. Bare
soil composites are sometimes presented as a tool for parcel-level, SOC
content monitoring. However, it is not clear whether the accuracy
is sufficient. There is a trade-off between the spatial resolution and
precision, where spatial aggregation reduces the variance of the SOC
content estimate (Padarian and McBratney, 2023). Spatial averages
can also be useful to reduce sampling needs for regional SOC content
monitoring or to set regional SOC content baselines (Wadoux et al.,
2024). The value of multispectral bare soil composites for regional
applications is however still unclear.

In this study, three objectives are addressed over a heterogeneous
study area of 16 000 km?, i.e. the Walloon Region (Southern part of
Belgium):

i. Identify spectral features that are important for SOC content
prediction and understand the physical explanation for their
importance.

ii. Assess the value of a bare soil composite for SOC content map-
ping and/or monitoring in the Walloon region at parcel-level.

iii. Assess the precision of spatial averages derived from parcel-level
predictions.

2. Materials and methods
2.1. Study area

The Walloon region in southern Belgium covers about 16,900 km?,
nearly half of which is devoted to agriculture. The physical environ-
ment changes noticeably from north to south: in the lowland areas
north of the Sambre and Meuse rivers, sandy loam and silty soils
support intensive crop production, while the southern uplands are
cooler and wetter, with shallow, stony soils that favor grassland, forests,
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Table 1
Spectral bands of the Multispectral Imager aboard the Sentinel-2 satellites.
Source: sentiwiki.copernicus.eu.

Band number Spectral range® (nm) Spatial resolution (m)

2-Blue 460-525 10
3-Green 543-578 10
4-Red 650-680 10
5-Red-Edge 697-711 20
6-Red-Edge 733-748 20
7-Red-Edge 773-792 20
8A-Red-Edge 854-875 20
8-Near-Infrared 780-885 10
11-Short-Wave Infrared 1 1568-1659 20
12-Short-Wave Infrared 2 2110-2290 20

a Spectral ranges are approximate.

and extensive cattle raising. Soil types also vary across the region,
ranging from Haplic Luvisols in the north to Distric Cambisols in the
south, with Fluvisols along the valley bottoms (Chartin et al., 2017).
Based on these natural and agronomic conditions, Wallonia is divided
into ten agricultural regions, reflecting the gradient of soils, climate,
and land use across the landscape (Goidts and van Wesemael, 2007).

2.2. Sentinel-2 bare soil composite

Bare soil composites were generated from multispectral Sentinel-2
images for a period of three years (2019, 2020, 2021), using the Google
Earth Engine platform. Images acquired between March 1st up to June
30th, with a cloud coverage smaller than 50%, were selected. This
reduces errors from atmospheric correction, which are more prevalent
in cloudy images, and excludes winter images which tend to have
higher soil moisture, higher solar zenith angle and higher soil rough-
ness (Vaudour et al., 2019). Pixels with a cloud probability larger
than 10%, assessed by the s2cloudless algorithm, were masked (Skakun
et al., 2022). Cloud shadows were masked by applying a filter to pixels
with reflectance below 0.15 in Band 8 (NIR), located within 1 km
of a cloud pixel and positioned opposite to the mean solar azimuth
angle (Google Earth Engine Developers, 2025).

On the resulting images, pixels with an NDVI smaller than 0.25 and
an NBR2 smaller than 0.05 were identified as bare soil. These thresh-
olds are based on field observations in the Walloon region (Dvorakova
et al., 2023). The bare soil multispectral composite was then calculated
as the median bare soil reflectance value for each band, in each pixel.
Pixels in the composite that were calculated based on a single image
were also masked in the final composite. Bands 2, 3, 4, 5, 6, 7, 8, 8A,
11 and 12 were retained in the bare soil composite (Table 1).

Since SOC data was available at field level, the bare soil reflectance
was aggregated by field using the Land Parcel Information System
(LPIS) of 2020. A buffer of 20 m around the field borders was applied
to reduce edge effects. If more than 80% of the remaining surface was
covered by the bare soil composite, the composite pixels inside the field
were averaged to obtain the average bare soil reflectance of that field,
for each of the 10 spectral bands.

2.3. Soil data

SOC content data from a database of routine soil analyses were used
to train and validate SOC prediction models. The dataset was provided
by the Belgian REQUASUD network of soil laboratories, providing soil
fertility analyses to farmers. A dataset of 34,418 geolocated samples
was available over the period 2018-2021 on croplands. The soil map of
Belgium was used by REQUASUD to assess the homogeneity of a parcel.
In homogeneous fields, 1 composite sample was acquired, while in het-
erogeneous fields different samples were acquired, each representing
a homogeneous zone. At the time of sampling, GPS coordinates were
recorded in the area where the sample was collected. Representative
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samples of the parcel were obtained through systematic sampling of
5 points in an approximate W-shape covering the parcel and mixing
these to a composite sample. Sampling was done to a depth of 25 cm.
SOC content was analyzed using either the Springer Klee method or the
dry combustion method. The dataset has been described by Zhou et al.
(2022).

The coordinates of the samples analyzed between 2018 and 2021
were compared to the field delineations the LPIS of 2020. Within this
4-year period no large changes in SOC content are expected. Comparing
the location of the samples to the LPIS, resulted in 22,850 fields with at
least one SOC measurement. Fields with multiple measurements and a
SOC range larger than 5 g C kg~! were removed. These differences may
be due to within field heterogeneity. For the other fields the SOC con-
tent was estimated by the average of the available samples, if there was
more than 1 sample available. Fields smaller than 1 ha were excluded
because boundary effects strongly affect the soil reflectance for small
fields. This resulted in a dataset of 16,258 fields with a SOC estimate
(Fig. 1). From 16,258 fields with measured SOC content, 14,173 fields
were represented in the bare soil composite. The other fields have either
not been bare in the period 2019 to 2021 or cloud coverage hindered
their observation. The 14,173 fields were partitioned into a calibration
set and a validation set using a random 80/20 split, producing 11,318
fields for calibration and model comparison (calibration set) and 2855
fields for validation (validation set) (Fig. 1).

2.4. Geospatial covariates

Four geospatial covariates were used additionally to the spectral
predictors: agro-ecological zones, the fine fraction content (<20 pm),
elevation and the topographic wetness index. These four variables are
expected to reflect variability in soil type, dominant cropping system,
soil texture, average temperature, precipitation and local topography.
With these covariates the scorpan factors are covered while avoiding
model complexity and risk of overfitting (McBratney et al., 2003).
Elevation is correlated to climatic variables (temperature and precipita-
tion) in this area and thus for simplicity temperature and precipitation
were not included (Chartin et al., 2017). AEZs were used to encode
for both soil type and differences in agricultural practices and thus
anthropogenic factors. With this selection of covariates a balance in
the complexity between the two approaches (DSM and spectral) is
pursued. Despite the high number of spectral features, they are strongly
correlated. There would then be a risk in comparing this approach to a
DSM model with a large set of less correlated covariates which may
perform well due to overfitting. The source and processing of each
covariate is explained in the following sections.

2.4.1. Agro-ecological zones (AEZs)

The AEZs were derived from the official ten agricultural regions
of the Walloon region (wallex.wallonie.be). Since some areas have a
low occurrence of croplands, the original agricultural regions were
regrouped, combining regions according to similarity in soil types, to
ensure sufficient samples in each zone. The resulting AEZs are shown
in Fig. 2.

2.4.2. Estimated content of the fine soil fraction (<20 pm)

A map of the fine soil fraction is available on the data portal of the
Walloon region (geoportail.wallonie.be) at a spatial resolution of 50 m.
This data was obtained using regression kriging of 6129 historical soil
profiles from the Belgian AardeWerk database (Chartin et al., 2017).
The layer has been a significant predictor for mapping SOC stocks in a
DSM model (Chartin et al., 2017). For each parcel the average content
was derived as the average pixel value inside the polygon.

2.4.3. Elevation
The average elevation of the parcels in the LPIS 2020 was derived
from the FABDEM global digital elevation model (Hawker et al., 2022).


https://sentiwiki.copernicus.eu/web/s2-mission#S2Mission-SpectralResolutionS2-Mission-Spectral-Resolution
https://wallex.wallonie.be/eli/arrete/2016/11/24/2016027320/2016/12/16
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Fig. 1. Schematic representation of the data cleaning and splitting, combining spectral data and soil analyses for calibration and validation of Soil Organic Carbon

content prediction models. Acronyms: LPIS, Land Parcel Information System.
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Fig. 2. Agro-ecological zones (AEZs) obtained by regrouping the agricultural regions of Belgium for the Walloon region.

2.4.4. Topographic Wetness Index (TWI)

The TWI was calculated according to Eq. (1), where a is the local
upslope contributing area and b the local slope in radians (Beven and
Kirby, 1979). Consequently, the TWI was averaged per parcel.

@

TWI =1n -2
tan b

2.5. Model comparison

Prediction models were estimated using the Random Forest (RF)
regression model accessible in the scikit-learn package for Python (Pe-
dregosa et al., 2011). RF regression models consist of an ensemble of
regression trees, making the model more robust to overfitting (Breiman,
2001).

To assess the value of Sentinel-2 bare soil spectra for mapping
SOC contents, models based on three distinct sets of predictors were
compared. The first set (SPEC) consists of the variables derived from
the bare soil composite. This includes the reflectance in each of the
10 bands mentioned in Table 1. Additionally, 90 spectral indices were
considered. These indices were the average reflectance (Eq. (2)) and
normalized difference (Eq. (3)) of all pairwise combinations of the 10
spectral bands. On the resulting set of 100 predictors, recursive feature
elimination (RFE) was performed in each fold of cross-validation to
select ten features for fitting the model. RFE is an iterative process
where at each step, the features with smallest feature importance are
removed starting from the full model. To save computational resources,
the RFE algorithm was implemented to remove the 20 least informative
features per step until selecting 20 features. From these 20 features,
RFE was applied to remove one feature per step until ten features were

selected. An exploratory analysis proved that the reduction in R? from
the full model to a model with ten features was not significant.

pitp;
Pairwise average (avg) = % 2)
R . Pi—Pj
Normalized dif ference (ND) = —— 3)
pitp;

The second set of predictors (GEO) consisted of the four geospatial
covariates: the average elevation of the field, the average TWI, the
AEZ and the average fine fraction (<20 pm) content. The AEZ was
encoded using simple target encoding (Pargent et al., 2022). The third
set of predictors (SPEC+GEQ) was obtained by combining the spec-
tral variables and environmental covariates, resulting in 104 features.
Therefore, the same RFE protocol was applied to select ten features.
For the SPEC and SPEC+GEO models, RFE was included in the cross-
validation procedure. The number of folds in which a feature was
selected, was then used to select a limited set of important features
for a more parsimonious model. This model was then evaluated on
the validation set of 2855 observations and used for mapping, and will
therefor be referred to as MODEL_MAP.

The models were evaluated by five-fold cross-validation on the
training set. For each fold, the R? and Root Mean Square Error (RMSE)
were calculated on the held-out data, on the observed SOC content
(SOC,), predicted SOC content (SOCP) and the number of observations
in the subset (N) (Egs. (4) and (5)). For each fold, the R? and RMSE
were calculated for the entire held out subset set as well as separately
per region as illustrated in Fig. 3.

. Y (S0C, - SOC,) @
(SoC, — SOC,)?

SOC, — SOC,)?
RMSE:VZ(OTP) (5)

R =
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Fig. 3. Schematic representation of the 5-fold cross-validation, where for each fold metrics are calculated on the complete held-out set as well as for each
Agro-ecological zone (AEZ). The colored squares depict the calibration data, the test set varies for each fold as indicated by the black borders.

The hyperparameters max_samples and max_features were kept con-
sistent across models to enable a fair comparison between the models.
Specifically, the fraction of features considered at each split
max_features was fixed at 20%, ensuring consistency despite differences
in the total number of available predictors. The choice of setting
max_samples to 20% was similarly pragmatic and served to maintain
an effective level of bootstrap aggregation (“bagging”) among the
parallel regression trees. The number of estimators was set to 100.
A randomized grid-search hyperparameter optimization did not lead
to significant improvements in model performance. Other hyperpa-
rameters were set to their default values in the RandomForestRegressor
function.

2.6. Validation

The validation was done by calculating the R?, RMSE, RPIQ (Ratio
of performance to inter-quartile distance) and bias over the validation
set for the MODEL_MAP. The validation metrics were also calculated
separately for each region to evaluate the applicability of the model
at smaller scale. The RPIQ was calculated as the ratio of the RMSE on
the validation set to the interquartile range (IQR) of the validation set
(Eq. (6)), the bias as calculated as the mean of the observed residuals
(Eq. (7).

RPIQ = Rl’; ’RQ ®)
S0C, - SOC
Bias = 250C~50G) @

N

2.7. Model interpretation

To interpret the importance and contribution of the selected features
in the MODEL MAP, SHapley Additive exPlanations (SHAP) values
were calculated using the SHAP package in Python (Lundberg et al.,
2020). SHAP values are based on cooperative game theory and rep-
resent the contribution of each feature to the prediction for each
observation. The sum of the SHAP values for each feature for a given
prediction give the deviation of the prediction to the global mean. The
SHAP values of five selected fields were visualized to interprete the
contribution of spectral and geographical features to the predictions.
The relation between each feature and its SHAP value was visualized
using dependence plots.

2.8. Uncertainty estimation

The uncertainty of the predictions was assessed by fitting a quan-
tile regression forest (QRF) using the selected features after cross-
validation. QRFs are a modification of random forests that allow to
estimate the conditional distribution of the dependent variable (Mein-
shausen and Ridgeway, 2006). The sklearn_quantile v0.0.29 package
for Python was used to fit the QRF models. The quantiles were validated
calculating the Quantile Coverage Probability (QCP), the proportion of
observation in the test data below each estimated quantile, on the test
data. Prediction intervals at level 30%, 40%, 50%, 60%, 70%, 80% and
90% were validated on the test set by calculating the Prediction Interval
Coverage Probability (PICP), i.e. the percentage of observations in the
test set that are within the calculated prediction interval at each PI
level. The PICP was used to assess the validity of the uncertainty in-
tervals while the QCP was used to detect asymmetry in the uncertainty
estimation (Tian et al., 2024).

2.9. Spatial averages and uncertainty

The value of the obtained SOC content map for regional monitoring
was assessed by estimating the average SOC content and its uncertainty
for five soil regions, proposed for soil monitoring, in the Walloon
region. These regions were defined to represent homogeneous areas
in terms of soil properties in the context of the upcoming EU ‘Soil
Monitoring Law’ (European Commission, 2023). The five soil regions
show strong similarities to the previously defined AEZs (Fig. 2).

The standard error of the predictions was estimated as the standard
deviation of 1000 simulations from the conditional distribution of a
prediction using the ranger package in R (Wright et al., 2024). The
package allows to simulate values from the conditional distribution,
estimated by the QRF model, of the predictions through the predict
function, passing what = function(x) sample(x, 1000, re-
place=TRUE). Consequently the residuals of the validation dataset
were standardized by dividing them by the standard error of the
predictions. A variogram model was then fitted to the standardized
residuals using the gstat package in R (Griler et al., 2016; Pebesma,
2004). Finally, the standard error of the spatial average is estimated
by monte-carlo integration. For each of the five soil regions, 10,000
random pairs of fields are drawn, with replacement. For each pair,
the correlation of the standardized residuals is calculated using the
variogram model, and multiplied with both standard errors of the
predictions of both fields, resulting in a covariance estimate. Finally,
the standard error of the spatial average is estimated as the mean of
the 10,000 covariances (Wadoux and Heuvelink, 2023).
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Fig. 4. Distribution of the Soil Organic Carbon (SOC) content in calibration
and validation set.

3. Results
3.1. Descriptive statistics

The calibration data has a mean SOC content of 13.17 g C kg~!
with a standard deviation of 4.62 g C kg~!. The random split ensured a
similar SOC content distribution in the calibration and validation data
(Fig. 4). Furthermore, we can assume that SOC content at parcel-level
remains stable during the three years included in the dataset. This is
supported by data from 30 fields that were analyzed in 2018 and 2021,
for which the mean absolute difference in SOC content was 0.71 g C
kg1, yet the mean difference between both years is 0.006 g C kg1
suggesting that the difference in SOC content between years is mostly
influenced by random error in the measurements.

3.2. Model comparison

The range of R?> and RMSE values for the three different models in
cross-validation are given in Fig. 5. The figure visualizes the perfor-
mance of the three sets of predictors, on the entire training dataset,
as well as the R? (Fig. 5(a)) and RMSE (Fig. 5(b)) when evaluating the
same models separately on the Loam Belt and the Condroz regions. The
SPEC+GEO model, evaluated over the Walloon region, results in R? =
0.57-0.64 and RMSE = 2.65-2.96 g C kg~!. The SPEC model reaches
R? = 0.35-0.44 and RMSE = 3.19-3.63 g C kg~1, while the GEO model
reaches R? = 0.45-0.53 and RMSE = 3.06-3.34 g C kg~!. For the Loam
Belt the GEO model yields an R?> of 0.04-0.07, the SPEC model has
R? of —0.04-0.1, while the SPEC+GEO model yields R?> = 0.25-0.31.
In the Condroz region, the R? ranges are 0.02-0.06, 0.13-0.28 and
0.31-0.37 for the GEO, SPEC and SPEC+GEO model respectively. Since
RFE was applied for each fold in cross-validation, each fold can result
in a different set of selected features. The frequency of selection across
folds is shown in Table 2, only the most frequently selected features are
shown.

3.3. Validation and interpretation

Considering the results of the model comparison and feature selec-
tion algorithm, a set of features is selected for calibrating a Random
Forest model that is then validated on the validation dataset, this model
is referred to as MODEL_MAP. The selected features are:
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Table 2

Selection frequency of the most selected features in cross-validation for the
model with spectral features (SPEC) and the model with spectral and environ-
mental features (SPEC+GEO). Acronyms: AEZ: Agro-Ecological Zone, NDBXBY
denotes the normalized difference of bands X and Y.

Feature Selection frequency Selection frequency
(SPEC) (SPEC + GEO)
Fine fraction content - 100%
Elevation - 100%
AEZ - 100%
NDB5B11 100% 100%
NDB11B12 100% 100%
NDB2B3 100% 100%
B4 80% 100%
NDB4B11 60% 40%
NDB3B11 80% 40%
B3 80% 0%
NDB6B11 60% 0%
B12 60% 0%
NDB8AB11 60% 0%
Table 3
Validation metrics by AEZ of MODEL_MAP.
Validation Samples in R? RMSE (g C  Bias RPIQ
dataset validation data kg™ (g Ckg™H
All 2854 0.56 2.72 -0.09 1.10
Limoneuse 1946 0.26 2.56 -0.07 0.95
Condroz 395 0.36 2.76 0.03 1.45
Fagnes-Famenne 74 0.35 4.30 —-0.30 1.57
Ardennes 36 0.27 5.28 1.07 1.94
* AEZ

« Fine fraction content
« Elevation

« NDB2B3

» NDB11B12 (=NBR2)
» NDB5B11

- B4

For model interpration, NDB2B3 and NDB5B11 are multiplied by
-1, to obtain NDB3B2 and NDB11BS5 since having positive values for
the spectral indices makes them easier to interpret. The performance
of this model on the test set is shown in Fig. 6. The model yiels R? =
0.56, RMSE = 2.72 g C kg~! and RPIQ = 1.11. The color of the points
shows the corresponding AEZ. A more elaborate validation is shown in
Table 3, with performance metrics of the model within the largest AEZs
to evaluate its local performances. The model is consequently used for
mapping SOC over all parcels in the Walloon region.

Using QRF, prediction intervals were calculated at different levels
(30%, 40%, 50%, 60%, 70%, 80% and 90%). The PICP, calculated on
the test set, is visualized in Fig. 7(a). Points above the 1:1 line indicate
there is a conservative estimation of uncertainty, while points below
the 1:1 line indicate an underestimation of uncertainty. The QCP is a
validation of the estimated quantiles and allows to detect asymmetry in
the interval coverage (Fig. 7(b)). Points above the 1:1 are an indication
that quantiles are overestimated.

The SOC content estimations are shown for an area in the Limoneuse
region in Fig. 8. Fig. 8(a) shows the SOC content predictions and associ-
ated uncertainty (PIR) of a model with the three geographic covariates.
Fig. 8(b) shows the predictions of a model with the four selected
spectral indices, and Fig. 8(c) shows the predictions of MODEL_MAP.
The complete SOC content map is shown in Fig. 9. For five parcels,
selected to cover different contexts, waterfall plots show the SHAP
value for each variable. A large SHAP value means that this variable has
a large contribution in explaining the deviation of the predicted SOC
content from the global mean. Adding all SHAP values for a prediction
with the global mean results in the predicted SOC content. Fig. 10 gives
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Fig. 5. Comparison of the R? (a) and RMSE (b) for three models trained on different sets of features: spectral features (SPEC), environmental features (GEO),

and combined features (SPEC+GEOQ) in 5-fold cross-validation.

the SHAP partial dependence plot, showing the SHAP value of each
variable in relation to the value of the variable.

3.4. Spatial aggregation

An exponential variogram model was fitted to the standardized
residuals of the validation set. The fitted variogram model has the
following parameters; nugget: 0.43, sill: 0.78 and range: 679 m (Fig.
11). The result of Monte Carlo integration of the variance of the spatial
averages for five soil regions is shown in Table 4. This table shows the

average SOC content per soil region and its standard error for each soil
region, together with the number of parcels in each soil region and the
average standard error of the predictions at parcel-level.

4. Discussion

4.1. Model comparison

The results of model comparison show that both spectral and ge-
ographic covariates are relevant to explain SOC content variation in
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Fig. 6. Predicted SOC content vs. observed SOC content in the test data for the MODEL_MAP.

Estimates and standard error of the average Soil Organic Carbon (SOC) content for soil regions.

Soil region Nr. of parcels Parcel-level

Avg. Std. error (g C kg™!)

Aggregated level

50C,,; (g C kg™") Std. error (g C kg™!)

Loam belt 56,404 2.83 12.64 0.004
Condroz 7756 3.35 15.16 0.011
Fagnes-Famenne 2888 5.26 18.80 0.046
Ardennes 5306 6.89 30.02 0.029
Jurassique 1135 6.10 17.01 0.138

the Walloon region. Based on cross-validation results over the Walloon

1.0 region, the combined model (SPEC+GEO, R?*: 0.57-0.64 and RMSE:

B 2.65-2.96 g C kg~1) outperforms the models based on only spectral

0.8 ” (SPEC, R?: 0.35-0.44 and RMSE: 3.19-3.63 g C kg‘l) or geographic

= p (GEO, R?: 0.45-0.53 and RMSE: 3.06-3.34 g C kg~1) predictors, indi-

g 0.6 - cating that both sources of information are complementary. Moreover,

3 * the combined (SPEC+GEO) model shows better performance within

& y AEZS. The SOC content variability in the Loam Belt, characterized by

0.4 1 ¢ intensive agriculture and low SOC content variability, is poorly ex-

. plained by the SPEC and GEO models, with R? close to 0. The combined

T T T T model (SPEC+GEO) reaches an R? of 0.25-0.31 illustrating that the

0.25 0.50 0.75 1.00 combination of features allows to better explain SOC variation within

Pl level the more homogeneous AEZs. A slightly different pattern is observed

() in the Condroz region, where the SPEC model performs better than the

GEO model. Still the combined model outperforms both models, reach-

1.0 1 ot ing an R? of 0.31-0.38. This also indicates that contextual information

.. y is needed for a model based on spectral predictors to explain local SOC

0.8 o/ content variation. Possibly, the environmental covariates explain spa-

ey 0.6 1 . g tial trends in SOC content at larger scales, due to the trends in texture,

g elevation and climate. The spectral signal could then allow to capture

3 0.4 . local variation in SOC, conditional on the information gained from the

o o environmental covariates. It is also possible that the combination of

024 ¢ predictors improves the model because of an interaction effect between

- the spatial covariates and the spectral signal, for example through the

0.0 ; i effect of soil texture on soil reflectance (Nocita et al., 2014). These

0.0 0.5 1.0 results confirm that in the context of the Walloon region, a regional

Quantile SOC prediction model improves by adding contextual information and

(b) thus allows the model to adapt to the different local conditions. This

Fig. 7. Validation of the estimated quantiles: Prediction Interval Coverage
Probability (a) and Quantile Coverage Probability (b). The Prediction Interval
level (PI level) represents the nominal coverage probability of the prediction
interval.

is in line with other findings (Broeg et al., 2024; Nocita et al., 2014;
Safanelli et al., 2020).

For future studies, a comparison of the added value of bare soil
spectral features to a more elaborate DSM approach in the Walloon re-
gion would be interesting. Such analysis was done by Vanongeval et al.
(2024) for the Flanders region (Belgium). A hybrid model consisting of
spectral and environmental covariates was also observed to outperform
the traditional DSM model.
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Fig. 8. Zoom on the predictions and Prediction Interval Ratio (PIR) of three models (geographic covariates (a), spectral covariates (b) and MAP_MODEL (c)).

4.2. Validation

On the validation set, MODEL_MAP can predict SOC content with an
RMSE of 2.70 g C kg~!. For samples in the Limoneuse region only, the
RMSE is 2.56 g C kg~! due to the smaller variability in SOC contents in
the region. On the contrary, in the Fagnes-Famenne and Ardennes the
RMSE is higher (4.30 and 5.8 g C kg~!) respectively. Since the R? is
larger than 0 within each region, the model does not only explain large-
scale spatial trends but also explains part of the SOC variability within
the more homogeneous AEZs. Importantly, the estimated quantiles are
validated on the test set, with a PICP close to the nominal level (Fig.
7(a)). The QCP is also close to the 1:1 line (Fig. 7(b)). The uncertainty
estimation is thus valid and can be used to assess the uncertainty of
predictions at parcel-level.

The performance of MODEL_MAP can be compared to previous
studies in the Walloon region. A model trained on the lab spectra of the
European LUCAS data and validated on 61 points in the Walloon region
reached an RMSE of 3.2 g C kg~! (R® = 0.6) (Castaldi et al., 2018).
The same model validated exclusively on points located in the Loam
Belt reached an RMSE of 1.2 g C kg‘1 (R? = 0.6). Therefore, the model
on continuous lab spectra has a similar performance over the Walloon
region yet has higher accuracy within the Loam Belt as compared to the
Sentinel-2 based SOC content prediction model. A local PLSR model
on a spectral library for the Walloon region was reported to predict
SOC content with an RMSE of 1.3 g C kg~! and R? of 0.92 (Genot
et al.,, 2011). At larger spatial scales, the R? of models on lab spectra
is larger due to the larger variation in SOC content. Yet, the RMSE
is the same range as what has been obtained for field predictions in
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Fig. 9. SOC content predictions over the Walloon region by the optimal model. Waterfall plots show the SHAP values for five parcels, which explain the difference
of the predicted SOC content to the global mean (13.14 g C kg™!).
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Fig. 10. SHAP partial dependence plot, showing the relation between the predictors’ values and their corresponding SHAP values.
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this Sentinel-2 based study. In the study by Nocita et al. (2014), an
R? of 0.84 on croplands in Europe coincides with an RMSE of 3.6 g C
kg~!. Stevens et al. (2013) reported a performance in the same range,
with a model for Europe reaching an R? of 0.79 and an RMSE of 4.0
g C kg~1. The Sentinel-2-based predictions reported in this study are
therefore in line with expectations and large improvements in accuracy
by adding predictors or training data are not expected. There is no
increase in accuracy when predicting the average SOC content at field
level compared to previous studies at point support using the LUCAS
database. A possible reason is that there is larger uncertainty in the
training data when working with composite samples of a larger support.
On the other hand, the gain in accuracy in the Walloon region would be
limited since the SOC content variation within the field is of the same
magnitude as SOC content variation within a 4 m radius (Goidts et al.,
2009). In different contexts, the SOC variability at parcel level may be
larger, therefore allowing a larger increase in accuracy from pixel to
field level (Lagacherie et al., 2024).

Other remote-sensing based models in the Walloon region have
reported poor results when restricted to areas with low SOC content
variation (Castaldi et al., 2019). The model in Dvorakova et al. (2023),
a PLSR model with reflectance of the 10 Sentinel-2 bands as predictors,
was validated at parcel level over the Walloon region. The standard
deviation of the residuals is of 2.8 g C kg~! yet with a mean error
(bias) of 0.7 g C kg~! and on a database with a standard deviation
of 3.2 g C kg~1. These studies show that the SOC content variation in
the Walloon region is close to the accuracy of SOC predictions based
on multispectral remote-sensing data.

SOC content mapping can also be done with a DSM approach, mod-
eling SOC content with a set of soil forming factors as predictors. This
approach has allowed to map SOC content at field-level for croplands
in the Walloon region with an RMSE of 3.2 g C kg1, and thus a higher,
but comparable uncertainty to the predictions based on multispectral
satellite data (Zhou et al., 2022). The performance of the obtained SOC
prediction model is thus comparable to results in existing literature
on SOC content mapping in the Walloon region. Given the accuracy
obtained on continuous spectra of dried and crushed samples, this is
likely close to be the highest attainable accuracy using multispectral
data. This is further supported by a general review of SOC content
mapping with remote sensing. It has been observed that the RMSE
is dependent on the standard deviation of SOC contents in the study
area. For a standard deviation of 4.9 g C kg™!, the expected RMSE of
a SOC content model is around 3.7 g C kg™! (Vaudour et al., 2022).
Besides, the accuracy of the model is also limited by the uncertainty in
the calibration and validation data. Soil sampling of a field for routine
fertility analysis is prone to errors. The standard deviation for repeated
sampling the same field was estimated at 0.8 g C kg~ (CV = 8%) for
croplands in the Belgian Loam Belt, while the standard deviation of
repeated laboratory analysis using the Walkley & Black method was
between 1.1 and 1.4 g C kg~! (Goidts et al., 2009; Walkley and Black,
1934).

4.3. Mapping and model interpretation

The obtained SOC content map reflects the known positive trend
in SOC content from North to South which is correlated to trends
in elevation, soil type and climate (Chartin et al., 2017). At smaller
distances, the identified spectral indices are relevant to model SOC
content variability as is illustrated for a selection of five fields in
Fig. 9. In the Limoneuse region, SOC contents lower than average are
predicted. For field A, the NDB11B12 has a strong contribution to
the prediction of 11.46 g C kg~!. For field B, on the other hand, a
SOC content of 17 g C kg~! is predicted where mostly NDB3B2 and
the fine fraction content contribute to this prediction, which is higher
than the global average. For field C, in the Ardennes, a higher SOC
content than average is predicted (Fig. 9). This is mostly explained by
the higher fine fraction content, higher elevation and higher average
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SOC in the region but also the spectral features contribute positively
to the predicted SOC content. For field D, in the Jurassique region,
the summed contribution of the spectral features is small and the
predicted SOC content is a result of the contribution of altitude and
the fine fraction content. The prediction of field E is lower than the
average in its respective agricultural region, with all four spectral
predictors contributing negatively to the SOC content prediction. The
five selected fields show that in different contexts, different predictors
have relevance for SOC content predictions, with both spectral and
geographical predictors having important contributions.

The relation between predictors and predicted SOC content can
be further interpreted using SHAP partial dependence plots (Fig. 10).
As the NDB3B2 index (Band 2: 490 nm and band 3: 560 nm) in-
creases, the expected SOC content decreases (Fig. 10). This indicates
a possible absorption feature in the visible range, associated with SOC
content meaning that higher SOC content causes increased absorp-
tion in band 3 or decreased absorption in band 2. Previous studies
have observed absorption at 600 nm in samples with increasing SOC
content (Bartholomeus et al., 2008; Nocita et al., 2014; Shi et al.,
2020). Ben-Dor et al. (1997) observe a decrease in slope between
450 nm and 638 nm during the decomposition of organic matter
and attribute this to the breakdown of chlorophyll. It is likely that
absorbance around 600 nm explains the importance of the normalized
difference of band 2 and 3 in the models. Fig. 12 shows the average
spectra for different SOC content classes, of all LUCAS 2015 samples
on agricultural land in Belgium (European Commission. Joint Research
Centre., 2020). After continuum removal, there is a clear absorption
feature around 600 nm, which might affect reflectance in band 3. The
reflectance spectra of the LUCAS database also show that the slope in
the visible range is smaller for higher SOC contents, possibly explaining
the importance of NDB2B3.

The normalized difference of band 11 and 12 (=NBR2) is selected
consistently by the feature elimination algorithm. Absorption by lignin
and cellulose has an absorption peak at 2100 nm, i.e. the lower range
of band 12, possibly explaining the correlation of the NBR2 index with
SOC content (Nagler et al., 2003). Yet the NBR2 is also affected by soil
moisture and an absorption feature by clay minerals in band 12 (Fig.
12) (Viscarra Rossel et al., 2011; Viscarra Rossel and Behrens, 2010). It
is likely that in the context of the Walloon region, the NBR2 serves as
an indicator of the trend in clay content and/or moisture regime, which
are in turn correlated to SOC content due to their effect on the stability
of SOM. Besides, this raises concerns in using the NBR2 for developing
the bare soil composite since parcels with high SOC or clay content may
be masked incorrectly. Karlshoefer et al. (2025) propose an adaptive
NBR2 filter to avoid such problems. Yet this does not avoid the issue
that the NBR2 is associated to SOC content through indirect pathways
and will thus may not be able to explain temporal SOC content changes.

The NDB11B5 is also associated to SOC content. A possible ex-
planation is absorption in the red-edge region of band 5, although
no knowledge of absorption features in this spectral range by organic
matter. Dodin et al. (2021) show that the NDB11B8 A and NDB11B4
react to the application of organic amendments due to a stronger
decrease in reflectance in the red-edge bands as compared to band 11.
There is however no clear physical explanation for the importance of
NDB11B5 in the SOC content prediction model. Also the reflectance
in band 4 was selected in the MODEL_MAP. This can be explained
by the general decrease in reflectance with increasing organic matter.
However, Fig. 12 shows that in the spectral region of band 4 (665 nm),
specific absorption by organic matter may also occur.

While literature indicates absorption by OM between 1500 nm and
1800 nm, the LUCAS soil samples show no differences between the SOC
content classes in the region of band 11 (Fig. 12) (Viscarra Rossel and
Behrens, 2010; Dematté et al., 2015).

In previous studies, SOC prediction has often been done by using
only the 10 reflectance values (Broeg et al., 2024; Dvorakova et al.,
2023; Vanongeval et al.,, 2024). We observe that prediction models
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Fig. 12. Reflectance (a) and continuum-removed reflectance (b) averaged per SOC content class, for samples in Belgium on agricultural land of the 2015 LUCAS
campaign. The spectral bands of the optical sensor on board the Sentinel-2 satellites. Regions sensitive to absorption by organic matter and absorption features
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can be improved by considering spectral indices. The indices identified
in this paper can serve as a starting point when data availability
is limited. When applying machine-learning algorithms, there is a
risk of overfitting because of the presence of autocorrelation in the
data (Wadoux et al., 2020). Therefore, it is relevant to understand the
physical explanation between the spectral features and SOC content to
assess the potential transferability of the model.

4.4. Applications

4.4.1. SOC monitoring at parcel-level

Accurate estimation of SOC content by remote sensing may allow for
monitoring temporal SOC content changes. This requires to compare
the precision of the estimates to the expected SOC content change.
In Poeplau and Don (2015), a global meta-analysis of field experiments
shows an average carbon sequestration of 320 kg C ha—! yr~! when
implementing cover crops. In Launay et al. (2021), a model-based
approach estimates a carbon sequestration rate of 131 kg C ha!
yr~1 when implementing cover crops, or 184 kg C ha™! yr~! when
combining it with improved nutrient recycling. Given these estimates,
a constant net carbon sequestration rate of 300 kg C ha~! yr~! provides
a rough estimate of the carbon sequestration under improved manage-
ment. It is considered that this input is supplied to the first 30 cm of a
soil with a bulk density of 1.5 g cm~3, an increase of 1 g C kg~! can
be achieved over 15 years.

Given the precision of the map, validated on farmer routine soil
analyses, the SOC content estimation at field level has an RMSE of
2.57 g C kg~! in the Loam Belt (Table 3). Assuming two maps with
a precision of 2.5 g C kg~!, the MDD equals 12.4 g C kg~! for a
power of 0.8, at a tolerance level of 0.05, and assuming that there is
no correlation between the residual error in both maps for the same
location. This MDD is insufficient to detect SOC content changes which
are attainable in 10 years, as a realistic SOC increase over 10 years is
around 1 g C kg~! under a net carbon sequestration rate of 300 kg C
ha~! y~1. Despite being approximate calculations, the results indicate
that multispectral data is not suitable for SOC monitoring at parcel-
level, in time frames smaller than 50 years. Multispectral satellite data
is thus rather suited as a tool for SOC mapping, than for SOC monitoring
at parcel-level.
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The growth of voluntary carbon markets has created an interest
in accurately measuring SOC stock changes at parcel-level. This has
proven to be challenging, even with soil sampling, because of within-
field variability and the slow build-up of SOC. For the assessment
of SOC stock changes, a sampling density of 1.2 ha sample~! is not
sufficient to accurately estimate SOC stock changes after 5-10 years of
regenerative practices (Bradford et al., 2023). Therefore, there is a high
cost associated to quantifying SOC changes at field-level, and it may
be worth to rather estimate the average effect for a soil conservation
project over multiple fields. Bradford et al. (2023) show that when
jointly assessing SOC stock change on 30 field pairs, the average effect
is estimated within +1 Mg C ha~! using a sampling density of 1.2
ha sample~!. Given the accuracies of remote sensing-based estimates,
the same rationale should be applied. The SOC maps offer information
on the spatial SOC variability and given that estimates are avail-
able at parcel-level, the SOC maps offer the opportunity to compare
groups of fields, with different management practices, in comparable
environments.

4.4.2. SOC mapping at regional level

The variogram indicates that the autocorrelation of the residuals
is only present at small distances, with a range of 679 m this is only
relevant for adjacent fields. The nugget effect indicates that most of the
residual variation is due to random model or measurement errors.

The Monte Carlo integration allows to estimate the uncertainty on
the average for any spatial grouping unit. As expected, the standard
error is strongly reduced when assessing the average SOC content for
soil regions compared to individual parcels. The uncertainty of the
spatial average is influenced by the number of fields in the grouping
unit, the variability within the unit, the uncertainty of predictions in
the unit and the geographic position of the fields. The standard error
of the average SOC content for soil regions is between 0.004 g C
kg~! and 0.138 g C kg~! (Table 4). The standard error is smallest for
the Loam Belt, which has the largest number of fields (56,404) and
smaller uncertainty at parcel-level. The standard error is largest for the
Jurassique, which has the smallest number of fields (1135) and a higher
uncertainty on the estimates at parcel-level.

Our results illustrate that there is value in SOC content maps for
regional SOC content monitoring. When the training data is not guar-
anteed to represent a random sample, training a model to map SOC
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content over the region can allow obtaining a spatial average with a
high precision for any spatial unit. With access to the SOC content
predictions and standard errors at parcel-level and the fitted variogram
model, other users can estimate the average SOC content and its
uncertainty for any spatial unit of interest. For example, with access
to a database of fields where soil conservation practices have been
applied, the average SOC content of these fields can be compared to
a set of control fields with estimates of uncertainty. This does not
require access to the original soil analyses, but only to the SOC content
estimates and associated standard error at parcel-level and the fitted
variogram model. Such approach can thus be used for flexible frame-
works SOC monitoring without the need to share potentially sensitive
information. This may also be valuable in frameworks of soil health
monitoring, where soil health indicators will be monitored at regional
scale (European Commission, 2023).

5. Conclusion

We observe that in the context of the Walloon region, with a
high availability of data at the parcel level a random forest model on
spectral information yields satisfactory results for SOC mapping when
combined with a limited set of environmental covariates. Therefore, a
multispectral bare soil composite is useful but complementary to spatial
covariates for SOC mapping. Furthermore, spectral indices relevant to
SOC mapping were identified. The spectral features important for ex-
plaining spatial SOC variation are the normalized difference of various
Sentinel-2 bands and the absolute reflectance in the red band (band 4).
The selection of these features can be explained by known absorption
features of organic matter at 600 nm, 700 nm and 2200 nm as well as
the effect of organic matter on the albedo of the soil. The obtained
map has a higher spatial resolution than existing SOC maps of the
Walloon region with a slightly higher accuracy. The obtained model
predicts SOC content at parcel-level over the Walloon region with an
RMSE of 2.7 g C kg~!. Given the accuracy of the model used for SOC
mapping, it is not expected that multispectral satellite data can be used
for SOC monitoring at parcel-level. SOC content maps obtained via
remote sensing can, however, play a role for regional SOC monitoring,
with the uncertainty on the aggregated average depending on the size
of the spatial unit, the degree of autocorrelation and the uncertainty of
the model at point support.
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