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HIGHLIGHTS

Cover crops play a relevant role for
conservation in the Common Agricultural
Policy 2023-2027.

Despite the potential of farmers' declara-
tions, detailed data on cover crops are
scarse.

The disaggregation of survey data on
cover crops using satellite information is
proposed.

Quantitative validation at the parcel level
in France yielded an area under the
curve of 0.74.

Despite limitations, this work is the first
effort to obtain a cover crop map at
European scale.
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ABSTRACT

The reformed Common Agricultural Policy of 2023-2027 aims to promote a more sustainable and fair agricultural sys-
tem in the European Union. Among the proposed measures, the incentivized adoption of cover crops to cover the soil
during winter provides numerous benefits such as improved soil structure and reduced nutrient leaching and erosion.
Despite this recognized importance, the availability of spatial data on cover crops is scarce. The increasing availability
of field parcel declarations in the European Union has not yet filled this data gap due to its insufficient information
content, limited public availability and a lack of standardization at continental scale. At present, the best information
available is regionally aggregated survey data, which although indicative, hinders the development of spatially accu-
rate studies. In this work, we propose a statistical model relating Sentinel-1 data to the existence of cover crops at the
100-m spatial resolution over the entirety of the European Union and United Kingdom and estimate its parameters
using the spatially aggregated survey data. To validate the method in a spatially-explicit way, predictions were com-
pared against farmers' registered declarations in France, where the adoption of cover crops is widespread. The results
indicate a good agreement between predictions and parcel-level data. When interpreted as a binary classifier, the
model yielded an Area Under the Curve (AUC) of 0.74 for the whole country. When the country was divided into
five regions for the evaluation of regional biases, the AUC values were 0.77, 0.75, 0.74, 0.70, and 0.65 for the
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North, Center, West, East, and South regions respectively. Despite limitations such as the lack of data for validation
outside France, and the non-standardized nomenclature for cover crops among Member States, this work constitutes
the first effort to obtain a relevant cover crop map at a European scale for researchers and practitioners.

1. Introduction

The Common Agricultural Policy (CAP), 2023-2027 introduces a series
of reforms in key areas for the European Union (EU) Member States (MSs).
These reforms aim to promote more intelligent, competitive, sustainable,
and diversified agriculture and forestry, develop the socioeconomic struc-
ture of rural areas, and protect the environment. In particular, climate ac-
tion, including carbon sequestration, is one of the EU’s main priorities
since it helps achieve the commitments made under the Paris Agreement.
In this sense, conservation agriculture practices can help promote a shift
of existing agricultural fields towards more sustainable systems. Such prac-
tices include minimizing soil disturbance, maintaining permanent ground
cover, and adopting combined rotations (Hobbs et al., 2007; Palm et al.,
2014). Among the existing options, the adoption of cover crops (CCs) con-
stitutes one important example of a conservation measure to protect the soil
surface against soil erosion. CCs are plants grown with the purpose of
protecting the soil and improving its quality and health (Delgado et al.,
2017). If CC biomass is incorporated into the soil, it positively impacts ag-
ronomic and environmental outcomes, such as soil carbon stocks
(McClelland et al., 2021; McDaniel et al., 2014; Ruis and Blanco-Canqui,
2017). The adoption of CCs also has additional benefits, such as reducing
nutrient leaching (Nyakatawa et al., 2001), improving soil structure
through increased infiltration and water holding capacity (Nyakatawa
etal., 2001; Panagos et al., 2015; Smith et al., 1987), and improving the bi-
ological quality of the soil (Muhammad et al., 2021; Kim et al., 2020). CCs
thereby play a strategic role in soil conservation policies since they are one
of the few components of the erosion process that can be directly mitigated
through human interventions by farmers and policy-makers (Panagos et al.,
2015). For their general contribution to soil health and climate change mit-
igation, CCs have been receiving increasing attention (Koudahe et al.,
2022).

A key process justifying the implementation of CCs is soil erosion. Accel-
erated by human activities for more than 4000 years (Jenny et al., 2019),
soil erosion is currently the most common form of land degradation in the
world, affecting over 1 billion ha of the Earth’s surface (Borrelli et al.,
2020). The average erosion rates worldwide are estimated to be
2.8-2.9 tha™ ! yr~ ! (Borrelli et al., 2017), around 3 to 20 times higher
than the natural soil formation rates, of 0.15-1 t ha™! yro 1 (FAO, 2015).
For the future, model forecasts indicate that current erosion rates may fur-
ther increase from 30 to 66 % worldwide (Borrelli et al., 2020), with local
variations. In Europe, for example, the expected increase in soil erosion
rates ranges from 13 to 22.5 % (Panagos et al., 2021). As an established
tool to combat erosion (Borrelli et al., 2022), CC uptake has been shown
to decrease erosion rates by 15 to 23 % (Nyakatawa et al., 2001;
Verstraeten et al., 2006) and mitigate on- and off-site damages
(Montgomery, 2007), such as degradation of arable areas, pollution and eu-
trophication of rivers and lakes, and contamination of aquatic and marine
ecosystems (Poesen, 2017; Amundson et al., 2015).

With the modern-day availability of Integrated Administration and Con-
trol System (IACS) data in the EU, another potential source of CC informa-
tion is farmers' declaration, such as the Land Parcel Identification System
(LPIS) and the Geospatial Aid Application (GSAA). These large-scale spatial
databases contain annual declarations made for CAP measures by EU
farmers, and their elements correspond to the boundaries of agricultural
parcels and their corresponding main crops. While seemingly promising,
these can be managed and operated independently at the regional or coun-
try level, so reporting secondary crops or CCs is sometimes possible but not
consistent across MSs. Therefore, despite the increasing importance given
to CCs, the availability of data about their use and presence remains

primarily limited to coarse-scale statistical surveys. Among the European
Union MSs, the best information available about CCs can be found in the
Farm Structure Survey (FSS), which surveyed the 27 European countries
down to the NUTS3 (the third level of the Nomenclature of Territorial
Units for Statistics classification) regional level every 3 or 4 years
(European Commission, 2022d), and the Survey on Agricultural Production
Methods carried out in 2010 (European Commission, 2022f) at farm scale.
While such information can be helpful for applications permitting spatial
generalization, it does not provide sufficient spatial detail to allow, for ex-
ample, a precise evaluation of the local impacts of CCs on soil erosion and
carbon content.

Some consequences of lacking detailed and georeferenced CC data can
be found throughout continental-scale modeling exercises. For example,
when modeling the C-factor of the Universal Soil Loss Equation, Panagos
et al. (2015) used the CC area at NUTS2 level, the best available informa-
tion at a European scale comprising 216 regions in the 27 MSs plus the
United Kingdom (UK). In this case, the authors adopted the same value
for all pixels within a NUTS2 region. Such an assumption is very strong
and unlikely to represent field reality since it implicitly assumes that all de-
tailed units (e.g., farms or parcels) behave identically. A similar assumption
was also adopted in coupling erosion and carbon models to assess the com-
bined effect of good agricultural and environmental practices on erosion
and carbon budget at the national level (Borrelli et al., 2016). While the
same assumption was not adopted by (Borrelli and Panagos (2020a), the
lack of spatially detailed information about CCs was the limiting factor in
their input datasets. In all these examples, a detailed CC map would have
represented an improvement in the characterization of physical processes.

While several initiatives to gather CC data exist, the information is not
always publicly available, and no harmonized dataset is available at the
EU level. This latter issue is difficult because the CC eligibility for CAP sub-
sidies differs in each MS/region because of policy, management, and cli-
mate reasons. At the EU scale, the continent-wide Land Use/Cover Area
frame statistical Survey Soil (LUCAS) field survey (European Commission,
2022b; Orgiazzi et al., 2017) offers limited opportunity because it is pre-
dominantly made during the main cropping season and therefore cannot
capture CC information. In addition to this, optical satellite imagery for
the spatial monitoring of CC uptake often faces the challenge of a high inci-
dence of clouds during rainy winter months in which CCs can be detected
(Beriaux et al., 2021). The combination of these factors limits the availabil-
ity of input data for automated computational techniques of CC detection
with European-scalability. Even though the methodology for survey collec-
tions might change in the future, these reasons are probably why most re-
cent computationally and data-intensive efforts using new technologies
such as Copernicus Sentinel-1/2 satellites focus on mapping the main
crop of the cropping season (d’Andrimont et al., 2021; Meroni et al., 2021).

Given the outlined scarcity of primary and auxiliary data, one possible
alternative is using spatial disaggregation methods. Such a category of
methods attempts to reconstruct the fine-resolution information from
areal features (e.g. regional statistics polygons) to allow detailed spatial
analysis (Comber and Zeng, 2019). With different approaches and assump-
tions, the application of disaggregation methods can be found in different
disciplines, such as soil mapping (Mgller et al., 2019), epidemiology
(Utazi et al., 2018), disease mapping (Weiss et al., 2019), demography
(Jia and Gaughan, 2016), among others.

This work focuses on the problem of disaggregating existing CC data in
the European MSs and the UK from NUTS2 level to a finer spatial resolution
using satellite data. The objectives are: a) to develop the first dataset of pre-
dicted CC occurrence at a high (i.e., 100-m) spatial resolution for Europe for
2016-2017; b) to develop the assumptions of a statistical model for the
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occurrence of CCs, which can be transposed to other study areas; c) to val-
idate these newly produced maps quantitatively against parcel-scale obser-
vations; and d) to discuss some possible implications and applications of
this new CC dataset. A statistical model for the occurrence of CCs is first
built. The model uses 12-day median composites of remotely-sensed syn-
thetic aperture radar (SAR) data from Sentinel-1. Its parameters are esti-
mated iteratively in such a way that the aggregation of predicted values
approximates the values reported by statistical surveys at the coarse re-
gional level. Then, parcel-level data from France’s Registre Parcellaire
Graphique (RPG) (Institut National de I'Information Géographique et
Forestiére, 2022), one of the few systems in European countries where dec-
larations of CCs are public, is used to validate model predictions at the fin-
est possible (i.e., parcel) spatial scale. Such an analysis allows
understanding the predictions' strengths and limitations. Finally, some
policy-relevant aspects of CCs are discussed.

2. Methods
2.1. Study area

The study area includes all croplands of the current EU MSs plus the UK,
which covers about 156 million ha and 67 million parcels. According to the
Farm Field Survey (FSS), CC application has increased from 6.5 % of all ag-
ricultural lands in 2010 to 8.9 % in 2016 (Borrelli and Panagos, 2020b).
The adoption of CCs is currently an underused farming practice (Kathage
et al., 2022a) which is likely to increase in the EU in the future.

2.2. Input data

Multi-temporal Sentinel-1 data was used to monitor changes in the land-
scape surface condition through time. The Sentinel-1 SAR constellation re-
visits the EU territory with a minimum 6-day revisit period since 2016
(until the Sentinel-1B defect in December 2021), providing a dense tempo-
ral time series for phenological monitoring. Compared to optical sensors
(e.g. Sentinel-2), its microwave backscatter retrieval is practically uninflu-
enced by atmospheric conditions. In the agricultural context, microwave
backscattering is sensitive to crop canopy structure, which means it can de-
tect plant growth at the parcel spatial resolution. For these reasons,
Sentinel-1 data offers a consistent source of plant phenological data in win-
ter months for mapping CCs in combination with other computational tech-
niques. Spatio-temporally consistent time-series of Sentinel-1 data were
generated as follows: i) analysis-ready Sentinel-1 data was accessed in Goo-
gle Earth Engine (Gorelick et al., 2017) (i.e., COPERNICUS/S1_GRD), al-
ready pre-processed to account for thermal-noise removal, radiometric
calibration, and terrain correction; ii) a temporal stack of 31 rasters of the
VV and VH bands was created, for both ascending and descending orbits,
giving 12-day composites from the 10th of August 2016 to the same date
in 2017; iii) the cross-polarization ratio (CR) was calculated as CR = VV/
VH, giving 31 spatio-temporal layers for the period of study. Finally, the
data was resampled using the median statistic to a 100-m spatial resolution,
the target resolution adopted for the new spatially explicit CC dataset for
reasons of computational trade-offs vs spatial resolution (data size) in spa-
tial disaggregation models.

The choice of the CR time series as an indicator of the existence of CCs
came from recent evidence highlighting the correlation of this index with
the more well-known Normalized Difference Vegetation Index in the con-
text of crop phenology (Meroni et al., 2021), crop dynamics (Veloso et al.,
2017) and vegetation dynamics (Ma et al., 2022; Vreugdenhil et al.,
2020). The choice of the period of analysis (i.e., 10th of August
2016-2017) was mainly driven by the need to match the period of most re-
cent the coarse CC data available in Europe. In this case, it corresponds to
the 2016 dataset on CCs per NUTS2 region published by the European Com-
mission, which estimates the total CC area in arable lands (European Com-
mission, 2022c¢). The exact definition of the variable used (i.e., “cover or
intermediate crops”) reads:

Science of the Total Environment 873 (2023) 162300

"An area of arable land on which plants are sown specifically to reduce
the loss of soil, nutrients and plant protection products during the win-
ter or other periods when the land would otherwise be bare and suscep-
tible to losses. The economic interest of these crops is low, and the main
goal is soil and nutrient protection. (...) These crops should not be mis-
taken for normal winter crops or grassland" (European Commission,
2022e).

[(NPI333YA)]

In order to filter the location of arable lands, the CORINE Land Cover
2018 at a 100-m spatial resolution and with a minimum mapping unit of
25 ha was used (Copernicus, 2022). By doing so, predictions of CC existence
were restriced to a spatial domain where agricultural activity was previ-
ously detected in an external dataset. From the complete CORINE database,
the class arable land was created by selecting the classes “non-irrigated ar-
able land”, “permanently irrigated land”, and “rice fields”. Additionally,
other agricultural classes were included’ to avoid having an overly restrictive
spatial domain. Even though the period of CORINE does not match the period
of 2016-2017, it can be accepted as adequate under the assumption that no
drastic changes occurred in European arable lands from 2016 to 2017, the
year where CORINE Land Cover 2018 images were mainly taken (Biittner
and Kosztra, 2022). Then, because the amount of arable land calculated
using FSS (European Commission, 2022c) and CORINE are different, the
CC area consistent with CORINE was defined by multiplying the original
CC area from FSS by the ratio of CORINE to FSS arable land area (A), giving
CCcorine = CCrss * Acorine/Arss. Such an arable land ratio varies from 0.02 to
3.69, with an average of 1.02 (Supplementary Material, SM 1).

2.3. Disaggregation model

In order to disaggregate CC information from the (215) NUTS2 to the
(156 million) pixels at 100-m resolution, the estimation method proposed
by Fendrich et al. (2022) was used. As in any other regression modeling ap-
proach, the technique consists of first making assumptions about the rela-
tionships between explanatory and dependent variables at the fine scale
(Fig. 1).

It was assumed that the fraction of CCs in a pixel varies in three dimen-
sions, namely: space, time, and the observed Sentinel-1 CR. Each of these
dimensions are assumed to vary (possibly smoothly) with nonlinear inter-
actions between them. Such an assumption is equivalent to assuming that
the interpretation of a given CR time series varies so that it might indicate
the existence of CCs in one particular place and its neighboring areas but
not in other more distant regions. In mathematical notation, this can be rep-
resented as:

yi=g|>_s(lati, long;,t,CRi(t)) | +¢, e~N(0,0%) (1)

t

with y; being the fraction from 0 to 100 % of CCs within pixel indexed i; lat;,
long;, t, CR{(t) being latitude, longitude, time and the CR time-series with a
timestep of 12 days, respectively. The function g(x) = 1/(1 + exp (x)) was
chosen to be the link function, since y; varies from 0 to 100 %. The term ¢ is
the residual term, assumed to be normally distributed, and s(-) is the joint
function to be estimated from the data. Penalized smoothers that can be
represented using basis expansions and a penalty matrix to control function
smoothness are a common choice for the one-dimensional smoothers inside
s(+), and the interaction is often represented as tensor products (Wood,
2017). Under such a representation, Eq. (1) could be recognized as a nonlin-
ear mixed model (Bates and Watts, 1988; Wolfinger, 1993).

In the representation of Eq. (1), the fraction of CC at the pixel level is as-
sumed to be a random variable. Consequently, the sum of the CC fractions
in the pixels that belong to a NUTS2 region creates another random variable

1 Namely, “Vineyards”, “Fruit trees and berry platforms”, “Olive groves”, “Annual crops as-
sociated with permanent crops”, “Complex cultivation patterns”, and “Land principally occu-
pied by agriculture with significant areas of natural vegetation”.
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Fig. 1. Summary of the method used in the present work. Left: area of cover crops in 2016 visualized using the cover crop extent per region from the FSS (European Com-

mission, 2022d).

representing the CC area at the NUTS2 level. It can be shown that, in this
case, a second nonlinear mixed model can be derived for the NUTS2
level, and it preserves the original parameters necessary to construct the
pixel-level smoothers of Eq. (1). Such a NUTS2-level model allows us to at-
tempt to reconstruct the pixel-level information by performing regression
analysis on the coarse data. During the parameter estimation phase, an op-
timization procedure handles the tradeoff between i) approximating the re-
constructed to the observed values at the NUTS2 level; and ii) enforcing the
mathematical assumptions for the function s(-) described above (i.e., that
the one-dimensional smoothers are continuous functions, that the effect
of the CR varies in space and time etc.).

Parameter estimation is done through a numerical optimization proce-
dure, which maximizes the chance of observing the aggregated data given
the assumptions made at the pixel level (i.e., maximum likelihood estima-
tion). In this work, we slightly modified the original method of Fendrich
et al. (2022) to use a quadratic instead of a first-order approximation to
the log-likelihood in each iteration. Such a modification led to the natural
interpretation of each iteration as a Newton-Raphson step of the original
guess towards the maximum a posteriori estimates, similar to the scheme
proposed by Rossell et al. (2021).

As disaggregation problems are fundamentally undetermined with infi-
nite solutions, choosing proper assumptions is essential for narrowing the
possibilities. Therefore, s(-) was assumed to be a tensor product, and several
possibilities for the one-dimensional smoothers of Eq. (1) were tested, in-
cluding thin-plate, cubic and P- splines, with different basis dimensions
and penalty orders. The SM 4 shows the results for the four best models
found during model selection according to the area under the curve
(AUC) performance metric (see Section 2.4.2 for details about the valida-
tion dataset). The final alternative was chosen to be four P-splines (Wood,
2016), with basis dimensions 9 for the longitude and 8 for latitude (SM
3), time and CR. After the estimation of model parameters, the expected
value of s(-) given the parameters was calculated and plotted to allow the
visualization of the estimated one-dimensional smoothers. The predicted
CC fraction and the corresponding uncertainty were calculated as the
point estimate of the median and the bounds of the 90 % confidence inter-
vals for the expected value of the response variable of Eq. (1) given the pa-
rameters, respectively.

2.4. Validation

2.4.1. Qualitative validation

Validating a disaggregation model is a challenging task. First and fore-
most, no fine-scale information is available for the whole study area. Other-
wise, if such data were available for comparison against model predictions,
it would be preferable not to use a disaggregation model but instead to use
such information as an input to traditional mapping techniques. Given
these considerations, the validation procedure was split into: i) a qualitative
validation of the model’s internal behavior; and ii) a quantitative validation
of the external behavior (classification accuracy), consisting of a compari-
son against publicly available parcel data for France.

Developing a reasonable interpretation of the results obtained from a
prediction is a vital step in regression modeling (Nisbet et al., 2009). There-
fore, in the qualitative validation, the estimated smoother (Eq. (1)) was in-
vestigated to check its representation of logical aspects of CC phenology
that should reasonably result in their identification. To do so, necessary
but not sufficient conditions were first established for the model to be real-
istic. The first condition is for the model to assign a higher weight to the sat-
ellite observations made during cold months compared to hot months since
that is when CCs can be observed in the field. The second condition is for
the model to capture the different regional patterns of CC production prop-
erly based on the known a priori information. This secondary condition
checked, for example, if the model could capture the regionalized temporal
pattern of CCs in France, where sowing dates may vary from the end of July
in the Moselle region (North-West France) until the beginning of November
in the Pyrénées-Atlantiques (South-West France) (Journal Officiel de la
République Francaise, 2018). In order to identify this information from
Eq. (1), a first-order expansion of g(x) around x = 0 was used to calculate
the approximate marginal contribution of the CR to the predicted fraction
of CCs at the pixel level. Then, since the model of Eq. (1) is an interaction
between several variables, only the marginal results were presented.

2.4.2. Quantitative validation

To complement the qualitative evaluation of the model, a quantitative
validation was also developed to confront model predictions against com-
parable parcel-scale declarations made by farmers in the CAP context.
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Such a validation started by searching for the most accurate classification of
parcels between those with or without CCs in 2016. To do so, databases of
European countries (Schneider et al., 2021) were inspected, and it was
found that in most cases, farmers are only required to report their parcel’s
main crop. Nevertheless, in some countries, such as Portugal and France,
farmers can, but are not required to, report multiple crops per year.

For the present work, the French RPG dataset was chosen, which
gathers all annual declarations made by farmers to receive CAP subsidies
(Levavasseur et al., 2016) and provides the cultivated crop or crop groups
for each farmer at the parcel scale. This private and confidential informa-
tion concerns the parcels belonging to farmers provided by the French Min-
istry of Environment. The RPG dataset was used to validate the predictions
for three reasons. First, France is representative for being the largest MS,
with a large share of its territory devoted to agricultural activity, and for
covering several environmental conditions such as continental, Mediterra-
nean and oceanic climates (Ols et al., 2020). Second, as shown in Fig. 1,
France contains a large area of CCs, and the inclusion of CCs in the cropping
system is, in some cases, mandatory to comply with the Nitrate directive
(Official Journal of the European Union, 1991) and the CAP Greening
(Kathage and Dominguez, 2019). Third the French Ministry of Agriculture
and Food Sovereignty provides a list of the 44 crops that are considered to
be CCs (Ministere de 1'Agriculture et de I'Alimentation, 2022) to comply
with the dedicated Ecological Focus Areas (EFAs) to safeguard and improve
biodiversity, requested by the green direct payment of the CAP. Such a list
facilitates farmers' declarations, which have to declare two of these crops in
a mixture per parcel to be retained as EFAs.

However, the construction of the validation dataset faces some chal-
lenges. As the dataset is attached to compliance with regulations, motiva-
tions to meet the minimum requirements in the CAP can bias the area of
CCs declared by farmers. For example, a farmer with more CCs than the
minimum requirements may feel inclined to declare only the minimum,
which would generate a bias towards underestimating CCs. Conversely, a
farmer with half the minimum requirement could tend to overestimate
the area of CCs in the declaration. Besides, the declaration of CCs is not
mandatory in France due to other EFAs that can be present on the farm.
Therefore, it is not possible to affirm with certainty whether a random par-
cel contains CCs or not. This problem was overcome by applying additional
filters on the dataset to increase the confidence in the presence or absence
of CCs on the parcels. Such a procedure aimed at obtaining a sample of par-
cels that could be used with greater certainty to validate the model at the
scale of reference using the available data. The filters are described next.

First, three groups of parcels according to the different levels of uncer-
tainty of CC existence were defined a priori: parcels without CCs in farms
that did not declare CCs (PnFn, lower certainty); parcels without CCs in
farms that declared CCs (PnFy, medium certainty); parcels with CCs in
farms that declared CCs (PyFy, higher certainty). The sampling procedure
for the PnFn group consisted of first filtering farms without CCs declared,
and then randomly sampling parcels inside these farms. This group has
the lowest certainty among the three because since no CCs are declared
within the farms, the farmers may have chosen to declare other EFAs in
their farms instead of CCs. In this case, some farms might have CCs on the
field but not registered in the database.

For PnFy and PyFy, two filters were added at the farm level: i) only
those with a sufficiently high ratio of surface as CCs on the farm
(i.e., 20 %), compared to the minimum cover limit imposed by the CAP
(5 %); and ii) only those with a large area (over 50 ha) to increase the
chance of having a heterogeneous configuration of parcels. These filters as-
sume that if farmers have declared well beyond the required minimum of
5 %, then they have declared the entire area of CCs in their parcels. How-
ever, since this assumption may not be true in some cases, more confidence
can be assumed for the presence (PyFy) than the absence (PnFy) of CCs in
this case, which justify their certainty assigned above. Finally, parcels
whose polygons fall entirely inside the CORINE land cover classes described
in Section 2.2 were randomly sampled for each of the three classes.

After these procedures, 19,390 parcels were used for validation: 8441
PnFn, 11,112 PnFy, and 12,256 PyFy, each with information about CC’s
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existence and its main crops in 2016. Among the 19,553 sampled parcels
without CCs (i.e., PnFn + PnFy), 5968 had a winter commercial crop as
the main crop. Finally, because the size and shape of each land parcel are
different, they were compared by calculating the weighted median value
of all model predictions intersecting their boundaries. Boxplots were plot-
ted to compare the distribution of predictions within the three classes of
parcels described above, and receiver operating characteristic curves
(i.e., ROC curves) were generated to assess the model’s discrimination abil-
ities.

For each ROC curve, the corresponding AUC was calculated. Their inter-
pretation was made using the classification proposed by Bera et al. (2020).
Weak: 0.5 < AUC < 0.6; Moderate: 0.6 < AUC < 0.7; Good:
0.7 = AUC < 0.8; Very good: 0.8 < AUC < 0.9; Perfect: AUC = 0.9. Anal-
ogous quantitative-qualitative relationships can be found in works such as
Roy et al. (2020); Panahi et al. (2022), and others.

2.5. Implementation

All codes used were written in R 4.2.0 (R Core Team, 2022). The P-
splines implementation used was that of the mgcv package (Wood, 2017),
spatial data was manipulated using the terra package (Hijmans, 2022),
and parallel computations were made with the snow package (Tierney
et al., 2021). The row-wise Kronecker product and the log-likelihood
were implemented with Rcpp and ReppArmadillo (Eddelbuettel and
Balamuta, 2018; Eddelbuettel and Sanderson, 2014). All source codes and
input datasets used, except for the parcels' boundaries used for validation,
are publicly available in a dedicated GitHub repository: https://github.
com/arthfen/CoverCrops/.

3. Results and discussion
3.1. A qualitative evaluation of the model response

For the marginal spatial effect, Fig. 2 shows the results for a winter
month, December 2016. Six different locations are shown to highlight
that each location has a distinct pattern for the effect of CR on the calcu-
lated fraction of CCs. For example, in Fig. 2, the model curves for South
Italy and Bulgaria show that the low CC fractions (expected in these regions
according to Fig. 1, left) are represented through a negative effect of the CC
fraction for practically the full CR range. Conversely, for the other four lo-
cations where CCs tend to be more widespread, according to Fig. 1 (left),
a different pattern can be observed. In these cases, Fig. 2 shows that an in-
crease in the CC fraction is predicted for most of the CR range, and regional
variability in the shape of the curve seems to be captured. As a reference for
the CR values, Meroni et al. (2021) suggests a range from 0.1 to 0.2 in the
trough (minimum) to 0.4-0.5 in the peak (maximum) of temporal series
of crop fields in Europe (i.e., common wheat, rape, and maize), approxi-
mately the same range reported by Maurya et al. (2022) and Vavlas et al.
(2020) in wheat fields in the North of India and the UK, respectively.

A distinct pattern in the marginal spatial effect can be seen in North-
West France, where the effect on the CC fraction quickly peaks around
0.20 and decreases, and in Denmark, where the effect has a double peak,
with the second starting around 0.20 and reaching its maximum around
0.30 (Fig. 2). In both cases, the fact that the model assigns the highest in-
crease in CC fractions to relatively low CR values could mean that it is
attempting to distinguish CCs from commercial winter crops, which could
present a different signal due to fertilizer application. Such an interpreta-
tion is however uncertain since it could also represent other factors that af-
fect the CR value, such as soil surface roughness from tillage operations
(Vreugdenhil et al., 2020).

For the marginal temporal effect, the results of Fig. 3 are presented for
Denmark (i.e., the blue line of Fig. 2). The Figure shows that, when
weighing between available observations, the model attributes a relevant
effect from the observations made in all months of the year, which can be
seen by the large overall positive and negative effect on the CC fraction.
For example, for low CR values ranging from 0.1 to 0.2, spring months
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Fig. 2. Qualitative validation, marginal spatial effect: (approximate) isolated effect of the Cross-ratio (CR) on the predicted cover crop (CC) fraction as estimated by the model,

for one of the 12-day median CR values in December/2016.

have a comparable effect to that of winter but in the opposite direction.
Such a result resembles the observations made by Nowak et al. (2021),
who showed that different spring-grown crops in France present different
soil cover patterns during cold months. The hypothesis that cold months
could have a higher influence than hot months seems to be valid only for
CR values above 0.2. In practice, these results suggest that the approach
to detect winter soil cover based on satellite data for winter months only
proposed by Nowak et al. (2021) might be insufficient for CCs. It also sug-
gests that a complete time series must be considered to separate CCs from
commercial winter crops. In the latter case, the combination of complete
time series and a flexible and probabilistic model could better identify
what is a CC within a crop succession in a context-dependent way.
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Fig. 3. Qualitative validation, marginal temporal effect: (approximate) isolated
effect of the Cross-ratio (CR) on the predicted cover crop (CC) fraction as
estimated by the model, for a random location in Denmark. Every line corresponds
to one of the 12-day median CR values used for fitting the model.

3.2. A quantitative evaluation of model performance

Fig. 4 shows the calculation of weighted median predictions inside
French parcels with accompanying declarations as described in
Section 2.3, for two cases: all parcels included (i.e., n = 1 pixel, mean
area of 5.2 ha), and only parcels intersecting more than 10 pixels included
(i.e., n = 10 pixels, mean area of 9.6 ha). Such a distinction was made in
order to evaluate the impact of sub-pixel confusion (a mix of landscape dy-
namics at the sub-pixel level) in the input data. For the case of all parcels
included, the model could predict higher values for PyFy (right) than
PnFn and PnFy (left, center), which indicates an ability to distinguish be-
tween parcels with and without CCs, respectively. The proximity between
the distributions of PyFy and PnFy seems to indicate some confusion be-
tween parcels of farms known to have CCs. Such a result could indicate
that the model performs better when the adoption of CCs is widespread at
the farm level. However, such confusion seems to be minimized when
only parcels intersecting more than 10 pixels are included in the analysis.
In this case, PnFy approaches PnFn, with lower values predicted than PyFy.

Despite the results shown in Fig. 4, a question could be posed about the
model’s ability to distinguish between different types of winter cover. To
evaluate this matter, Fig. 5 shows the analysis results that use crop informa-
tion at the parcel level to separate winter commercial crops from CCs. Par-
cels with winter commercial crops were selected based on the sowing
period of the main crop reported to the RPG, excluding CC species. It can
be seen that a similar pattern as Fig. 4 is found, indicating a higher pre-
dicted fraction of CCs in parcels that truly contain CCs. Such a result is rel-
evant, as it indicates that the assumption in Eq. (1) of a nonlinear effect of
CR on the CC fraction is adequate to differentiate between the multiple sig-
nal patterns of soil cover in winter.

While Figs. 4 and 5 show the general pattern of model validation in
France, regional patterns to understand the model’s biases were also inves-
tigated. Fig. 6 shows the reclassification of the French NUTS2 areas into five
contiguous regions (namely, South, East, North, West, and Center), and the
model validation within these five areas. For each region, the ROC curve
shows the true positive rate in the vertical axis against the false positive
rate in the horizontal axis, summarizing the model performance when
used as a binary classifier for the presence/absence of CCs in French par-
cels. The ROC curve is presented here, along with its corresponding AUC
(Maimon and Rokach, 2010). In all regions and the whole of France, the
AUC calculated is greater than 0.5, indicating that the model performs bet-
ter than random chance. The results also show that, compared to the overall
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Fig. 4. Quantitative validation: distribution of the weighted median values calculated for French parcels in arable lands. Two cases: all parcels included (left), and only parcels
intersecting more than 10 pixels included (right). PnFn are parcels without cover crops in farms that did not declare cover crops; PnFy are parcels without cover crops in farms
that declared cover crops; PyFy are parcels with cover crops in farms that declared cover crops.

performance of AUC = 0.74, the West region of France yields an identical
AUC, the North and Center regions yield a higher AUC (0.77 and 0.75, re-
spectively), and the South and East regions a lower AUC (0.70 and 0.65, re-
spectively). According to the classification presented in Section 2.4.2, this
means that the overall classification and 4 out of 5 regions presented a
good performance, while the East region had a moderate performance.
The variable pattern across the country also shows that regional classifica-
tion biases exist in the model and that more errors tend to happen in the
South and East regions of France.

For the European-wide model (Fig. 6, bottom left), a threshold value
was calculated as being the point in the ROC curve at which the
Euclidean distance to the theoretical optimum is minimized (i.e., the top-
left corner). The confusion matrix generated for this threshold value
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Fig. 5. Quantitative validation: distribution of the weighted median values
calculated for French parcels with winter commercial crops and cover crops. The
left boxplot merges all parcels with winter commercial crops within the groups
PnFn (parcels without cover crops in farms that did not declare cover crops) and
PnFy (parcels without cover crops in farms that declared cover crops).

(Table 1) shows that when parcels contained CCs in the RPG, the model pre-
dictions were correct in 68.1 % of the cases. When the parcels did not con-
tain CCs, the model was correct 74.6 % and 67.5 % for PnFn and PnFy,
respectively. It also shows that, when the model predicted the inexistence
of CCs, it was wrong in 22.1 % of the cases, and therefore correct in
77.9 % of them. When the model predicted the existence of CCs, it was cor-
rect in 59.2 % of the cases and thus wrong in 40.8 % of them. In this case,
this model seems to assign more false positives to PnFy (25.6 %) than to
PnFn (15.2 %), which can be possibly explained by some farmers not de-
claring all their CCs due to other EFAs in the farm (see Section 2.4).
While these results suggest a limited power of the model in differentiating
CC presence, it is necessary to highlight that: i) they implicitly assume a sin-
gle threshold value for the whole of France, which can be suboptimal ac-
cording to the heterogeneous results presented in Fig. 6, and ii) another
threshold to improve model’s precision could be chosen. In this context,
the use of continuous values (e.g., Fig. 7) might be appropriate depending
on the application intended.

Fig. 7 shows the model predictions for the arable land in the whole of
Europe. The continental level map shows that the fraction predicted in
most pixels with arable land tends to be zero and that CCs occur in concen-
trated regions but with local variations (Fig. 7, zoom). The marginal distri-
butions show that CC fractions tend to be higher in the regions
corresponding to Northern France, Germany, and Denmark, following
Fig. 1. The standard deviation of model predictions, as well as the 0.05
and 0.95 quantiles are provided as Supplementary Materials (SM 6 and
SM 6). These uncertainty margins were generated using the uncertainty
around the estimated smoothers.

3.3. Future policy opportunities offered by spatially explicit cover crop predictions

The map produced in this work is the first European product at a 100-m
spatial resolution predicting the fraction of CCs for the winter season of
2016-2017. Despite the limitations, with a lack of validation outside
France and the existence of mixed satellite signals (Section 3.4), our dataset
fills a gap and can be tested in several future applications ranging from fine-
resolution input data for analysis of soil loss by water erosion, organic car-
bon sequestration, nutrient application, and to assist the implementation of
soil conservation policies at a regional or national scale. Given that the FSS
survey data for 2023/24 is still under collection at the time of writing, the
current work also provides a reference methodology to be used for the spa-
tial disaggregation of CCs and other policy-relevant information (e.g.
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Fig. 6. Quantitative validation: regional variability of model predictions across France.

reduced tillage). Such a temporal analysis would enable the possibility of
evaluating trends in CC adoption in recent years.

Two main policies are currently responsible for driving European
farmers' adoption of CCs; the Nitrates Directive, and the CAP. Such policies,
especially the Nitrates Directive, are now the strongest determinants of the
adoption rates and intensities of CCs by farmers (Kathage et al., 2022b).
Such factors overcome agronomy or environmental motivations, although
this scenario might change in the future as CCs become economically incen-
tivized, for example, for energy production (Launay et al., 2022). The spa-
tial pattern of the vulnerable zones under the Nitrate Directive in France
resembles the areas with high fractions of CCs in the map produced by

Table 1
Quantitative validation: confusion matrix for the overall model in France. The re-
sults are based on the assumption of a single threshold for the whole country.

Situation Model prediction: contains CCs?
No Yes
6296 2145
PnFn (74.6 %)* (25.4 %)*
(35.6 %)° (15.2 %)°
7498 3614
PnFy (67.5 %)* (32.5 %)*
(42.4 %)° (25.6 %)°
3907 8349
PyFy (31.9 %)* (68.1 %)*
(22.1 %)° (59.2 %)"

@ Refers to the ‘row’ percentage.
b Refers to the ‘column’ percentage.

this study (Fig. 7) (JRC, 2022; Tzilivakis et al., 2021). Furthermore, cover-
ing the soil in the most sensitive periods, a practice that includes adopting
CCs, constitutes one of the GAECs introduced in the upcoming CAP
2023-2027 to protect soils in rainy susceptible seasons (e.g winter). In
the proposal, the European Commission introduced various scenarios to
protect soils using soil conservation measures such as the minimum green
cover. The adoption of CCs with a cover rate of 75 % in one of the policy
scenarios led to a reduction of soil erosion in arable lands and permanent
crops by 15 and 30 %, respectively (European Commission, 2018;
Panagos et al., 2021). Therefore, the new CAP 2023-2027 is likely to in-
crease the area of agricultural land with CCs in the EU.

One of the Good Agricultural and Environmental Conditions (GAECs) of
the new CAP prescribes that MSs must require farmers to apply crop rota-
tion (European Commission, 2022g), a practice that also composes the list
that can be supported by eco-schemes (European Commission, 2021), and
a summary of the first strategic plans shows that 16 MSs include the prac-
tice of crop rotation with a secondary or CCs during the winter season to
protect soils (European Commission, 2022g). In this sense, while the cur-
rently available CC data at the NUTS2 level collected by the FSS is useful to
monitor the overall adoption rates and intensities of CCs, these coarse data
are less suitable for evaluating the effect agricultural practices by farmers
on the environmental and climatic objectives that are set by European poli-
cies (Matthews et al., 2023). By contrast, the use of techniques to develop re-
fined spatial datasets as produced in this study is highly valuable to assess the
influence of European policies on the on-ground-farmers decisions and the
subsequent impact on climate and the environment. Since the new CAP em-
phasizes performance and results, assessments with detailed data like the
one produced in this study will become more important.
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respectively).

3.4. Model limitations and future improvements

While the present results represent an advance for CC mapping, several
limitations of the current approach can be listed and possibly developed in
further works. The disaggregation model is strongly dependent on the FSS
CC data at the NUTS2 level. In the last decades and once every ten years,
the FSS has been a part of the Census of Agriculture, which guarantees
high reliability of the values provided. However, the values available for
2016 and used in the current work correspond to sample estimates
(European Commission, 2022a). This means that not only is the sample
size used relatively small, but also the data itself contains uncertainties. Al-
though the disaggregation model mitigates the problem by not enforcing
the equality constraint but only approximating (Fendrich et al., 2022)
(SM 2), more reliable data on CCs could potentially lead to more precise re-
sults. While a difference exists between the total CC area in our predictions
and the FSS values rescaled by CORINE arable land (i.e., 13.5 Mha vs. 9.3
Mha, respectively), removing pixels with a low CC share (~ 10%) can be
used as a post-processing step to approximate the two quantities. In the
near future, area monitoring systems have the potential to provide more in-
formation about CCs at the EU level (Official Journal of the European
Union, 2021).

Here, the spatial resolution of 100-m was adopted, approximately ten
times coarser than the original resolution of the Sentinel-1 data. In practice,
this means that the pixels in the present work can potentially have mixed
signals in areas of high heterogeneity, which adds an extra layer of uncer-
tainty where non-unique cultivations are found in close proximity. As

shown in Fig. 4, this effect directly impacts the predictions for smaller par-
cels but tends to be minimized for larger units. Even though the model
could be run at 10-m resolution, this would bring new computational and
practical challenges since the number of pixels to predict would increase
100-fold. Such a high-resolution application would also require highly ac-
curate land cover masks to be used as spatial input data. While the
CORINE croplands dataset, as used in this study, is widespread in academic
studies, it does not capture the fine-scale variability at the parcel level. Re-
placing it with parcel-level data in the future can be a direction for further
work.

The additional benefit of a standardized validation dataset at a conti-
nental scale would be very relevant, since management practices present
a high variability across the EU (Panagos et al., 2015). Due to the current
lack of information, it was necessary to assume in this work that if the
model presents reasonable results for France, then it is appropriate for
other regions. France is a particularly good choice of MS due to data avail-
ability, the current status of CC implementation, and its high diversity of cli-
mate regions. However, the fact that the performance of the results in other
regions is still unknown must be improved in further work. Therefore, we
highlight the need for increased data availability and an accompanying def-
inition of what does or does not belong to the CCs group among EU coun-
tries. In this sense, it is necessary to reinforce that the results obtained in
the present work are conditional on the broad definition presented in
Section 2.2. As an outcome of this work, we justify the need for a move to-
wards a consistent terminology for CCs in the EU in order to facilitate the
synergistic use of datasets and improve future prediction exercises.
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4. Conclusions

In this work, a statistical disaggregation model is proposed to de-
rive CC information at 100-m resolution from aggregated statistics re-
ported in the Farm Field Survey at the NUTS2 level in Europe
(i.e., 215 regions with CC information). The transference from the
coarse (regional aggregations) to the fine (pixel) level was made
through a statistical model constructed based on assumptions relating
CC phenology in arable lands to a full annual time series of the cross
ratio (CR) from Sentinel-1. To quantify the model accuracy, the best
available data sampled from spatially-explicit farmers' declarations in
the French RPG was used to validate the model at the field parcel
scale. The models' interior behavior was shown to be coherent with re-
ality, modifying its sensitivity to the Sentinel-1 CR time series accord-
ing to the region and period of the year under consideration. In regions
with known CC implementation, the model properly identified the im-
portance of considering a complete time series to generate context-
dependent model predictions. This multi-temporal approach was im-
portant in the model’s successful distinction of different types of winter
cover, in which lower fractions of CCs were predicted in places with
winter commercial crops. In general, the results showed that the
model was able to successfully predict higher CC fractions in areas
where they are planted in fields. Overall, when interpreted as a binary
classifier for the whole of France, the model yielded an Area Under the
Curve (AUC) of 0.74. On a regional basis, the AUC values were 0.77,
0.75, 0.74, 0.70, and 0.65 for the North, Center, West, East, and
South regions, respectively, showing geographical variation in the
model accuracy. Despite discussed limitations, this derived data layer
can provide an important and updateable information source for re-
searchers and practitioners requiring a spatially explicit knowledge
of CC implementation.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2023.162300, and the datasets at 100-m spatial
resolution are available in the European Soil Data Centre 2.0 (ESDAC)
(JRC, 2023; Panagos et al., 2022).
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