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Highlights

What are the main findings?

e AgriCarbon-EO is able to reproduce the spatio-temporal variations of biomass, CO;,
and water fluxes of winter cover crop at a decametric resolution.

e The spatial variability of the above-ground biomass of cover crops was high both
within and between plots in the study area over the five years studied.

e  Cover crops contribute to increase the carbon inputs into the soil while having limited
impact on water availability for the following crop.

What is the implication of the main finding?

e  In South West France, cover crops represent a realistic option to increase soil organic
carbon stocks under the current climatic conditions.

e The high spatial variability of cover crop development shows the importance of
assimilating high resolution remote sensing data in a crop model to assess accurately
their impact on soil carbon and water resources.

Abstract

The use of cover crops is one of the most effective practices for maintaining, or even im-
proving, the carbon balance of agricultural soils, while offering various ecosystem benefits.
However, replacing bare soil with cover crops can increase transpiration and potentially
reduce the water available for subsequent cash crops. The study takes place in south-
western France where it is essential to strike a balance between carbon storage and water
availability, and where agroecological practices are encouraged and water resources are
limited and expected to diminish with climate change. In this study, estimates of cover
crop biomass production, as well as of the components of the water and carbon cycles,
are carried out using a hybrid approach, AgriCarbon-EO, combining modeling, remote
sensing, and assimilation, with quantification of target variables and their uncertainties at
decametric resolution. The SAFYE-CO, agrometeorological model used in AgriCarbon-EO
is calibrated to represent cover crops development, and simulated variables are compared
with CO, fluxes and evapotranspiration measured by eddy covariance (for NEE, R? = 0.57,
RMSE = 0.97 gC~r1f2 ; for ETR, R? = 0.42, RMSE = 0.87 mm), as well as to an extensive
above-ground biomass dataset (R? =0.71, RMSE = 93.3 g-m’z). Knowing the local perfor-
mance of the approach, a large-scale, decametric-resolution modeling exercise was carried
out to simulate winter cover crops in southwestern France, over five contrasting fallow
periods. The significant variability in cover crop phenology and above-ground biomass
was characterized, and estimates of the amount of humified carbon added to the soil by
cover crops were quantified at the pixel level. With amounts ranging from 40 to 130 gC-m 2
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for most of the considered pixels, these new SOC values show clear trends as a function of
cumulative evapotranspiration. However, the impact of cover crops on soil water content
appears to be minimal due to spring precipitation.

Keywords: crop modeling; carbon budget; water budget; remote sensing; cover crop;
fallow period

1. Introduction

Cover crops (CCs) are grown to provide a wide range of ecosystemic services [1].
Depending on variety, they can reduce soil erosion [2], structure the soil [3], provide
resources to pollinators [4], while introducing additional carbon to the soil [5]. When
species belonging to the Fabacea family such as faba beans (Vicia faba L.) are used, the cover
crop can also provide an additional source of nitrogen to the field by releasing the nitrogen
fixed through bacterial symbiosis during the mineralization of the crop residues [6,7]. In
the perspective of climate mitigation, the implantation of winter CCs offers a scalable way
to increase surface albedo [8,9] and soil organic carbon (SOC) stocks through increased
biomass inputs to the soil, as they can be added in various crop rotations before the
summer crops. This scalability is key, as the availability of exogenous carbon inputs like
amendments is limited [10-12]. Aside from these benefits, the cover crop also induces
additional transpiration but reduces evaporation (Evap). The total evapotranspiration
(ETR) can thus be increased depending on the climatic context [13,14]. Additionally, the
presence of CCs tends to decrease lateral water flow through the preferential flow induced
by the presence of roots and thus fosters percolation. This induced reduction in Runoff
allows for limiting soil surface erosion and the leaching of carbon and nutrients to surface
water streams [15,16]. To assess the global role of CCs through carbon fixation and its local
implications on the hydrological cycle, it is essential to put into perspective the dual effects
of the CCs on the carbon and water budgets.

The existing literature mainly relies on direct measurements or simulated scenarios
at field trials to determine the impact of CCs on the carbon and water cycles [17-19].
However, local measurements and modeling do not take into account the full scope of
the spatial and interannual variability in production and phenology exhibited by CCs.
Given their high levels of spatial and interannual variability of development [20,21], we
argue that a diagnostic of the effects of CCs needs to represent crop developments and
the biochemical fluxes it entails at high resolution. This variability can be linked among
others to soil characteristics and the fact that CCs may not receive the care provided to cash
crops (fertilization, herbicides/fungicides, soil work, and sub-optimal growth periods).
To take into account this high-resolution variability in development and its impact on the
carbon and water cycles, without explicitly knowing the causes, it is possible to use direct
observations of the crop growth dynamics [22]. However, even for crop growth proxies, in
situ measurements are still hard to come by at large scale and high resolution with high
repetition [23,24].

To circumvent this limitation, remote sensing measurements are the most promising
solution [25]. The global systematic high resolution and high repetitiveness of optical
satellite observations provided by the Sentinel and Landsat missions are of particular
interest to characterize crop growth dynamics at high resolution [26,27]. Those observations
provide estimations of the reflectance of the surface that can be interpreted to provide
biophysical characteristics. Among those variables, Green Leaf Area Index (GLAI) is a well-
known biophysical variable that is related to key plant processes, such as photosynthesis
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and transpiration and overall growth [28]. GLAI time series have been used to constrain
crop models to correct simulations for local variations in leaf growth dynamics. It has been
shown that this constraint significantly enhances the diagnostic capabilities of dynamic
crop models in numerous studies such as in [29] or [30] and across a diverse array of
applications as shown in [31].

In the highlighted studies, the spatial scaling of assimilation is presented as the factor
that limits the broad use of data assimilation in crop models to perform agronomic analysis,
but recent studies have overcome this issue [24,32]. High-resolution spatially explicit
diagnostics also present the added benefit of matching the spatial scales of representativity
of in situ measurements of CC biophysical variables such as Dry Above-ground bioMass
(DAM) (e.g., [20,21]), but also in situ measurements representing field scales such as
those provided by eddy covariance stations [33,34]. We argue that this evaluation against
independent measurements combined with an effort to assess intrinsic uncertainties linked
to the use of remote sensing guarantees a high level of transparency needed to guide local
and regional decision-making regarding the deployment of CCs at large scales.

In the current context of climate change, the impact of agricultural practices identified
as mitigation levers remains to be determined, particularly that associated with cover
crops on soil carbon stocks and water flows, which remains poorly quantified at the local
scale. Our objective is therefore to provide a framework for spatially diagnosing, at high
resolution, the biogenic carbon and water flows associated with the introduction of cover
crops, using a simple agronomic model. The AgriCarbon-EO processing chain, initially
validated for wheat crops, was used to address this challenge [24]. This tool allows us to
spatialize the SAFYE-CO, crop model constrained by GLAI time series at high resolution
and regional scale while providing uncertainty estimates.

The tool is first calibrated and evaluated against CO, and water flux measurements by
eddy covariance and in situ above-ground measurements of biomass for winter cover crops.
After the assessment of the quality of the AgriCarbon-EO simulations, the methodology
is applied at regional scale and high resolution to analyze the effects of those CCs on the
addition of newly produced SOC and on components of the water cycle in southwestern
France. This analysis includes both a regional simulation covering five intercropping
periods and an assessment focused on a partner farm.

2. Materials and Methods
2.1. Study Area

The study area covers part of the Haute-Garonne and Gers departments in south-
western France (Figure 1). This area has been monitored since 2007 in the context of the
Regional Spatial Observatory South-West (OSR SO, https://osr.cesbio.cnrs.fr/, accessed
on 3 September 2025), which benefits from numerous field surveys and various experi-
ments. With research activities mainly focused on monitoring and assessing natural and
anthropogenic determinants of ecosystem functioning at a regional watershed scale and its
landscape, this observatory is also part of the Pyrenees Garonne Regional Workshop Area
(ZA PYGAR [35]), and it embeds one of the sites of the OZCAR Research Infrastructure
on the Critical Zone [36] as well as two flux sites (FR-Aur and FR-Lam) of the Integrated
Carbon Observation System (ICOS [37]).

The region has a hilly landscape, with shallow eroded clay soils on the hilltops, deeper
clay and silt-loam soils on the slopes, and sandier and siltier soils in the river valleys. The
study area is governed by a temperate climate with oceanic and Mediterranean influences,
with annual rainfall and temperature close to 655 mm and 13 °C, respectively. The region
is covered at more than 60% by farmland, most of which is used for seasonal crops. The
main crops are winter cereals, sunflower, corn, and canola, which accounted for around
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35,17, 8, and 3% of agricultural surfaces, respectively (values derived from the analysis
of land-use maps described in Section 2.3.3). Typical crop rotations are two-year rotations
between winter wheat and sunflower, or corn monocultures. Longer crop rotations (over
more than two agricultural seasons) integrating wheat, sunflower, canola, and soybean
are also present. In this region, the winter fallow period extends from harvest of wheat or
canola (late June to mid-July), or corn (October), to the seeding of the following summer
crop, e.g., corn or sunflower (between April and May).

@ Insitu DAM
2018-2019
© Insitu DAM
[ Study area 2020-2021
@ Focus and Flux Sites
contour of french "departements" == Main Rivers

ESRI World Topo Fields with at least one
Cover crop (2017-2021)

0 20 40 km

Figure 1. Location of the study site in southwestern France (area marked with a red rectangle (A)), as
well as the network of fields studied (B). The two agricultural fields where the eddy covariance flux
towers were installed are highlighted in red (AUR for Auradé, PIB for Pibrac), while the 49 fields
where 185 cover crop biomass samples were collected are shown in orange and yellow, the difference
depending on the measurement campaign considered (2018-2019 in orange, 20202021 in yellow).

The main motivations for cultivating cover crops (CCs) in this region lies in the
mitigation of erosion risks linked to local topography and soil characteristics [38], which
are well documented and explain the adoption of agroecological practices in the region [39].
Improving soil quality and increasing carbon, particularly in depleted areas such as clay
soils, are also often cited [5,39]. Finally, there are also financial and regulatory factors
that motivate the use of CCs; for example, the need to comply with the Nitrate Directive
(91/676/EEC) and the increasing cost of nitrogen fertilizer. However, several constraints
are often cited to justify limited adoption: the financial cost of their implementation
(field management and seed cost), concerns about competition for water resources with
subsequent commercial crops, and the risk of soil compaction in clay soils due to additional
field operations or even herbicides required to terminate cover crops [39].

These concerns are amplified in a context where water availability is becoming increas-
ingly critical. Crop water needs are expected to increase by 13% to 28%, due to the growing
demand for evaporative water in the coming years. At the same time, snow accumulation
in the Pyrenees, a significant contributor to river discharge in spring and early summer,
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presents high uncertainty in terms of volume and melt dynamics, due to an expected
concomitant increase in temperature and precipitation [40]. In addition to these climatic
and agronomic concerns, population growth continues to put pressure on water resources,
which may lead to trade-offs between personal water use and agricultural needs [41].

In this specific context, faba bean in mixture with phacelia was mainly adopted, as it
grows quickly to stabilize the soil and produces a good amount of biomass compared to
other annual Fabaceae [42]. In addition, the mix of species adds resilience to the cover crop
in the event of disease or adverse climatic events or pests. Like other Fabaceae, faba bean
fixes atmospheric nitrogen through the action of its ectomycorrhizal symbioses, reducing
fertilizer requirements for the following crop [7].

2.2. Main Features of the Processing Chain

AgriCarbon-EO is an end-to-end processing chain that simulates multiple relevant
variables to crop development, including yield, total biomass, biomass inputs to the soil
(e.g., crop residues or cover crops), CO; fluxes, and water fluxes, on a daily timescale and
over large territories. These different variables can be combined to assess carbon and water
balances at various timescales (e.g., daily up to cropping year). This tool is specifically
designed to assimilate biophysical variables, derived from native high-resolution optical
remote sensing data using a radiative transfer model (PROSAIL [43,44]) into a parsimonious
agronomic model: SAFYE-CO, [33,34].

This tool has been described in detail and evaluated for winter wheat in [24]. In the
present study, the processing steps implemented in AgriCarbon-EO (Figure 2), namely the
gathering of meteorological and satellite data, the inversion of GLAI maps from satellite
images using the PROSAIL model, and the assimilation of GLAI time series into the SAFYE-
CO; crop model, are used to estimate components of the carbon and water balances of CCs.

soil and Agl’lcal‘bon-EO: @
architecture, Ecosystem
parameters priors
. /|
= soil and Variables of interest:
2 »| | PROSAIL management
2 parameters _CO, fluxes
Timeseries
of (GPP, Reco, NEE)
-Landsat8 GLAI maps
o 4 -Water fluxes and stocks
ETO0 BASAL ; . )
Sain (Evap, TRP, ETR, SWC)
Weather T > |SAFYE-CO2
Rg -Crop biomass
T (DAM, DBM)
. BASALT AWC -Crop phenology
2 | |Pedotransfer map (emerz aag
— = > .
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Figure 2. Simplified synopsis of the AgriCarbon-EO processing chain used for carbon and water
budget components and biomass estimations in this study (see [24] for the detailed model and
processing chain descriptions).

All models used in the processing chain rely on BASALT (BAyesian normalized
importance SAmpling via Look-up Table generation) to perform numerical uncertainty
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propagation and data assimilation. BASALT is a naive Bayesian method that relies on the
generation of Look-up Tables (LUT), where each line of the tables is weighed given its
relative likelihood computed through a comparison with an observable. This methodology
ensures computational efficiency through a minimal number of model simulations and the
uncertainty propagation through probabilistic weighting of LUTs, which allows providing
a posterior estimate.

In practice, a unique prior distribution is used for the pedotransfer function and
PROSAIL, while a site-specific prior distribution, forced by fixed local meteorological
conditions for each ERAS5 grid cell, is used for SAFYE-CO;. These priors are sampled and
used to run the models for each parameter combination. The next step is to calculate the
likelihood of each combination given the available relevant observables: reflectances in
the case of PROSAIL, soil textures for the pedotransfer function, and time series of GLAI
and AWCmax for SAFYE-CO,. The raw weighted ensembles or statistics representing
these ensembles can then be used to describe the surface state, given the observables and
constraints provided by the models. This posterior state can then be represented using
normal distributions (u, o) or weighted ensembles.

The data or thematic maps required to run the processing chain are first presented
(Section 2.3), followed by the variables of interest used during the calibration phase and for
statistical performance evaluation (Section 2.4). Section 2.5 focuses on three methodological
points specific to the present study: the determination of the available water content, the
calibration strategy used to retrieve the prior values of cover crop phenological and light-
use efficiency parameters, and the relationship implemented to estimate the quantity of
SOC produced by the decomposition of the simulated cover crop biomass. The biophysical
variables obtained by AgriCarbon-EO are first confronted with in situ ground data, in order
to derive a series of results illustrating the quality of the simulations (Section 3.1). Secondly,
simulations performed during five consecutive fallow periods (i.e., the periods between the
years 20162017, 2017-2018, 2018-2019, 2019-2020, and 2020-2021) are analyzed at regional
scale (Sections 3.2.1 and 3.2.2) as well as at farm and field spatial scales (Section 3.2.3). As
the winter fallow periods overlap two years, the results presented in the following sections
will be associated with the year in which the cover crop is destroyed (e.g., 2017 for the
2016-2017 fallow period).

2.3. Spatial Input Data for AgriCarbon-EO
2.3.1. Climatic Data

The climate variables used to force the agrometeorological model are global incident
radiation, temperature at 2 m, precipitation, and potential evapotranspiration. These data
are provided by ERA5-Land [45] and are automatically downloaded from the ECMWEF web
portal (accessed on 3 September 2025). The data are provided at a spatial resolution of 0.1°
(i.e., around 9 km in the study area), at a half-hourly time step and on a global scale. To be
used by SAFYE-CO, the data are aggregated on a daily time scale, by computing the mean
temperature and summing the other variables.

There is significant variation in weather conditions between the winter cover crop
seasons from 2017 to 2021. In terms of winter temperatures, the winters of 2016-2017 and
2017-2018 experienced significant cold spells in January and February, respectively, which
were absent in the other three years, which were generally milder. In terms of global solar
radiation, the last two years have fewer low peaks, which can be explained by less cloud
cover. In these years, ETO is higher in spring, which coincides with spring temperatures
above the average for the five years studied. Finally, an average of 500 mm of precipitation
is observed for the period from September to May, with significant regional variation. The
years 2019-2020 and 2020-2021 tend to be the wettest among the simulated years.
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2.3.2. Optical Satellite Images

The series of optical satellite images used to characterize the fallow periods are ac-
quired from 2016 to 2021 by three satellites belonging to two satellite missions, Landsat and
Sentinel, respectively, managed and funded by the United States Geological Survey (USGS)
and the National Aeronautics and Space Administration (NASA), and by the European
Space Agency (ESA).

Landsat-8 was launched in February 2013. It carries two kinds of instruments that
operate in spectral bands ranging from visible to thermal wavelengths. The multispectral
sensors, delivering images in spectral bands ranging from visible to mid-infrared (from
0.43 to 2.35 um), provide products with a spatial resolution of 30 m, in 8 bands, and a revisit
of 16 days.

Launched two years apart in June 2015 and in March 2017, the Sentinel-2A and
Sentinel-2B satellites carry a multispectral imager that provides images in thirteen spectral
bands ranging from the visible to the short-wavelength infrared (from 0.44 to 2.19 um).
The images are characterized by a spatial resolution of 10, 20, or 60 m depending on the
considered wavelength, with a 5-day revisit (when considering the 2 satellites).

All images are automatically downloaded from the web THEIA portal (https://www.
theia-land.fr/, accessed on 3 September 2025). Whatever the satellite, the reflectance data
are derived from the observed luminescence, using the MAJA processing chain of the
Thematic Center for Continental Surfaces (THEIA), which aims to correct atmospheric
effects, and detect clouds as well as their shadows [46].

2.3.3. Land Cover Map

The SAFYE-CO; model requires knowledge of land-use. When applied to cash crops,
previous studies [24,33,34] have relied on the Registre Parcellaire Graphique (RPG), maps
produced by the Institut Geographique National for the Agence de Service de Paiement
(French Paying Agency) in charge of paying the subsidies to the farmers in the context of
the EU Common Agricultural Policy (CAP) in France (IGN., 2020 https://geoservices.ign.
fr/rpg, accessed on 3 September 2025). The RPG provides information on the field contours
and the main cash crop each year. The RPG does not contain exhaustive and accurate data
on cover crops, therefore the information on their presence or not in a field during the
fallow period was derived as follows. The fields whose crop rotation can accommodate
winter cover crops are identified using the RPG. Fields having a winter or summer crop
followed by a summer crop have a fallow period long enough to host potentially a cover
crop. Among the concerned fields, only the ones with a maximum Normalized Difference
Vegetation Index (NDVI) greater than 0.4 during the fallow period between the 1st of
January and the 15th on at least 70% of their surface were considered as cover crops. This
filtering procedure aims at filtering out spontaneous regrowths and weed growth that are
expected to be heterogeneous, as well as cover crops that show poor development and have
a limited impact on water and carbon balances. Cover crops that were destroyed before
the end of December in our study area were not considered. Finally, the simulations were
carried out on fields larger than 5 hectares, to eliminate fields with a shape conducive to
edge effects and with a low number of pixels after erosion.

2.3.4. Soil Property Maps

Soil texture is needed to calculate the hydrological soil properties that constrain the
water reservoirs and therefore the water fluxes in SAFYE-CO;. The procedure implemented
to calculate the available water content is described in Section 2.5.1. Soil properties were
extracted from the Soil Grids database [47], which represents soil texture in terms of volume
percentages of clay, sand, and silt, as well as other soil characteristics such as carbon content
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for layers 0-5 cm, 5-15 cm, 15-30 cm, 30-60 cm, 60-100 cm, and 100-200 cm, with a lateral
resolution of 250 m. It should be noted that these 250 m products do not allow for the
full extent of soil variability in situ over 10 m to be represented, particularly given the
hilly terrain.

2.4. In Situ Data Used for Calibration and Statistical Performance Evaluation
2.4.1. Daily Flux Measurements on Two Experimental Fields

The eddy covariance flux towers were installed near the center of two agricultural
fields, located in the villages of Auradé (AUR, 43.54966°N-1.10612°E) and Pibrac (PIB,
43.64022°N-1.26675°E) (Figure 1). The Auradé field exhibits a cereal-sunflower—cereal—
rapeseed rotation, and the Pibrac site a popcorn—maize-wheat rotation. For both fields, the
cover crop is sown during the winter after a winter cereal crop and before the subsequent
summer crop. Auradé is rainfed and located between the higher end of the alluvial terrasses
of the Garonne River (dominated by the silty-sandy boulbene soil with low organic content
and unstable structure, typical of southwestern France) and the coteaux that exhibit a
hilly landscape with heavy clay soils. The Pibrac site is irrigated and situated on straight
boulbene soils of the alluvial terrasses of the Garonne.

The eddy covariance method allows continuous measurement of turbulent fluxes
of CO,, water (ETR and latent heat), sensible heat, and momentum [48,49]. Our setup
included an open-path fast infrared gas analyzer (LI-7500, LI-COR, Lincoln, UE, USA) and
a 3D sonic anemometer (CSAT3, Campbell Scientific, Logan, UT, USA) mounted on a mast.
Evapotranspiration and net CO, fluxes were computed using the EdiRe software from the
University of Edinburgh [50]. Quality controls and quality checks of the data, filtering,
as well as gapfilling were performed following the methodology recommended by the
CarboEurope-IP project and described in [49]. The NEE (net ecosystem CO; exchange) was
partitioned to estimate gross primary productivity (GPP) and ecosystem respiration (Rgco)
by using the algorithms proposed by [51] and adapted for croplands by [49]. Among the
flux measurements collected under different surface conditions, cover crops were being
planted at the Auradé and Pibrac sites during the 2019-2020 fallow period.

2.4.2. Biomass Data Collected on a Network of Fields

Biomass data were collected during two field campaigns carried out during the winter
fallow periods of 2018-2019 and 2020-2021 (Figure 1). The first campaign focused on a
single farm with significant experience of cover crop cultivation, located on hillsides, and
geared towards sustainable popcorn production. To achieve this objective, cover crops
are systematically planted after winter wheat and before irrigated popcorn in a two-year
rotation. Reduced tillage practices are used to minimize soil disturbance. This farm is
involved in various programs (e.g., naturellement popcorn, https:/ /www.popcorn.fr/en/
news/naturellement-popcorn-consortium/, accessed on 3 September 2025) as a pilot site
for demonstrating and testing protocols for estimating cover crop productivity and soil
organic matter dynamics. Measurements were located on 4 fields, where the sown species
were faba bean and phacelia. The second campaign covered a larger number of fields (45),
with more diversified specific compositions, with mainly pure cover crops of faba bean, a
few associations of faba bean with phacelia or oats, and a single field with crimson clover.
The fields all have the same crop rotation as before and similar management. However,
soil types can vary considerably between fields depending on their distance from the
rivers that carved out the Gascony hillsides. Fields closer to the riverbeds tend to have
silty soils due to alluvial deposits, while fields further out on the uplands have heavier,
clay-rich soils. In the end, measurements were collected at 167 geo-referenced measuring
locations, using the Elementary Sampling Units (ESU) protocol [33]. In the ESU protocol,
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above-ground vegetation (cover crops and weeds) is sampled at five placets (of 1 x 1 m)
located at the corners and center of a 10 x 10 m square (i.e., the resolution of a Sentinel-2
pixel). The fresh above-ground mass of the five samples is measured in the field, and one
of the samples is brought back to the laboratory and dried in an oven to determine the
dry above-ground mass (DAM) and the relative humidity. This relative humidity value is
then applied to the other in situ measurements (placets) of the ESU to calculate the mean
cover crop DAM as well as its standard deviation. The in situ biomass data used here for
validation is therefore the sum of the DAM of all CCs and of the weeds. Mean DAM values
range from 100 to 500 g-m~2 and from 15 to 750 g-m~2 for the 2018-2019 and 2020-2021
campaigns, with a mean biomass at the end of the growing season of 340 g-m~? for both
datasets. A relative error ranging from 15 to 20% was observed when the five replicates of
the ESU are considered.

2.5. Modeling Point Specific to This Study
2.5.1. Determination of the Available Water Content

To retrieve the available water content (AWC) maps, a simple Bayesian approach
(BASALT [24]) was adopted. In practice, the clay and sand fractions were sampled
5000 times uniformly between 0 and 1, and the AWC was calculated for each sample
using the pedotransfer functions adapted to the French context by [52]. These texture AWC
pairs represent a prior distribution. The relative likelihood of each sample was calculated
given the Soil Grids texture probability density functions. To derive the texture probability
density function, the standard deviation of the Soil Grids products was approximated
based on the provided quantiles. The final products of this procedure are maps of the mean
and standard deviation of the AWC given the texture values provided by Soil Grids. This
information is assimilated in SAFYE-CO, by adding a normal noise of 0.05 to the field
capacity values centered around 0.25, and by calculating likelihoods based on GLAI and
AWC instead of GLAI alone.

2.5.2. Calibration Strategy for the Agrometeorological Model

The calibration of the model for winter CCs was carried out at the Auradé site, which
was seeded with faba bean CC. This was performed by assimilating NEE and GLAI
using the BASALT method and broad priors. The posterior distribution of phenological
parameters obtained from this calibration step is then site-specific. The a posteriori values
have been relaxed for phenological parameters to encompass regional variability and allow
reproduction of the different dynamics observed at emergence or leaf allocation over the
region. The relaxed posterior values were used to run the simulations presented in Section 3.
The quality of the simulation with the broadened parameter priors was assessed on Auradé
and independently validated on Pibrac sites (Section 3.1.1).

2.5.3. Estimation of Soil Carbon Stock Changes Caused by Cover Crop

Based on estimates of the dry biomass before the destruction of the cover crop
(DAMy,yy) and the dry biomass below-ground (DBMy,,,), the amount of C returned to
the soil as biomass and the soil organic carbon stock change (dSOC) caused by the cover
crops can be determined, taking into account the carbon content of the biomass and the
humification coefficients of the above- and below-ground vegetation, as follows:

dSOC = Ceont X (DBMpary X humygot + DAMpapy X humcrop)r 1)

where Ceont is the carbon content of the dry biomass (fixed at 45%) and humrop and humyoot
are the humification coefficients of the above- and below-ground parts of the crop and are,
respectively, equal to 0.384 and 0.4. These humification coefficients represent the fraction
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of the carbon contained in the biomass that is stabilized as SOC. Those coefficients are
provided by the [53] dataset produced as part of the SOLEBIOM project.

The work presented here focuses on variations in soil organic carbon stock following
CC destruction. This newly produced SOC will then be mineralized (at a slower rate than
biomass) and will decrease significantly over a period of 5 to 10 years. To capture the
dynamic nature of SOC on multi-year time scales, specific soil models such as AMG [54],
ROTHC [55], or Century [56] are required, but are outside the scope of this study.

3. Results
3.1. Characterization of the Modeling Approach’s Performance

The model evaluation was divided into two distinct exercises, one on the flux tower
sites and the other on the two cover crop biomass campaigns (Figure 1).

3.1.1. Assessment of the Model for the GLAI, and for the Components the Net CO, Fluxes
and Water Budgets

Daily values of GLAI, CO, flux components (NEE, GPP and RECO), and water cycle
components (ETR, SWCq_3ocm) estimated by the model are compared with those observed
during the 2019-2020 fallow period at the AUR and PIB flux sites (Figure 3).
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Figure 3. Temporal evolutions of the in situ or satellite-derived measurements (in blue) and modeled
(in green) GLAI, NEE, GPP, RECO, ETR, and SWC_3y cm for the two flux tower sites of Auradé
(A) and Pibrac (B) (AUR and PIB, respectively). The graphs focus on the fallow period, with
gray areas indicating the presence of a cover crop. The results from the AUR site correspond to a
verification of the parameterization, and those from the PIB site to an independent evaluation of the
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proposed approach.

In this analysis, two periods are distinguished, namely the fallow period (between the
two cash crops, integrating bare soil conditions and the presence of vegetation) and a focus
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on the cover crop (period in dark gray on Figure 3). A summary of statistical fitting criteria
distinguishing both periods is presented in Table 1. It is important to stress that the results
presented for AUR are a verification of the a priori (obtained by calibration against GLAIL
NEE, and ETR) and applied in the case where only GLAI is available. The results obtained
on the PIB site correspond to an independent model evaluation.

Table 1. Summary of statistical performances (i.e., coefficient of determination, R?, root mean square
error, RMSE, and bias) for the different simulated variables at the 2 study sites during the 2019/2020
cover crop and whole fallow period (NR stands for not relevant).

) . Cover Crop Period Fallow Period
Sites Variables R2 RMSE Bias R2 RMSE Bias
GLA 0.98 0.21 0.01 0.99 0.03 NR
NEE 0.66 1.19 0233 0.63 1.51 —0.63
GPP 0.78 145 ~0.39 0.79 1.26 ~0.12
AUR Reco 0.75 0.53 0.06 0.24 1.12 05
ETR 0.76 0.4 01 0.26 1.15 0.2
SWCo_s0em 0.81 0.01 0.05 0.74 0.06 0.01
GLA 0.76 0.16 0.01 0.69 NR NR
NEE 0.42 1.04 0.01 0.57 0.97 —055
GPP 0.56 1.09 0.21 0.58 0.87 0.32
PIB Reco 0.27 0.73 ~19 0.1 1.38 0.87
ETR 0.54 0.63 0.16 0.42 0.87 0.1
SWCo_s0em 0.58 0.03 0.0 0.82 0.04 0.01

The dynamics of the simulated variables are well reproduced overall, particularly
when cover crop is present (as highlighted by the values of the various statistical criteria,
Table 1). The assimilation process enables good reproduction of the canopy development
phase till the destruction, as shown by the performance associated with GLAI simulations,
with the R? of 0.98 at the Auradé site and 0.76 at the Pibrac site, which is reasonably good
considering the low intensity of cover crop development. Overall, the model reproduced
well these contrasting levels of vegetation development.

NEE is well reproduced during the period when vegetation is present (RMSE lower
than 1.19 gC-m~2) but errors are greater when the fallow period is considered (maximum
RMSE of 1.51 gC-m~2). This difference is explained by a poorer representation of ecosystem
respiration during periods of bare soil, in particular after the destruction of the cover crop.
The higher error levels observed during those periods before the cover crop emergence may
be associated with the increase in respiration due to the humification of the previous crop
and cover crop residues that are not explicitly represented in the SAFYE-CO; soil respiration
module. This systematic underestimation of soil respiration causes an overestimation of
the SOC-related and climatic benefits in a diagnosis that would rely on these simulations of
about 90 gC-m~2 given the observed bias over a five-month period. This is the reason why
a humification coefficient was introduced to calculate their effect on SOC stock changes
induced by the decomposition cover crop (see Section 2.5.3). Finally, the development of
spontaneous regrowth and weeds at AUR before the cover crop also causes additional
dispersion in the results.

The evapotranspiration dynamics observed when the cover crop is present are well
reproduced, as evidenced by the error levels of 0.40 and 0.63 mm for the AUR and PIB
sites. The ability of the model to reproduce evaporation before and after the cover crop
is more contrasted. The choice of a single formalism to represent “bare soil” periods
may present limitations, when crop residues cover the soil or when weeds/spontaneous
regrowth develop.
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Finally, the topsoil water content dynamic is quite well reproduced, except before the
cover crop emergence at the AUR site. The poor representation of surface water content
can be explained by the low ETR levels simulated during the initial bare soil period and by
the presence of spontaneous regrowths and weeds. Furthermore, a discrepancy between
the ERA5-Land land-rain product and in situ precipitation could induce a systematic bias
during the whole cover crop period.

3.1.2. Assessment of the Spatio-Temporal Representativity of Cover Crop
Biomass Simulations

The above-ground biomass (DAM) estimates simulated by the model over the 2018-2019
and 2020-2021 fallow periods are compared with in situ data collected on various
fields (Figure 4).
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Figure 4. Comparison between the measured and the simulated cover crop biomass. Measurement
months are differentiated by the color of the points. Points with f concern faba beans biomass
measurements; p, phacelia; and fp a mix of both. Points with white text were measured during the
2018-2019 fallow and with black text during the 2020-2021 fallow period. The gray bars correspond
to an error of 1 sigma for each point.

The modeling approach shows overall good performance, characterized by a coef-
ficient of determination of 0.71, and an error level below the variability observed in the
measurements. RMSE values are 93.9 g-m~2, compared with standard deviations of in situ
biomass of 154.2 g-m~2 (Table 2).

These statistical indicators are derived at different periods of the vegetative cycle,
showing good levels of relatively stable performance. Thus, for maximum biomass values
observed at the end of the cycle, close to destruction, the R2 levels are 0.61 and 0.78 for the
months of March and April, and as previous, the RMSE values are lower than the standard
deviations of the measurements. The same applies for estimates made on lower biomass
levels, observed at earlier stages of vegetation development during January and February
(R? levels are 0.77 and 0.71, respectively).
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Table 2. Summary of statistical performances (i.e., coefficient of determination, R?, root mean square
error, RMSE, and bias) obtained from the comparison between measured and the simulated cover

crop biomass.

Months nb Mean Std R? RMSE Bias
December 3 80.23 21.10 0.99 12.08 9.71
January 28 94.27 58.01 0.77 45.28 28.40
February 48 155.07 105.31 0.71 63.90 1.16
March 78 283.80 162.85 0.61 110.99 8.00
April 10 239.73 164.02 0.78 160.73 85.67
Total 167 208.73 154.17 0.71 93.93 14.14

3.2. Landscape-Scale Simulation for 20172021 Period

After characterizing the model’s performance based on various observations relating
to biomass, carbon, and water budgets, simulations were carried out on the Sentinel-2 tile
of interest during five consecutive fallow periods (between 2017 and 2021). First results
present the model’s ability to reproduce the spatio-temporal development of cover crops.
Then, the results of biomass estimates, dSOC, ETR, and soil water content are presented

and analyzed.

3.2.1. Ability of the Model to Reproduce High-Resolution Crop Spatio-Temporal
Development Variability at Regional Scale

The quality of GLAI assimilation in the modeling approach is characterized by the
statistical criteria presented in Figure 5, for five fallow periods between October 1st and

April 15th of the following year.
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Figure 5. Distribution of the statistics between simulated GLAI values and those derived from optical
satellite images at pixel scale (i.e., coefficient of determination (A), R?, bias (B), and root mean square
error (C), RMSE), with the number of images (D) for the 2017-2021 period.

Regarding bias and RMSE values, overall performance is very acceptable and relatively
stable for the studied years, despite the variable number of available images, with median
values ranging from 13 to 22 images for the years 2017 and 2019, respectively. Mean biases

are slightly negative, with a narrow distribution, with median values around —0.14 m?-m~2.
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In terms of RMSE, the year 2017 stands out slightly from the other studied years. This
translates into a higher error, with a median value of 0.56 mZ-m~2, compared to the other
years that are characterized by median RMSEs varying between 0.29 and 0.36 m?-m~2.

Analysis of the agreement between GLAI observations and simulations (Figure 5)
shows that bias and RMSE values are generally low. The low R? values, in the context
of low bias and low RMSE, can be explained by the fact that areas with low vegetation
development have low GLAI variability to explain.

A significant proportion of the bias and error is observed during bare soil periods
and can be explained by the fact that PROSAIL’s Bayesian inversion method is never 100%
certain that the soil is bare. Therefore, the mean of the inverted GLAIs is always greater
than 0 m?-m~2. The model, on the other hand, simulates GLAISs strictly equal to 0 m?-m~2
during bare soil periods.

Figure 6 illustrates the diversity of cover crop growth as observed during the fallow
periods for several locations where DAM validation data are available.
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Figure 6. Examples of temporal evolutions of the satellite-derived (circles for Sentinel-2 observations
and triangles for Landsat-8, the colors correspond to a RGB color composite from the RGB reflectance
observed by satellite) and estimated (green lines) GLAI and DAM during the fallow period. In
situ DAM measurements are represented by brown squares. The examples illustrate: (A) a long,
well-developed CC, (B) early CC death, (C) severe damage followed by CC recovery and growth,
(D,E) low CC development, and (F) a small number of satellite images during the CC growth period.

The case presented in Figure 6A corresponds to a long, well-developed cover crop. The
growth phase is clearly visible, with GLAI values increasing until they reach a maximum
close to 4 m?-m~2, until the vegetation is destroyed. In some cases, disease can affect the
CC, resulting in early vegetation death (Figure 6B), or severe damages followed by a plant
recovery and growth (Figure 6C). Vegetation development is more limited in Figure 6D,
with a cover crop that emerged late and was destroyed during the growth phase. The cover
crop development is even lower in Figure 6E.
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Emergence

In these examples, image acquisitions are numerous and regular. The model repro-
duces the different vegetation states observed by the optical satellites, with a greater
dispersion of solutions when canopy development levels are low (cases D and E). The
events observed in case C (i.e., canopy mortality followed by renewed growth) lead to
solutions that are split between a short cycle with high leaf area index values, and a long
cycle associated with a low level of vegetation development. Finally, in Figure 6F, only
a small number of satellite images were available. The dispersion between solutions is
therefore significant, with the inversion approach not being able to differentiate different
growth dynamics given the lack of relevant information.

3.2.2. Regional Variability in the Timing of Cover Crop and Biomass Production

The implementation of the model gives access to a set of variables of interest such
as emergence or destruction dates, as well as the amount of cover crop biomass before
destruction (Figure 7).
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Figure 7. Distribution of mean values and standard deviations for the dates of vegetation emergence
and destruction, as well as biomass levels of cover crops prior to destruction, estimated using the
modeling approach for the five fallow periods.

Cover crop emergence can be observed as early as September, in 30 to 40% of the fields
(depending on the considered year). In other fields, the date of emergence is spread out
from October to December. The uncertainty of this metric reaches its maximum at around
5 days, and can extend up to 35 days, when few images are available during the emergence
period. In contrast to emergence, the dates of destruction observed within the tile are much
more contrasted depending on the studied years. For example, cover crops are already
destroyed on 50 to 70% of the fields in early April in years 2019, 2020, and 2021, whereas
less than 30% of the cover crop fields were destroyed in this period in years 2017 and 2018.
This difference is related to climatic conditions, which influence the timing of management
practices, and particularly the possibility to enter the fields with tractors, depending on soil
water content (e.g., they are a significant risk of soil compaction and getting stuck when
entering the field while soil humidity is high). Since the destruction takes place during a
period when cloud cover is less significant, we observe lower temporal uncertainties for the
date of destruction, mostly less than fifteen days. At the scale of the satellite tile, the biomass
estimates before destruction (DAMy,,) are close, with median values ranging from 320
to 375 g-m~2 depending on the considered year. Uncertainties relating to this variable
are centered around 50 g-m~2. It should be noted that this uncertainty value generally
correlates well with biomass production, and that the average values of the coefficients of
variation (i.e., ratio between standard deviation and mean) are approximately 10 to 15%
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On the fields where cover crops are grown, the values of organic carbon returned to
the soil vary between 0 and 300 gC-m~?2 (Figure 8). However, the majority of pixels have
values within a narrower range, i.e., 80% of pixels have values of carbon returned to the
soil between 40 and 130 gC-m~2 (with a median value close to 77 gC-m~2) whatever the

year considered.
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Figure 8. Bivariate plots of the mean posterior distribution of different variables relate to water
budget (i.e., daily accumulated evaporation and evapotranspiration, Evap and ETR, as well as soil
moisture of top and deep soil layers) and soil organic carbon stock changes (dSOC) induced by
the decomposition of cover crop biomass. The average posteriors are derived from the pixel wise
simulations of the fallow periods from 2017 to 2021.

A joint analysis of the soil organic carbon stock changes following CC destruction
and soil moisture at the date of destruction shows no notable trend. Soil water content
at the cover crop destruction for the deep soil layer (30 to 100 cm) are generally similar
between the studied years, as shown by the median values close to 0.27 m®-m~3. Soil water
content at the surface (0 to 30 cm) is more contrasted between years and spatially. The
ranges of values observed for the years 2020 and 2021 are similar (with median close to
0.16 m® m~3) and reflect drier conditions than those observed in the other 3 years (median
values between 0.19 and 0.23 m®-m~3) that show greater variability. These significant
differences are related to differences in climatic conditions, which result in contrasting
evaporative demands, as evidenced by the evaporation and evapotranspiration values sim-
ulated during the fallow periods. Cumulative daily evapotranspiration reaches maximum
values between 260 and 310 mm in the years 2017 to 2019, while these values are the lower
limits for the years 2020 and 2021. The scatterplots between dSOC and cumulative Evap or
ETR show opposite trends, more or less pronounced depending on the considered years.
With Pearson correlations between —0.46 and —0.71 between dSOC and evaporation, and
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slopes between —0.34 and —0.46 mm per gC-m 2 (for years 2019 and 2021), the observed
trends reflect a limitation of evaporation because of the cover crop development. For a
median value of carbon returned to the soil of 77 gC-m~2, this limitation of evaporation
represents quantities of water of 26.2 mm and 35.2 mm (for years 2019 and 2021). Con-
sidering ETR (evaporation + transpiration), trends become positive with slopes between
0.11 and 0.28 mm per gC-m~2 for years 2017 to 2019, and more pronounced slopes of 0.51
and 0.70 mm per gC-m~2, for 2020 and 2021, respectively. These positive trends can be ex-
plained by the link between transpiration and biomass production: CCs with higher GLAI
dynamics photosynthesize more and are associated with higher cumulated transpiration
and higher levels of biomass production. As before, for a median value of carbon returned
to the soil of 77 gC-m 2, the quantities of water consumed range from 8.5 mm to 53.9 mm
(for years 2017 and 2021, respectively).

Throughout the study area, according to Soil Grids products, the values of the differ-
ences between wilting point and field capacity vary between 0.03 and 0.2 m3-m~3. Based
on these values, the amount of water that can be contained in the surface 30 cm soil layer
varies between 9 and 60 mm. In terms of precipitation, during the two months when
cover crops are destroyed and summer crops are sown (i.e., April and May), cumulative
precipitation averages 135 mm. This amount of precipitation is sufficient to fill the surface
reservoir. Cover crops have no direct effect on surface water levels in May and almost no
effect at the end of April. However, the conclusions may change with the evolution or
combination of different factors: (i) if rainfall patterns change, (ii) if more productive and
more transpiring CCs are grown, and/or (iii) if destruction of CCs occurs too late (reducing
the gap with the main crop).

3.2.3. A Case Study at Farm Scale

In Figure 9, simulations of the fields from a farm that grows winter CCs every second
year between winter wheat and maize are shown. DAMs of cover crops were measured
at this farm during the two field campaigns. At this scale, the interannual variability of
simulated DAM values when CCs are destroyed during the five fallow periods is clearly
observable, with contrasting values, in contrast to the previous analysis carried out at the
tile scale (Figure 7). In Figure 9, the years 2018 and 2020 show lower values of DAM than
the other years, with mean above-ground biomass values of 318 and 369 g-m 2 respectively,
compared to more than 480 g-m~2 for the other years. On the other hand, for a given year,
the simulated DAM shows significant variability at farm scale and at intra-field scale. For
example, in 2019, the three fields on the farm growing CCs have mean DAMs ranging from
331 to 758 g-m 2. The coefficients of variation for these same fields range from 12 to 22%,
reflecting areas of high and low vegetation development.

On the same fields, the simulated daily evapotranspiration values are cumulated for
each fallow period from 2017 to 2021 (Figure 8). The trends observed within these fields
are like those previously observed for all the fields at the scale of the studied tile. The
years 2017 to 2019 show lower cumulated ETR (mean values close to 211 mm) than those
simulated in the years 2020 and 2021 (mean values close to 415 mm). This difference can be
explained by climate variability, which results in higher evaporative demand for years 2020
and 2021. Regarding topsoil water content at the end of the fallow period, drier levels are
observed in years of high evaporative demand, with lowest average values of 0.15 m>-m 3
for 2020 and 2021. In other years, the mean values of soil water content of the top layer are
close to 0.20 m® m~3. The generally wetter conditions reveal more contrasting intra-field
patterns (with maximal values of mean coefficients of variation of 14% for 2018), linked to
soil properties and topography.
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Figure 9. Maps of dry above-ground biomass estimated before the destruction of cover crops from
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2017 to 2021, together with estimations of cumulative evapotranspiration during the fallow periods,
and soil water content of the topsoil layer (0-30 cm) at the end of the fallow period.

4. Discussion
4.1. Performance Comparison with the Existing Literature

In this study, we simulated long winter cover crops in southwestern France over
approximately 10 million pixels with a resolution of 10 m over five years. In this exercise, we
observed significant variability between years, between fields, and even within fields. Most
of the phenological diversity observed using satellite-based GLAI is well represented, as
shown in Figure 5, which indicates that most pixels have an RMSE of less than 0.5 m? m~2.
The simulations of CO, and water flows are quite accurate during the plant growth period,
but the bare soil period is less well represented, as the humification of cover crop biomass is
not taken into account in the simple soil respiration formalism used in SAFYE-CO,. Finally,
the spatial and temporal variability of cover crop biomass was well reproduced, with a
high R? greater than 0.6 and an RMSE between 12 and 160 g-m 2 depending on the month.
It should be noted that the validation datasets mainly contain faba beans, grown during
two intercropping periods. This leads us to compare the present work with the simulation
performance obtained through other modeling exercises for faba beans.

Popular crop models such as APSIM, STICS, and Aquacrop are parametrized to be
able to simulate faba bean cash crops. Regarding DAM, Aquacrop, STICS, and APSIM
have been evaluated for faba beans in different contexts. Aquacrop was evaluated in
southeastern Australia by [57] and by [58] in Tunisia. These studies obtained R? of 0.95
and 0.52, and RMSE of 260 and 140 g-m 2, respectively. In [59], STICS was calibrated for
faba beans in southwestern France using data collected during field experiments. The
evaluation found R? of 0.77 and an RMSE of 140 g-m~2. Finally, APSIM obtained scores of
R? of 0.57 and 0.28, RMSE of 440 and 793 g-m 2, and bias of 163 and 729 g-m 2 when faba
bean was used as a cash crop and as a cover crop, respectively [60]. All those studies were
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performed at sites going from Sweden to Spain, which illustrates the ability of faba beans
to adapt to large pedoclimatic conditions and for contrasted uses. In our study, the DAM
values retrieved with AgriCarbon-EO have R? and biases, respectively, in the high and low
ends of the range observed in the literature.

Regarding the evaluation of models to simulate ETR and CO; fluxes for faba beans,
no relevant literature was found. When we expand the search perimeter to the Fabaceae,
most of the studies relate to soybean. To study this crop, the [61] study has coupled the
CMS CROPGROW crop model to the ECOSMOS ecosystem model and the resulting model
was evaluated against data collected at an Ameriflux site in Nebraska. This study obtained
average RMSEs of 1.68, 2.22, 1.24 gC-m_2 and 0.89 mm for NEE, GPP, Reco, and ETR,
respectively. Those values are in line with the ones obtained in our study but may not be
comparable due to contrasting management.

When comparing the results of AgriCarbon-EO to the previously mentioned studies, it
is necessary to keep in mind that those studies benefit from detailed field management data
and descriptions of the crop varieties. Despite this handicap, AgriCarbon-EO allows retriev-
ing the variables with comparable accuracy by relying on the high-resolution phenological
information provided through the assimilation of satellite data.

The results may thus be more comparable to studies based on remote sensing, such
as [62-64]. Those studies have comparable performances, but the study by [20] may
be the best comparison to the current study in terms of agronomic context. This study
demonstrates among others the use of the Random Forest method for predicting cover crop
DAM at the end of the cropping cycle based on a series of Sentinel-2 images. R? of 0.75 and
RMSE of 73 g-m~2 were obtained. Those scores are slightly better than those obtained here
but may need to be tested on multiple years to demonstrate robustness. Wang et al. 2023
inverses the scope radiative transfer, energy budget, and plant physiology model with a
machine learning correction with aerial hyperspectral data as a constraint to obtain similar
results to [20] for cereal rye (R? = 0.71, RMSE = 50 g-m~2). These approaches are limited to
mono temporal information mainly for biomass while our approach allows us to assess
other key components of the carbon and water cycles at a daily frequency. The ability of the
AgriCarbon-EO processing chain to analyze multiple physical variables and the possibility
to physically and agronomically interpret modeling errors demonstrates the usefulness
of this approach, even when compared to high-performing machine learning methods
focused on single variables. The possibility of assimilating biophysical variables provided
by machine learning methods, such as those deployed in [20] or other ones provided by
the inversion of physical models as in [64], may also be considered to further improve
AgriCarbon-EQ’s performance.

4.2. Limits Related to the AgriCarbon-EO Processing Chain

For both CO; and water fluxes, the main biases are observed during bare soil periods.

The current formalism of SAFYE-CO; soil respiration is provided by [65]. This ap-
proach was chosen for its simplicity, which facilitates its implementation, even if this comes
at the expense of some physical and biological accuracy. This model represents base miner-
alization as a function of temperature and soil moisture, and it has no dependencies, either
on the input of organic matter to the soil, or on the initial soil organic carbon stocks. This
leads to a systematic underestimation of soil respiration, which accounts for approximately
0.5-0.6 g'm~2 in the presented model evaluations. Over a five-month period of bare soil,
this bias represents a cumulative bias of up to 90 gC-m~2.

More complex formalisms or models could be used to dynamically represent the
respiration resulting from litter and amendment decomposition. However, such models
require more input data (e.g., management data on organic amendment and accurate soil
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measurements). This information is often only available for tightly monitored fields/farms
(e.g., long-term soil experiments at ICOS sites) and is currently far from systematically
available, especially at high resolution. The systematic availability of these variables and
the implementation of a more detailed soil model would most likely allow for a better rep-
resentation of soil respiration, through the integration of humification in the first instance,
but also of secondary processes such as the priming effect [66,67]. However, the systematic
gathering of such information would depend on the mandatory reporting of agricultural
practices, which may not be feasible or accepted, and/or remote sensing techniques ca-
pable of detecting changes, in order to obtain information on actual carbon inputs. Work
based on satellite images shows that it is possible to derive a range of information, on the
presence of crop residues or on tillage [68,69], which could be integrated into the proposed
modeling approach. Nevertheless, in order to implement such approaches, a considerable
leap forward is needed in terms of the accuracy of soil carbon mapping [70]. Although it
does not provide a comprehensive framework for spatial modeling of soil carbon, this work
proposes a methodology for accurately estimating soil carbon inputs from cover crops. This
information is a key step toward modeling soil carbon in agricultural systems transitioning
to agroecological and soil conservation practices.

With regard to modeling water stocks and flows, it should be noted that the current
use of the simple FAO methodology limits the applicability of this processing chain to soils
that are not too sandy. Furthermore, this formalism does not take into account hydraulic
conductivity and matrix pressure, which can be influenced by soil type and texture. These
limitations may exclude certain regions from being simulated and may also limit the
physical realism of the simulated water stocks and flows.

In several monitored fields of this study, anthracnose symptoms were observed. These
led to partial or total premature death of the vegetation that were more or less well captured
by the model (illustrated, for example, in Figure 6B,C). In fields where phacelia and faba
beans were sown together, it was possible to observe a strong recovery of vegetation after
the partial or total death of the faba beans, which corresponded to the growth of phacelia,
which became dominant. It would be possible to adapt existing mechanistic but complex
formalisms [71,72], or to consider several vegetation cycles during fallow periods. However,
such modifications could lead to over-fitting during the assimilation process, as the noise
on GLAI provided by the PROSAIL inversion could be modeled as disease.

The limitations described above can all be resolved by integrating more processes,
forcing data, or assimilating parameters and variables. However, in the context of a
methodology aimed at systematic spatial modeling, parsimony is essential. The controlled
complexity of the approach limits the intake of uncertain and sometimes contradictory
information, ensuring robustness and facilitating technical deployment. Therefore, if new
formalisms were to be integrated into this approach, it would be necessary to rigorously
evaluate the additional performance and verify access to relevant input data and its qual-
ity in order to maintain the ability to perform large-scale spatialization, by considering
several criteria: the question of performance gain, the number of added parameters to
take into account a new process, and above all the possibility of informing them, particu-
larly at the considered spatial scales (i.e., simulations on decametric pixels of one or more
satellite tiles).

4.3. Limits Related to the Use of the Remote Sensing Data

The proposed modeling approach requires a mask indicating the location of fields
with cover crops. In the present study, this mask is derived from satellite images and
information from the RPG, with a focus on long winter cover crops. Nevertheless, there are
different types of cover crops, with short (e.g., catch crops) and long winter cover crops
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or summer cover crops, and various destruction methods [73]. Precise mapping of fields
with these types of CCs constitutes a specific field of research. It is the subject of ongoing
research, and relies on methods based on optical and/or radar remote sensing data [74-76].
In addition, discussions are underway on the systematic inclusion of cover crops in CAP
declarations by farmers, which could replace satellite image-derived classifications for a
posteriori estimates and diagnoses.

Cover crop development can be very heterogeneous (as illustrated in Figure 5). In
the case of poor vegetation development, it may be difficult to differentiate between the
estimated biomass corresponding to a short cycle, and that resulting from the assimilation of
noisy GLAI values. In such cases, it would be advisable to propose GLAI behavior filtering,
or to define a minimum limit for biomass estimation, to limit “false positive” errors.

Due to cloud cover, one year of flux measurements could not be used in this study,
nor could some biomass samples. During fallow periods, cloud cover can be either total,
preventing the implementation of the proposed approach, or partial, affecting the results as
in Figure 6F. In this case, the consequences for the estimation of the target variables will
differ according to the period without images. For example, an absence of images in the
weeks prior to destruction can be highly detrimental to the estimation of biomass quantity.
Indeed, during this period, climatic conditions offer vegetation good growth conditions, as
shown by the flux measurements, particularly those of GPP before destruction (Figure 3). In
this context, an alternative would be to assimilate biophysical variables derived from SAR
data (for example, those acquired by Sentinel-1), which would provide complementary
information, allowing for better constraint of the simulations. Various studies have demon-
strated the potential of these data for monitoring crop-related biophysical variables [77-80]
as well as their added value for assimilation into crop models [81-85]. However, the behav-
iors observed on crops often show crop-specific dynamics. It remains to be demonstrated
that generic SAR information can be used to constrain a simulation in the context of cover
crops, given the architectural differences between species and the agricultural practices
implemented (sowing method, single species, or mixture, etc.).

5. Conclusions

This study shows that the AgriCarbon-EO processing chain is a valuable tool for
assessing cover crop production, as well as their impact on critical components of the
water and carbon budgets during the fallow periods. The validation of this approach,
through a regional assessment based on measurements taken by flow towers and the
collection of biomass samples during two intensive field campaigns, provides benchmark
performance levels for a framework for implementing intermediate cover crops. These
results are promising, but need to be supplemented with more comprehensive datasets,
representing a greater diversity in terms of climates, soils, and CC varieties, in order
to ensure their transferability at the European level. Modeling exercises have enabled
the establishment of new parameterization for long cover crops in southwestern France,
allowing for accurate representation of CO, and water fluxes during the crop growth phase,
as well as the spatial and temporal variability of biomass production for datasets with the
aforementioned limitations, while accurately representing regional phenological variability
at high resolution.

Spatial simulations were used to characterize the phenology of cover crops and above-
ground biomass across nearly 10 million pixels with a resolution of 10 m over five contrast-
ing years. Median biomass values ranged from 320 to 375 g-m 2, with significant variability
detectable only through remote sensing observations. Annual gains in soil organic carbon
from cover crop decomposition were estimated using an approach based on humification
coefficients, as dynamic simulations of soil respiration during CC litter decomposition were
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deemed too unreliable. This method provided amounts of newly formed SOC ranging
from 40 to 130 gC-m~2 for most pixels related to CC cultivation. When analyzing the link
between this neoformed SOC derived from CC biomass and cumulative evapotranspiration,
clear trends were found, but the impact of cover crops on soil water content appears to be
minimal due to rain events during the spring.

This calibration and evaluation of the SAFYE-CO, model and AgriCarbon-EO pro-
cessing chain adds long winter cover crops to the list of crops that can be represented,
but needs to be evaluated in a wider range of soil and climate contexts. This step is an
essential prerequisite for conducting further studies to assess the local effects of adding
cover crops to multi-year crop rotations, in order to evaluate their medium- and long-term
agroecological impacts using a broader range of indicators.

Code Availability: This section discusses the availability of the code. AgriCarbon-EO is implemented
in Python 3. AgriCarbon-EO requires the PROSAILv5 Python package and the SAFYE-CO, v2.0.5
Python implementation. AgriCarbon-EO v1.0.1 is available free of charge for research and evaluation
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