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Résumé : Le carbone organique du sol (COS) dans les
zones agricoles joue un role clé dans la sécurité
alimentaire et I'atténuation du changement climatique.
La quantification du COS est nécessaire pour mettre en
ceuvre des techniques et des pratiques de stockage.
Cependant, I'échantillonnage du COS dans un monde
qui comporte environ 1,5 milliard d'hectares de sols
agricoles est un véritable défi. C'est pourquoi
l'utilisation de technologies telles que les capteurs
satellitaires pourrait étre une alternative prometteuse
pour quantifier et cartographier le COS dans différents
types d'agroécosystemes a travers le monde. L'objectif
de cette these est celui d'évaluer le potentiel des images
satellitaires Sentinel-2 (S2) et Sentinel-1 (S1) pour la
cartographie du COS dans les agroécosystemes de la
France métropolitaine en utilisant des modeles
spectraux et spatio-spectraux. Le chapitre 1 aborde
I'état d'avancement de la cartographie du COS en
France et présente les principales limitations et
méthodes actuellement reposant sur les données
d'images satellitaires pour la prédiction du COS. Le
chapitre 2 présente les régions d'étude situées en

Bretagne, Occitanie et Centre Val de Loire. De plus, les
principaux ensembles de données utilisés sont décrits
et une analyse préliminaire de l'une des régions
d'étude est présentée. Le troisieme chapitre évalue le
potentiel des images S2 et des produits dérivés de S1
et S2 pour prédire le SOC a l'aide d'images a date
unique (mono-date). Dans ce chapitre comme dans le
second, des limitations liées principalement aux
conditions de surface du sol ont été observées ; et les
meilleures dates d'image pour détecter le SOC ont été
identifiées. Dans le quatrieme chapitre, au lieu
d'images a date unique, I'utilisation de mosaiques
temporelles S2 de sol nu (S2Bsoil) par périodes est
abordée, tout comme |'utilisation de covariables
dérivées de l'imagerie satellitaire et du terrain. Ce
chapitre traite de l'importance de la sélection des
périodes de production de S2Bsol et de I'utilisation de
covariables pertinentes pour comprendre la variabilité
spatiale du COS a I'échelle régionale. Enfin, le dernier
chapitre aborde les principaux constats et
perspectives a envisager dans un futur proche.

Title : Satellite time series contribution to organic carbon mapping in cultivated soils at various regional scales
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Abstract : Soil organic carbon (SOC) in agricultural
areas plays a key role in food security and climate
change mitigation. SOC quantification is necessary in
order to implement storage techniques and practices.
However, SOC sampling in a world that approximately
encompasses 1.5 billion hectares of agricultural soils is
quite challenging. Therefore, the use of technologies
such as satellite sensors may be a promising alternative
to quantify and map SOC in various types of
agroecosystems around the world. The objective of this
thesis is to evaluate the potential of Sentinel-2 (S2) and
Sentinel-1 (S1) satellite imagery for SOC mapping in
agro-ecosystems in mainland France using spectral and
spatio-spectral models. Chapter 1 addresses the
progress of SOC mapping in France and presents the
main limitations and methods currently used with
satellite image data for SOC prediction. Chapter 2
presents the study areas located in the Brittany,

Occitanie and Centre Val de Loire regions. In addition,
the main datasets used are described and a
preliminary analysis of one of the study areas is
shown. The third chapter evaluates the potential of S2
images and derived products of S1 and S2 to predict
SOC using single-date images. In this chapter as in
the second, limitations related mainly to soil surface
conditions were observed; and the best image dates
for detecting SOC were identified. In the fourth
chapter, instead of single date images, the use of S2
temporal mosaics of bare soil (S2Bsoil) by periods are
addressed as the use of covariates derived from
satellite imagery and terrain. This chapter deals the
importance of selecting periods for the production of
S2Bsoil and the use of relevant covariates to
understand the spatial variability of SOC on a regional
scale. Finally, the last chapter discusses the main
findings and perspectives to be considered in the near
future.
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GENERAL INTRODUCTION




CHAPTER 1

GENERAL INTRODUCTION

Soil is a natural resource that is part of the environmental matrices of
life. Just as water and air play a fundamental role in the life cycle, soils
are a biologically active component that performs multiple functions
supporting life on Earth. It uniquely protects the environment and
humans by promoting buffering, transformation and filtering capacity
between the land surface, the atmosphere and groundwater (Blum,
2005). Soils also provide a wide range of goods and services such as
food, fuel, fiber, climate and water regulation, habitat for biodiversity,
and recreation that are linked to their different properties (Adhikari
and Hartemink, 2016). The United Nations Conference on Sustainable
Development in Rio de Janeiro, Brazil in 2012 was the basis for giving
rise to the Sustainable Development Goals (SDGs) related to
addressing global environmental, political and economic challenges by
2030. Although solil is not explicitly mentioned in these goals, it is
included in four targets (2.4; 3.9; 12.4; 15.3) (Bouma et al.,, 2019) and is
intrinsically connected to at least 12 of the 17 SDGs (Table 1) (Lal et al.,
2021). The fact that soils are referred to in the targets of the SDGs
opens up interdisciplinary challenges for the scientific community to
contribute to the development of metrics, in order to propose
measurable indicators related to soil quality such as organic carbon
stock (Bouma et al., 2019).

The extent of agricultural soils worldwide has doubled the annual
expansion rate in the last two decades to 9 million hectares per year
(Potapov et al,, 2022) and they play fundamental and global roles in
food security, climate change and the protection of environmental
resources (Lal, 2008; Koch et al., 2013; Paustian et al., 2016). It is
therefore essential to obtain rapid and measurable information from
field to national or global scales, on soil properties to assist farmers in
improving land use management and to contribute to the
implementation of current and future public policies concerning soil

14



CHAPTER 1

(Grunwald et al., 2011; Arrouays et al., 2014a; Montanarella et al., 2016).

Table 1.1 Sustainable Development Goals in which soil is intrinsically
connected and the four targets where soil is mentioned (Adapted from
Lal et al, 2021 and Bouma et al, 2019)

SDG Focus Targets The SDG targets in which soil is specifically mentioned
1  End poverty in all its forms everywhere
By 2030, ensure sustainable food production systems and
End hunger, achieve food security and implgment resilient ag_ricultural practic_es that increase
2 improved nultrition and promote sustain- 24 productivity and produ_ctlon, that help malnta}ln ecosystems,
able agriculture that strengthen capacity for ada.ptatlon to cllmz_alte change,
extreme weather, drought, flooding and other disasters, and
that progressively improve land and soil quality
Ensure healthy lives and promote well- By 2030, substantially reduce _the numbe_r of deaths and i_II—
3 being for all at all ages 3.9 nesses from hazardous chemicals and air, water, and soil
pollution, and contamination
Ensure inclusive and equitable quality
4 education and promote lifelong learning
opportunities for all
5 Achieve gender equality and empower
all women and girls
Ensure availability and sustainable
6  management of water and sanitation for
all
Build resilient infrastructure, promote
9 inclusive and sustainable industrializa-
tion and foster innovation
Make cities and human settlements in-
11 . . .
clusive, safe, resilient and sustainable
By 2020, achieve the environmentally sound management of
chemicals and all wastes throughout their life cycle, in ac-
12 Ensure sustainable consumption and 124 cordance with agreed international frameworks, and signifi-
production patterns ' cantly reduce their release to air, water and soil in order to
minimize their adverse impacts on human health and the en-
vironment
Take urgent action to combat climate
13 L
change and its impacts
PJ;);e;ft ‘tgfrség,:ﬁ;ngcggsggrtﬁssﬁt;';zgl_e By 2930, cc_)mbat desertification, restqr(_e de_graded land and
15 bly manage forests, combat ciesertifica— 153 soil, including Ia_nd affecte_d by desertlflcatlon,_ drought and
tion, and halt and réverse land degrada- floods, and strive to achieve a land degradation-neutral
tion and halt biodiversity loss world
Promote peaceful and inclusive socie-
ties for sustainable development, pro-
16  vide access to justice for all and build

effective, accountable and inclusive in-
stitutions at all levels
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In this sense, there are three ways to acquire soil data to face current
and future challenges: i) field measurements usually through an auger
or a soil pit for later chemical analysis or by using proximal sensors
such as spectroradiometers, ii) field measurements via proximal
sensors and drone-mounted or airborne cameras; and on a larger scale
iii) data extraction from remote sensors such as satellites (Figure 1.1).
Remote and proximal sensor observations at varied observational
scales have been widely used in the last decades to quantify and
describe soil attributes (e.g., Stoner and Baumgardner, 1981; Escadafal
et al., 1989; Ben-Dor et al., 1997, 2003; Ben-Dor and Banin, 1995;
Dematté et al., 2004, 2018; Viscarra Rossel et al., 2006; Gomez et al.,
2012; Chabrillat et al, 2014, 2019). Therefore, the increasing use of
these sensors covering the visible, near-infrared and mid-infrared
regions (VisNIR; 350-2500 nm and MIR; 2500-25000 nm, Figure 1.1) of
the electromagnetic spectrum, which are key for the detection of soil
properties features, has positioned them as a fast, cost-effective and
environmentally friendly alternative for soil monitoring (Nocita et al.,
2015; Dematté et al., 2019a). In conjunction with the availability of
sensors, computational power and geographic information systems,
the importance of soils in a world that demands more and more of this
natural resource for food production, decision making, highlights the
need to produce rapidly accurate soil maps that provide spatial
information for territorial planning through approaches such as digital
soil mapping (DSM, McBratney et al., 2003; Minasny and McBratney,
2016). Some examples using DSM (Viscarra Rossel et al., 2015; Mulder
et al, 2016a; Padarian et al., 2017; Loiseau et al., 2019) have been
developed aiming to map at least one of the properties recommended
by the GlobalSoilMap initiative (Sanchez et al., 2009; Arrouays et al.,
2014a), with soil organic carbon (SOC) and clay being the most
frequent over large regions (>10,000 km?) (Chen et al.,, 2022).
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Figure 1.1 Brief overview of the current ways and equipment used for
soil data acquisition and example of the spectral coverage of three
different equipments (spectroradiometer, drone and satellite) along the
soil electromagnetic spectrum.

SOIL ORGANIC CARBON CONTENT PREDICTION AND MAPPING

Two thirds of countries worldwide have mapped soils at a scale of 1:1
million or finer and more of the same amount have not achieved
mapping soils even at a scale of 1:1 million (Hartemink et al.,, 2013).
Therefore, there is a need to update the scale of detail of soil attribute
and soil class maps as well as generate new ones where they do not
exist, to enable decision support under initiatives such as "4 per 1000",
which requires determining SOC storage on croplands (Minasny et al.,
2017; Arrouays and Horn, 2019). Mapping and knowing the variability
of SOC at different spatial scales is fundamental for its monitoring, as
it allows a better understanding of the global carbon cycle in a specific
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area or region and contributes to the development of diverse
environmental applications such as the use of soil carbon
sequestration strategies (Mishra et al., 2010; Arrouays et al., 2014a).
Some works mapping SOC content and stocks have been carried out
from field or farm scales ( e.g., Creme et al., 2016; Poeplau et al., 2016),
regional scales (Zaouche et al., 2017) up to the national level ( e.g.,
Martin et al.,, 2011; Poggio et al,, 2013; Mulder et al., 2016a) and even
at the global level at a resolution of 250 meters (SoilGrids250m,
https://soilgrids.org/, v2.0, Poggio et al., 2021) or at 1 km resolution

with  the global soil organic carbon map (GSOCmap,
http://54.229.242.119/GSOCmap/, v1.5.0). In the following sections of
this chapter we will give an overview of some topics related to satellite

imagery-derived methods for mapping SOC content.
Satellite data overview and main methods for SOC prediction

The first views of the Earth from space obtained from a satellite date
back to 1960 with the launch of the first operational meteorological
satellite (TIROS-1, Television Infrared Observation Satellite) equipped
with two television cameras and two magnetic tape recorders
(Sivakumar 2004). In 1972, the first satellite of the Landsat series was
launched (Landsat-1 or Earth Resources Technology Satellite "ERTS")
equipped with the first multispectral sensors; Return Beam Vidicon
(RBV) and Multispectral Scanner (MSS). Subsequently in 1982, a new
generation of Landsat sensor (TM, Thematic Mapper) was put into
orbit with the Landsat-4 satellite with a resolution of 30 m, and four
years later in 1986 the "Satellite pour ['observation de la Terre" (SPOT)
equipped with the “Haute Résolution Visible" (HRV) sensor with 20 m
resolution was launched. Today these two series of satellites continue
to operate with the Operational Land Imager (OLI) on Landsat 8 and 9
and with the New AstroSat Optical Modular Instrument (NAOMI) on
SPOT 6 and 7. Some pioneering studies on SOC content detection were
carried out using the SPOT HRV bands (Agbu et al,, 1990; Berthier et
al., 2008; Vaudour et al., 2013) and Landsat (Nanni and Dematté 2006;
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Huang et al.,, 2007; Jarmer et al., 2010).

Between 2000 and 2017, aboard the Earth Observing 1 satellite, the
Hyperion sensor made available hyperspectral images with 30 m
resolution; some SOC modelling approaches via this sensor were used
(Gomez et al,, 2008; Jaber et al., 2011; Nowkandeh et al., 2013). More
recently in 2019 the “PRecursore IperSpettrale della Missione
Applicativa” (PRISMA) was launched with 239 bands delivering images
at 30 m resolution (Loizzo et al, 2018) that have been used to predict
SOC at local (Mzid et al., 2022; Angelopoulou et al., 2023) and regional
(Gasmi et al., 2022) scales. The Environmental Mapping and Analysis
Program (EnMAP) was launched early in 2022 and further works with
this satellite mission are expected in the near future, however, studies
simulating its bands have already been performed (Guanter et al.,
2015; Steinberg et al. 2016; Ward et al., 2020; Chabrillat et al., 2022). In
addition, satellite sensors with high spatial resolution mainly used at
plot, farm or local level in SOC modelling such as IKONOS with 4 m
resolution and PlanetScope with 3 m resolution, are currently
operational (Sullivan et al., 2005; Zizala et al., 2019; Silvero et al,
2021a). In the framework of this thesis we focus on the use of
multispectral image series acquired from the Sentinel-2A (S2A) and
Sentinel-2B (S2B) satellites with a revisit period of approximately 5
days, launched in 2015 and 2017 respectively by the European Space
Agency (ESA).

Nowadays satellite SOC prediction is commonly calculated according
to three main methods:

|.  purely spectral prediction models derived from satellite images
(e.g. Landsat, PlanetScope, Sentinel and ASTER) (Zizala et al.,
2019; Urbina Salazar et al., 2020).

ll.  “Bottom up” spectral prediction models, i.e. using spectral
information from satellite images in combination with soll
spectral libraries (Castaldi et al., 2018), being notably Land Use
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and Coverage Area Frame Survey (LUCAS, Orgiazzi et al., 2018)
of the European Union, the Mediterranean GEOCRADLE (Tziolas
et al., 2019), the Brazilian Soil Spectral Library (BSSL) (Dematté
et al., 2019b) or even local spectral libraries (Aichi et al., 2020).

[ll.  Mixed prediction models, i.e. using satellite imagery or satellite-
derived products in combination with non-spectral covariates
such as terrain-derived variables (Loiseau et al., 2019; Zhou et
al., 2020a; Matinfar et al., 2021).

1.1.2 Main Limitations to detect SOC via satellite

Regardless of the method used, the accuracy that can be obtained
from multispectral satellites can be impacted by several factors.

1.1.2.1 Atmospheric effects

The distance between the Earth's surface and the satellites (i.e., more
than 700 km for S2 and Landsat 8) poses a challenge in retrieving
accurate spectral data. The radiation that is emitted from the Earth to
the satellite-borne sensors is subject to significant interaction with the
atmosphere which can be a problem when using multispectral
satellites for environmental or agricultural purposes such as land use
monitoring (Hadjimitsis et al, 2010). As a result, the atmospheric
correction error that is expected for the near infrared and shortwave
infrared (SWIR) bands, which are key for soil organic matter retrieval
(Viscarra-Rossel et al., 2006; Barthés and Chotte 2021), is much higher
than for the visible bands (Vaudour et al, 2014). Therefore, the
successful retrieval of soil properties may depend significantly on how
well the influence of particles or aerosols present in the atmosphere
can be accounted for through atmospheric correction methods
(Stamnes et al.,, 2005). Studies on SOC detection have not yet reported
effects related to atmospheric correction methods; however, some
such as MAJA and Sen2Cor used for S2 imaging have been studied on
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clay prediction performance (Gomez et al., 2022). The directional
effects due to soil roughness (Jacquemoud et al., 1992; Cierniewski and
Courault, 1993) play a disturbing role in interaction with atmospheric
attenuation. Overall, the reflectance signal recorded by the satellite
sensor varies according to soil surface condition, defined as the
“composition and organization of soil surface at a given time”
(Escadafal 1989a), encompassing soil roughness, soil microscopic
constituants including water content, the presence of dry vegetation
residues and/or chlorophyllian vegetation, the presence of coarse
fragments (Girard, 1978; Girard and Girard, 1989,2003; Vaudour et
Girard, 2010).

1.1.2.2 Spatial and spectral resolution

The spatial and spectral resolution, i.e. the pixel size and the number
of bands capable of discriminating information in the spectrum of a
satellite image can impact the retrieval of topsoil attributes (Silvero et
al., 2021a). Pixel size is crucial for the retrieval of soil spectral data;
satellite images with a coarse spatial resolution (e.g. greater than 30m
resolution) may potentially include spectral information from other
targets such as vegetation, forests, water bodies, roadsides among
others. The spectral mixture of different targets in the pixels impacts
the accuracy of the prediction models of a given soil attribute. The
number of spectral bands and the width of these bands is also key in
the detection of soil attributes since each soil property such as organic
matter along the electromagnetic spectrum has a specific spectral
response (Ben-Dor and Banin 1995).

1.1.2.3 Soil data used in modelling

Another factor concerning the performance of satellite spectral models
may be related to changes in SOC content over time as a result of land
management practices (Costa et al, 2021). This involves not only
information acquired on historical land use and management in a
given area but also the soil samples analysis date used, which if there
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is a big difference between the image acquisition date and its
respective analysis date may represent confusing information in the
modelling. Spatial density i.e. the number of samples per unit area (e.g.
km? or hectare) questions the spatial and spectral representativeness
of the sampling sites location in terms of soil type, crop rotation, tillage
practices and amendments among others, which alter the performance
of models (Vaudour et al., 2019a,b).

1.1.2.4 Soil surface condition and bare soil availability

Studies using satellite imagery to detect SOC often do not explore the
relationship between model performance and soil surface condition.
For instance, soil moisture and roughness are two common factors on
croplands that impact soil carbon modelling and monitoring. These
factors can vary from one plot or region to another over time due to
management practices and land use (Vaudour et al., 2019a).

The retrieval of soil attributes as SOC using satellite information leads
to another limitation, the availability of bare soil. Bare soil retrieval, in
other words the identification of pixels from a satellite image
containing pure soil information without any vegetation cover or
residue is commonly based on the use of threshold indices such as the
Normalized Difference Vegetation Index (NDVI, values lower than 0.35
to 0.20) and the Normalized Burn Ratio (NBR2, values lower than 0.35
to 0.05). The choice of NDVI thresholds does not seem to have a major
impact on SOC prediction performance (Vaudour et al, 2021) and
thresholds that are too strict for both indices significantly reduce the
number of samples available for model calibration and validation
(Castaldi et al., 2019a; Vaudour et al., 2021). The use of these indices is
key not only for bare soil pixel retrieval on a single image date but also
in the production of bare soil composite images from satellite data
over a time series that allows the mapping of soil attributes such as
SOC over the largest possible percentage of area (Diek et al., 2017;
Dematté et al., 2018). However, some difficulties still remain and need
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to be studied in depth in relation to the spectral variability of carbon,
the effect of the thresholds of the applied indices and the sensors used
in different types of local or regional agroecosystems (Vaudour et al,
2021).

CONTEXT IN FRANCE

Regardless of the fact that France covers the largest exclusive
economic zone of the world due to its overseas departments and
regions, only the land surface of France, which is much smaller (0.45%
of the world's land surface) places her amongst the countries with the
largest pedodiversity of the world (Minasny et al., 2010). The spatial
variation of soil types in mainland France is quite wide and is
determined by the large diversity of parent material across the national
land surface. Leptosols, Cambisols, Luvic Cambisols and Haplic Luvisols
are some of the dominant soils derived from calcareous rock
formations, loamy and clayey materials (Gis Sol. 2011). The used
agricultural area (In French, “superficie agricole utilisée” (SAU)) in 2019
represented 45 % of the whole country, including mainland France and
overseas territories (INSEE, 2021). Production is quite diversified;
according to the 2020 agricultural census conducted by municipalities;
areas devoted to Multi-crop or poly-livestock and cereals or oil-protein
crops represented 32.3 % and 12.4 % respectively, followed by other
major field crops (10.4%), livestock farming (8.8%) and viticulture
(6.8%) (AGRESTE, 2020) (Figure 1.2). These data represent not only the
diversity and extent of agricultural production but also the
heterogeneity of soil conditions, climate and indeed of the different
soil management practices applied in French agroecosystems.
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Figure 1.2 Main agricultural productions in 2020; an agricultural census
conducted by municipalities across the mainland French territory
(Adapted from AGRESTE, 2020).

1.2.1 SOC mapping

Since the mid-1990s, digital SOC mapping has been addressed in
France (Table 1.3). Arrouays et al. 1995a, published the first top SOC
map in a temperate area in southwestern France. These authors were
able to map SOC using multiple regression models relating clay,
temperature and distance upstream of the sites. This study was then
refined using relief attributes (Arrouays et al., 1998) and mapping
threshold values of SOC was successfully applied using thematic
mapper data on bare soils (Arrouays et al., 1996). Although most other
studies have focused on non-spectral methods i.e. they did not
consider band data from proximal or remote sensors, in 2008 and 2013
in a small region of Beauce and in the Versailles plain top SOC was
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quantified with a field spectroradiometer and SOC maps with a
resolution of 20 meters were produced using SPOT 4 satellite data
from different dates in spring (Berthier et al., 2008; Vaudour et al.,
2013), then from Vis-NIR hyperspectral AISA-Eagle airborne data with
a resolution of 1T m (Vaudour et al, 2016). Other studies were
performed in small regions using land use and terrain data (Lacoste et
al., 2014a); and only S2 satellite spectral data (Vaudour et al., 2019a;
2019b; 2021). Interestingly the national scale SOC maps (i.e. mapping
of mainland France) have all been carried out through models that
considered soil, climate, terrain data and satellite derived products
(e.g. SPOT 4 satellite derived land use map and MODIS satellite derived
net primary production map) but did not include direct spectral data
of bare soil (Martin et al., 2011; Meersmans et al., 2012; Lacoste et al.,
2014b; Mulder et al., 2016a; Chen et al., 2019a). The use of the S2
satellite series for SOC mapping in croplands has a long way to be
applied, findings related to the comparison between single date
prediction performances (Vaudour et a., 2013; 2019a; 2019b) and to
the potential of the use of composite images of bare soil on French
territory (Vaudour et al.,, 2021) leave a clear message to further explore
the capability of satellite sensors. Table 1.3 shows that the scale of the
maps at the national level has been improved from 12 km (Martin et
al., 2011) to 90 m in the most recent studies (Mulder et al., 2016a; Chen
et al, 2019a) fulfilling the requirement of the GlobalSoilMap project
(Sanchez et al., 2009; Arrouays et al., 2014a). Over a few large regions
(up to 10,000 km?) and very large regions (>10,000 km?), SOC content
has also been mapped in Languedoc-Roussillon, Brittany and Alsace
with a resolution similar to national scale maps (Vaysse and Lagacherie,
2015,2017; Ellili-Bargaoui et al., 2020; Lemercier et al., 2022). In that
sense, exploring the use of satellite sensors such as S2 not only aiming
to map at a more detailed scale but also to assess the relationship
between the performance of prediction models, natural or human
effects, and the spectral and spatial variability of SOC on croplands in
France should be further explored.
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Table 1.3 SOC prediction and mapping in France

. Map
Study area Year Landuse Are? Sample size collection Data used Method resolu- Reference
(km2) depth cm tion
small region
Temporary mea- 0-5;10-15;40- i .
Montours 2007 dow <1 1162 45:50-55 SL+TC non-spectral Follain et al., 2007
Beauce Chartraine 2008 Croplands 26 27 0-10 SL+PS+RS purely spectral 20m Berthier et al., 2008
Versailles plain 2013 Croplands 221 128 0-8 SL+PS+RS purely spectral 20m Vaudour et al., 2013
. 2014 10 70/49 . SL+TC non-spectral 2m Lacoste et al., 2014a
Brittany 2016 Several landuses <1 0-30; 30-105 SL+CL+TC non-spectral 2m Lacoste et al., 2016
Versailles plain 2016 Croplands 221 267 0-8 SL+RS purely spectral 2m Vaudour et al., 2016
Versailles plain 2017 Croplands 221 253 0-8 SL+TC non-spectral 25m Zaouche et al., 2017
Versailles plain 2019 Croplands 221 72 0-8 SL+RS purely spectral 20m Vaudour et al 2019b
La Peyne 2019 Vineyards 48 104 0-5 SL+RS purely spectral ng Vaudour et al 2019b
. X Croplands, gras- 0-7.5;7.5-15;15- i Ellili-Bargaoui et al.,
Pleine-Fougeres 2019 slands, forest 10 64 30:30-45 SL+TC non-spectral 10m 2019
Versailles plain 2019 Croplands 221 199 0-8 SL+RS purely spectral ng Vaudour et al., 2019a
Lusignan 2020 Cg)rglgl]:s dasnd <1 400 0-30;30-60;60-90 SL non-spectral Créme et al., 2020
Versailles plain 2021 Croplands 221 268 0-8 SL+RS purely spectral 20m Vaudour et al., 2021
Large region
Pyrenean piedmont 1995 Forests 194 0-30 SL+CL+TC non-spectral 1km  Arrouays etal., 1995a
Beauce 2023 Croplands 4838 391 0-10 SL+TC+RS mixed 25, 4 chapterofihis the-
Very large region
) . 2015 1986 + RMQS  0-5; 5-15; 15-30; i - Vaysse and Lagacherie
Languedoc-Roussillon 2017 all landuses 27236 (105) 30-60 SL+CL+TC+RS non-spectral 100 m 2015,2017
0-5:5-1515- Ellili-Bargaoui et al
Brittany 2020 all landuses 27040 1020 strata 30 ;30-60 ;60- SL non-spectral 50 m 2%20 B
100 ;100-200
Pyrenean piedmont 2021 Croplands 22177 625 0-10 SL+RS purely spectral 10m 3rd chaptesri;)f this the-

National
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Entire France 2011 all landuses RMQS (1.974) 0-30 SL+CL+RS non-spectral™ 12 km Martin et al., 2011
Entire France 2012 all landuses RMQS (2.158) 0-30 SL+CL+RS non-spectral* 250 m  Meersmans et al., 2012
DoneSol (228);
Entire France 2014 Forest RMQS (131); O Horizon SL+CL+TC+RS non-spectral* 90m Lacoste et al., 2014b
other (115)
0-5; 5-10; 15-30;
Entire France 2016 all landuses RMQS and Do- 30-60; 60-100;  SL+CL+TC+RS non-spectral™ 90 m Mulder et al., 2016a
neSol (34.295) 100-200
Entire France 2019 Croplands RMQS (1.089) 0-30; 30-50 SL+CL+RS non-spectral* 90m Chen et al., 2019a

SL: soil legacy data; PS: proximal sensing data, RS: remote sensing data; TC: Terrain covariates, CL: climate data,; *: no direct spectral
data were used, but satellite-derived products were used.
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FRAMEWORK AND OBJECTIVES OF THE THESIS

This thesis was carried out in the framework of two main projects: at
national level, the PEDO_POLYPHEME project of the TOSCA program
funded by the CNES (2020-2022), and at the European level, the
Stimulating Novel Technologies from Earth Remote Observation to
Predict European Soil Carbon Project (STEROPES;
https://ejpsoil.eu/soil-research/steropes (accessed on 15 February

2023)) which aims to use satellite time series to predict the SOC
content of agricultural soils over different soil-climatic conditions and
cropping systems across Europe (2021-2024). STEROPES, in addition
to building models from the satellite time series spectra included in
this thesis, also aims to analyze the influence of factors such as soil
moisture, texture, management practices, crop residues and soil
salinity on SOC prediction performance. This thesis was also supported
by Programme National de Télédétection Spatiale through TELEMOS
project (PNTS, http://programmes.insu.cnrs.fr/pnts/), grant n® PNTS-
2020-17.

Objectives and structure of the thesis

We have seen that SOC prediction by remote sensing techniques has
been widely accepted and used worldwide in the framework of
common efforts and global initiatives (e.g. "4 per 1000" and
"GlobalSoilMap") due to the importance that this soil attribute
represents in SDGs such as achieving food security, promoting
sustainable agriculture and mitigating climate change (Arrouays and
Horn, 2019). However, several questions emerge about the capability
to detect SOC via satellite imagery in diverse agroecosystems where
SOC availability may be strongly influenced by pedoclimatic conditions
and human practices that in turn may affect the predictive potential of
satellite-borne sensors. Therefore, an initial question is, which is the
optimal period to acquire satellite images for SOC estimation? This
is a frequent inquiry in soil attributes detection and is mainly
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associated with climatic or seasonal factors specific to each study area.
Rainfall frequency, cloud cover, temperature and even management
practices such as tillage are factors that change soil surface condition
and may hinder good performance in prediction models. As it is well
known SOC is characterized by having a labile pool that can be readily
decomposed by organisms over time. In most cases the satellite image
dates do not necessarily coincide with the soil sampling periods,
therefore, this poses the following question: can differences between
the SOC sampling periods and the date of satellite imagery
influence the model performances? This, as well as the first question,
depends on several factors that may vary from one area to another.

The acquisition of satellite image series in periods with ideal conditions
to obtain as much exposed soil as possible has been addressed with
bare soil composite imaging techniques. However, few such methods
have been explored to predict SOC in agroecosystems at different
scales. In that context it is worth asking: What strategy should we use
to retrieve bare soil over a satellite time series in order to improve
SOC prediction in a given area? Finally, following this same scenario
and considering a mixed method (see section 1.1.1), what would be
the most relevant covariates to include in the models? Although the
list of questions may actually be longer; due to the complexity that
SOC remote sensing can represent, these are the main questions that
we address in this thesis. It should be noted that during the
development of this document and in the last chapter we discussed
these questions and exposed some remaining questions.

The objective of this thesis project is to evaluate the potential of
Sentinel image time series for SOC monitoring in French mainland
agroecosystems. Therefore, we address SOC prediction and mapping
through reflectance-derived models, particularly based on spectral
data from Sentinel-2 (S2) and Sentinel-1 (S1) satellites and from
spatio-spectral models based on S2 and S1 data and terrain-derived
covariates at various regional scales in France.
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To achieve this objective, we will aim to:

e collect a large amount of Sentinel imagery from 2016 to 2021.

e determine the optimal acquisition periods of the images for
SOC prediction.

e develop a composite image series method to extend the top
bare soil coverage in order to increase the prediction area.

e implement models that combine multi-date images and other
relevant covariates to produce exhaustive spatial maps together
with maps of uncertainty.

This manuscript is organized into five chapters. The first one presents
an introduction on the general overview and importance of SOC
prediction and mapping. It focuses mainly on SOC detection via
satellite as well as on the progress of SOC mapping at national and
regional level in mainland France. The second presents the study areas,
the main data sets used and shows a preliminary analysis of one of the
study areas. The third chapter deals with the evaluation of the potential
of S2 and derived S1/2 products to predict SOC, using single date
imagery in spring during 2017 and 2018 in a large agricultural region
in southwestern France (Urbina-Salazar et al.,, 2021). The fourth one
addresses the use of bare soil composite S2 image series for periods
between 2016 and 2021 and a set of covariates over a region of intense
agriculture in the southwest of Paris (Urbina-Salazar et al, 2023).
Finally, in the last chapter we present the discussion and general
conclusions of this thesis. It is important to note that chapters 3 and 4
are presented in article format.
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STUDY AREAS, DATA AND A PRELIMINARY ANALYSIS

2.1

2.1.1

This chapter aims to introduce the different study areas that were used
for the development, validation and application of SOC detection
models in this thesis. It will also address the description of the soil and
satellite data and field observations. At the end, a preliminary analysis
of one of the study areas is presented, which served as the basis for
the development of the following chapters.

STUDY AREAS

The development of this work is focused on three different regions in
terms of soil types, climatic conditions and landforms located in three
regions in France (Brittany, Occitanie and Centre Val de Loire) (Figure
2.1).

Pleine-Fougeéres

The first is the Zone Atelier Armorique (Pleine-Fougeéres), which is part
of the European Long-Term Ecosystem Research Network. The area
covers 10 km? and is located in the Brittany region in northwestern
France (48°31'N-48°29'N; 1°35'W-1°32'W), which includes, continuous
grassland plots, natural areas, annual crop rotation (mainly maize,
wheat and barley), annual crop to grassland rotation and vice versa.
The main soils in the region are Cambisols, Luvisols, Leptosols and
Fluvisols developed from alluvial and colluvial deposits (IUSS Working
Group WRB., 2015). These soils are developed on rather diversified
geological formations across the following landscape units: a plain on
soft schist at the northern end of the area; a plateau on granite
(southern extreme); and a hillside on hard schist that presents a
transition between granite and soft schist (Lacoste et al., 2014a). This
area was chosen to perform the first spectral model tests of this
project.
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Pyrenean piedmont

This is a large area (22,177 km?) located in the Occitanie region of
southwestern France (43°57'N-42°48'N; 0°15'W-1°51'E). More than 50
% of the total area are croplands, where mainly wheat, sunflower and
maize are sown. For the elaboration of the spectral models, only crop
parcels were considered through the Land Parcel Identification System
(LPIS) declared by farmers at the national level in 2017. The soils of this
region mainly originate from molassic deposits that through time and
the flow of rivers during the Quaternary formed alluvial terraces from
North to South. The main soils found on these terraces and along the
area are Calcaric Cambisols, Coluvic Regosols, Fluvisols, Haplic
Luvisols, Umbric Leptosols and Haplic Cambisols (Redon et al., 2013).

Beauce

Beauce is located in the Centre Val de Loire region southwest of Paris
(48°35'N-47°31'N; 1°0'E-2°28'E), covering 4,838 km?. According to the
LPIS in 2019 approximately 84 % of the entire area are croplands.
Winter cereals such as wheat with rotations of rapeseed, sugar beet
and maize are the predominant crops grown in the area (Bouarfa et al.,
2011). Cambisols and Luvisols are the main soil classes observed (IUSS
Working Group WRB., 2015).
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Beauce
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Figure 2.1. Study areas location in mainland France

2.2 LEGACY SOIL DATA

From this section we present the data sets used in this thesis. Table 2.1
summarizes the data sets available for each of the study areas. More
specific information regarding the datasets used are given in the
following chapters.
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Table 2.1 Data available for the study areas

Pleine- Pyrenean

R : Beauce
Fougéres piedmont
DoneSol 420 sites 341 sites
LUCAS-Saoil 114 sites 50 sites
SSC 111 sites 91 sites
Soil map X*
. PMM X**
Parent material AGRI -
. S2 images X X X
Remote sensing SMPs X X
Data Gk X
. i Landform map X
e Dew <
Others X X

SSC: Soil sampling campaigns;, PMM : parent material map; AGRI: airborne
gamma ray images; SMPs: soil moisture products, *: Lacoste et al, 2011; **:
King et al, 1994; ***: Martelet et al, 2014; ****: Indices derived from S2
images.

DoneSol

The French soil profile database (DoneSol) is the result of a collective
work that structures and groups soil profiles and auger surveys
(approximately 160°000 point data) from conventional mapping
programs at all scales at the national level (Inventaire Gestion et
Conservation des Sols, IGCS) (Arrouays et al., 2020a). The points are
distributed irregularly across mainland France. For each point it
provides information such as the coordinates, the sampling date, the
description of the profile and horizon, soil types, the results and
methods used for granulometric and chemical analysis among others.
(to see more details, visit https://www.qgissol.fr/outils (accessed on 14
February 2023)).
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RMQS

The Soil Quality Measurement Network (in French "réseau de mesure
de la qualité des sols", RMQS) is a network dedicated to the long-term
monitoring of soils in France; it aims to assess status and changes in
soil under natural and human factors such as atmospheric deposition,
climate change, agricultural practices, and land use and management
(Gis Sol. 2011). Since 2000, the RMQS has been based on the
monitoring of 2200 georeferenced sites every 15 years, distributed on
a grid (16km x 16km) covering all France. The first campaign (RMQST1)
was carried out between 2000 and 2009 reaching the sampling of 2170
sites, a second campaign (RMQS2) currently in operation started in
2016 and will be carried out until 2027. Some analyses such as particle
size distribution and SOC content were determined for the 0-30cm and
30-50cm layers at these sites. In addition with the results obtained
from RMQS1 some trace elements such as cadmium, cobalt, chromium
and zinc were mapped and are available (see, https://www.gissol.fr/le-

gis/programmes/rmqs-34 (accessed on 15 February 2023)).

LUCAS

The Land Use and Land Cover Survey (LUCAS) also has as its main
objective to monitor changes in land use and land cover over time,
with the difference that it is carried out across the European Union
(EV). This program is managed by the Statistical Office of the European
Union (EUROSTAT), which since 2006 has been conducting surveys
every three years through a 2km x 2km grid (approximately 1,000,000
georeferenced points in EU) to cover all EU member states (Jones et
al., 2020). A subset of these points (LUCA-Soil) is also used to measure
some topsoil properties such as SOC in approximately 20,000 points in
the EU.

Soil sampling campaigns

Two field campaigns were conducted in 2009 and 2016 in Pleine-
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Fougeres. The first one was based on 111 points covering different
land cover types such as crops, bare soil, forest and grassland. In 2016,
64 points were re-sampled from the 111 points collected in 2009 as
part of a previous project aiming to determine SOC changes over 7
years (Ellili-Bargaoui et al., 2019). In the Pyrenean piedmont a field
campaign was carried out between May and June 2018 in partnership
with the Center for Spatial Studies of the Biosphere of Toulouse
(CESBIO) and the unit of functional ecology and ecotoxicology of
agroecosystems (EcoSys). A total of 91 topsoil samples were collected
from croplands.

Note that DoneSol, LUCAS and samples collected in the field
campaigns were used for spectral modelling and cross-validation.
RMQS was only considered as an independent validation set of the
predicted values in Beauce.

SATELLITE DATA

In this thesis we address the use of multispectral image series S2A and
S2B acquired between 2016 and 2021 with a resolution of 10 to 20
meters using the Multispectral instrument (MSI, 13 spectral bands)
(Table 2.2). Soil moisture products (SMPs) derived from S1 and S2 were
also used. The S2 images and SMPs were acquired from the Muscate
platform of the French Ground Data Center (Theia) (https://www.theia-
land.fr/ (accessed on 15 February 2023)).
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Table 2.2 Sentinel-2A and Sentinel-2B bands

Sentinel-2A Sentinel-2B
Band Central Bandwidth Central Bandwidth | Spatial

Number wavelength (nm) wavelength (nm) resolution

(nm) (nm) (m)
Band 1 442.7 20 442.3 20 60
Band 2 492.7 65 492.3 65 10
Band 3 559.8 35 558.9 35 10
Band 4 664.6 30 664.9 31 10
Band 5 704.1 14 703.8 15 20
Band 6 740.5 14 739.1 13 20
Band 7 782.8 19 779.7 19 20
Band 8 832.8 105 832.9 104 10
Band 8a 864.7 21 864.0 21 20
Band 9 945.1 19 943.2 20 60
Band 10 13735 29 1376.9 29 60
Band 11 1613.7 90 1610.4 94 20
Band 12 2202.4 174 2185.7 184 20

Bands used in this thesis are shown in bold characters (Adapted from:
https.//sentinel.esa.int/web/sentinel/technical-guides/sentinel-2-msi/msi-

instrument)

APPROACHES USED FOR SOC DETECTION

In the first chapter we mentioned the main methods used for SOC

estimation using satellite imagery. Following these methods, we first

explored the use of purely spectral models in Pleine-Fougeres (Table

2.3). Obviously, the number of available samples on croplands in bare

soil areas per date could limit this approach based on S2 single date

images.
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Table 2.3. Methods, approaches, selection of bare soil pixels and
variables used in the models for the study areas

‘ Bare soil pixels selection ‘ Variables used

Swdy  \tethod  Approach "°.  Croplands NDVI NBR2 SM , 52 s2x smps SN agp

area clouds bands derived
Pleln‘e— purely Single X X X X

Fougére spectral date

purely .
P_y renean spectral single X X X X X X**
piedmont . date
and mixed
Bare soil
Beauce mixed compo- X X X X X X X X X X
site

SMPs : soil moisture products; AGRI: airborne gamma ray images; *: Indices
derived from S2 images,; **: not included as a covariate but used for other
analyses such as the relationship between spatial predicted values and
residuals

Bare soil availability in satellite imagery for SOC detection has currently
been addressed using single date imagery in other regions of Europe
(Gholizadeh et al., 2018; Castaldi et al., 2019a; Vaudour et al., 2019a-b;
Dvorakova et al., 2020; Biney et al., 2021); Asia (Zhou et al., 2020a;
Wang et al; 2021); America (Sayao et al,, 2018; de Castro-Padilha et al.,
2020); in the Middle East (Mohamed et al., 2020; Mirzaee et al., 2016)
and Oceania (Gomez et al., 2008). Recently it has been explored using
techniques that aim to extend the bare soil surface from satellite
imagery time series (e.g., the use of bare soil composite images)
(Dvorakova et al., 2021; Silvero et al., 2021b; Vaudour et al., 2021; Zepp
et al., 2021). Both approaches have been successfully used. However,
prediction performances are directly related to satellite image
acquisition dates, soil surface conditions such as soil roughness and
soil moisture; which are easily altered by management practices or
natural events (Vaudour et al., 2019a; Gomez et al., 2022; Rienzi et al.,
2014). The SOC variability and its correlation with other soil attributes
in a given area also influence the spectral modelling (Vaudour et al.,
2019b). In that sense as well as in Pleine-Fougere, in Pyrenean
piedmont a purely spectral approach based on single date images was
addressed with the difference that soil moisture data was included as
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a covariate in the models (Table 2.3). Finally in Beauce, mixed
prediction models were used including different covariates derived
from terrain, SMPs and S2-derived indices; based on composite images
of bare soil over a 6-year period (Tabla 2.3). These last two areas are
addressed in detail in the following chapters of this thesis.

PRELIMINARY ANALYSIS

Pleine-Fougeres was selected to perform the first tests of spectral
models elaborated from S2 images. Before starting the modelling, it
was noticed in this study area that the soil sampling campaigns were
performed considering different land cover types and not only
croplands targeted by this project. Some of the main land covers
observed were croplands, continuous and rotational pastures, bare
soil, bare soil with residues and wooded area (Figure 2.2).

The spectral model building required choosing an algorithm that
would fit our collected data set. The choice of algorithms depended
on different aspects such as the number of soil samples available for
model calibration; the number of predictive covariates; linear or non-
linear relationships between SOC and the available covariates, among
others. Considering that this thesis focused on the use of satellite data
and that the availability of soil samples would depend directly on the
land cover type at the sampling points (i.e. on bare soils in croplands)
and on favorable conditions of the acquired S2 images (e.g. cloud-free
images), we decided to use at first partial least squares regression
(PLSR, Geladi et al., 1986) for both Pleine-Fougeres and Pyrenean
piedmont. This algorithm has the advantage of being less prone to
overfitting in modeling with reduced sample sets and has been one of
the most widely used algorithms in the last decade to detect SOC via
satellite (Vaudour et al., 2022).
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In Beauce, due to the larger number of data, i.e. not only the S2 image
bands but also the number of legacy data and terrain-derived
covariates calculated, we use quantile regression forest models (QRF).
QRF is an algorithm that is based on random forests (RF) and offers
the advantage of estimating the full distribution of predicted values
(Meinshausen, 2006).

a) Rapeseed cultivation b) Continuous pastures

c)  Pastures with crop rotation d) Bare soil

Figur 2.2. Land use coverage fn Pleine-Fougere during the field
campaign conducted in April 2016. Photo Credits: Didier MICHOT

In other words, unlike RF which only provides the mean of the
predicted values; QRF calculates quantiles (e.g., 0.05 and 0.95) that can
be used as prediction intervals, adding complementary information to
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the maps produced and to the understanding of SOC variability and
model performance in the study area. However, in this section we only
show preliminary results in Pleine-Fougeres that helped us to establish
the methods and approaches in this Thesis project.

In order to obtain spectral data from the S2 bands as close as possible
to the soil sampling performed in spring 2016, S2 images were
acquired from the springs of 2016 and 2017. However due to the
limited availability of images on the THEIA website and the presence
of clouds in Pleine-Fougeres it was only possible to obtain them on
four different dates between March and May 2017. To extract bare soil
pixel spectra, the NDVI index was used, masking all areas with a pixel
value less than 0.3. The use of other indices such as NBR2 was not
considered in this area due to the limited number of samples available;
the use of thresholds of this or any other index would have significantly
reduced the set of samples available for the regression models.

Figure 2.3 displays the results of the PLSR models obtained on four
different dates. As expected the number of samples in bare soils
captured by the S2 images (i.e. soil samples located in the pixels that
are bare soil on the acquisition date) available per date was quite low,
particularly for the S2 image of March 13, 2017 (3 soil samples). On the
date with the highest percentage of bare soil in the whole area (11 %)
the model was elaborated with only 25 soil samples.
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ABSTRACT

In agronomy, soil organic carbon (SOC) content is important for the
development and growth of crops. From an environmental monitoring
viewpoint, SOC sequestration is essential for mitigating the emission
of greenhouse gases into the atmosphere. SOC dynamics in cropland
soils should be further studied through various approaches including
remote sensing. In order to predict SOC content over croplands in
southwestern France (area of 22,177 km?), this study addresses (i) the
influence of the dates on which Sentinel-2 (S2) images were acquired
in the springs of 2017-2018 as well as the influence of the soil sampling
period of a set of samples collected between 2005 and 2018, (ii) the
use of soil moisture products (SMPs) derived from Sentinel-1/2
satellites to analyze the influence of surface soil moisture on model
performance when included as a covariate, and (iii) whether the spatial
distribution of SOC as mapped using S2 is related to terrain-derived
attributes. The influences of S2 image dates and soil sampling periods
were analyzed for bare topsoil. The dates of the S2 images with the
best performance (RPD > 1.7) were 6 April and 26 May 2017, using soil
samples collected between 2016 and 2018. The soil sampling dates
were also analyzed using SMP values. Soil moisture values were
extracted for each sample and integrated into partial least squares
regression (PLSR) models. The use of soil moisture as a covariate had
no effect on the prediction performance of the models; however, SMP
values were used to select the driest dates, effectively mapping topsoil
organic carbon. S2 was able to predict high SOC contents in the
specific soil types located on the old terraces (mesas) shaped by rivers
flowing from the southwestern Pyréenées.
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INTRODUCTION

Soil organic carbon (SOC) is fundamental to the global carbon cycle.
Croplands represent approximately 143.4 Pg of SOC stocks worldwide
at a depth of 30 cm, i.e, 20.7% of all land cover types followed by
forests and grasslands with 43.1% and 25.9%, respectively (FAO and
ITPS, 2020). Agricultural production and land use change account for
24% of global greenhouse gas emissions (Smith et al.,, 2014). When
converted from forest or native vegetation, cultivated soils lose
between 20 and 50% of the carbon content in their top layers (0-30
cm), with the highest rates of loss in the first years of disturbance
(Schlesinger, 1984; Arrouays and Péelissier, 1994; Jolivet et al., 1997).
Therefore, SOC sequestration-related practices on croplands can
potentially help ensure soil health and have, thus, been proposed as a
temporary solution for mitigating climate change (Minasny et al., 2017;
Chenu et al,, 2019).

Monitoring changes in SOC is essential, and the use of field or remote
sensors to monitor carbon over croplands is highly relevant to this
process (Smith et al., 2020; Costa et al., 2021). At global, continental or
national scales, mapping the spatial variability of SOC content (Heng|
et al., 2015; Mulder et al,, 2016b; Poggio et al., 2021) and SOC stocks
has been possible using spatial models that include environmental
covariates such as those derived from climate and terrain using MODIS
satellite imagery and SRTM radar systems (Guevara et al., 2020; Hengl|
et al, 2014). Such technology is necessary because of increases in
arable land due to food demand. Therefore, remote sensing
techniques are essential for SOC monitoring in croplands because
information regarding soil properties is important for decision-making.
The use of spectral data on croplands to predict SOC has been studied
by using laboratory/field sensors (Gomez et al., 2012; Stevens et al,
2008), airborne imagery (Stevens et al., 2010; Ou et al., 2020) and
satellite imagery (e.g. Castaldi et al., 2019a; Vaudour et al., 2019a,b;
Urbina-Salazar et al., 2020; Vaudour et al., 2021); by comparing satellite
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and airborne imagery (Castaldi et al., 2019b) or using them together in
a common approach (Vaudour et al., 2016); by comparing satellite,
airborne and unmanned aerial system-based imagery (Zizala et al,,
2019; Biney et al., 2021); and by combining different satellite imagery
with satellite-derived covariates and indices over wide areas with
different land uses: cropland, pasture and forest (Zhou et al., 2020b;
Silvero et al, 2021b). The performance of these approaches for
European croplands has demonstrated the ability of the new, free and
open-access optical sensor Sentinel-2 (S2) to map and/or to detect
changes in SOC (Castaldi et al., 2019b; Vaudour et al., 2019a; Zizala et
al, 2019).

The use of the S2 satellite for the quantification of soil attributes has
increased due to its characteristics, which include high spectral and
spatial resolution. However, factors such as the date of satellite image
acquisition, the solar elevation angle on the date of satellite image
acquisition, the soil moisture (SM) and the surface soil roughness
should be considered and studied in detail in order to predict SOC as
well as other attributes. Vaudour et al. (2019a) observed that the
performance of S2 images when calculating SOC varied with image
acquisition date. Furthermore, these authors found that the best
performances (RPD values > 1.4) were mainly related to the solar
elevation angle, the soil roughness and the SM. The development of
algorithms to obtain soil information using remote sensing could
support the study and mapping of soil attributes, e.g., the use of SM
products (SMPs) at a sub-plot scale. The SMPs used in our study were
obtained through a synergistic combination of Sentinel-1 and -2
(S1/S2) images; these products were generated for croplands and
grasslands with or without vegetation cover with an estimated
accuracy of 5% vol. (El Hajj et al.,, 2017; Bazzi et al., 2019). SMPs errors
mainly depend on soil roughness (root mean surface height or Hrms)
and NDVI values. The best results were obtained for soils with
moderate surface roughness (for Hrms between 1 and 3 cm).

48



3.3

3.3.1

CHAPTER 3

Underestimation and overestimation of estimated moisture,
respectively, were observed for a Hrms lower than 1 cm and higher
than 3 cm. In addition, the developed approach could be applied to
cropland plots mainly with NDVI lower than 0.75. In a study of the
Versailles plain, Vaudour et al. (2021) compared different approaches
for Sentinel 2 images temporal mosaicking, mosaicking either per date
or per pixel and either considering or not considering SM maps in
order to produce a composite, multi-date, bare topsoil image for
predicting SOC content over croplands. The best results were achieved
using the per date approach driven by S1-derived moisture content
(R®~0.5, RPD~1.4, RMSE~3.7g.kg-1), which enabled the predicted
area to more than double. However, the direct use of SM as a covariate
in spectral models for SOC content prediction has not yet been
explored.

Moreover, as superficial SOC is a dynamic characteristic, the time-lag
between sampling and remote sensing data acquisition may greatly
influence prediction performance, especially if changes in land-use or
management practices influencing superficial SOC (e.g., organic
fertilization) are rather recent. This study relied on the use of S2 time
series in addition to time series from S2 in conjunction with SMP time
series obtained using S1/S2. Its objectives were i) to evaluate the
influence of image date and soil sampling period, ii) to assess the effect
of SM as a covariate in the prediction models, and iii) to identify
whether the spatial distribution of SOC as mapped in this study is
related to specific soilscapes in southwestern France.

MATERIALS AND METHODS
Study Area

The area studied is located in the administrative region of Occitanie, a
large agricultural region in the southwest of France (43°57'N-42°48'N;
0°15'W-1°51'E) covering 22,177 km? (Figure 3.1). It is characterized by
an oceanic climate (Cfb) according to its Koppen classification (cold
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winters and cool summers). A shapefile of the Land Parcel
Identification System (LPIS) of 2017 (French National Institute of
Geographic and Forest Information (IGN)) determined that about
12,415 km? of the total area consists of croplands. Different types of
crops are cultivated in the area, mainly using conventional agriculture
(e.g., ploughing). The area’s main crops include winter wheat, maize,
sunflowers and winter rapeseed.

Mainland France

D Study area ;1
- Occitanie %\
Samples IS

© CESBIO / ECOSYS |
© DoneSOL

Meteorological
stations

[F44°0'0"N

F43°30'0'N

Kilometers

Figure 3.1 Locations of soil samples and weather stations in the western
part of the Occitanie region (France).
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The northeastern part of the study region consists of an old mountain
chain, the Massif Central, which was formed approximately 380 million
years ago. Calcareous formations shape the base of large plateaus
neighboring volcanic and acidic rocks (Guiresse et al., 2014). The soils
in the central area located on the left bank of the Garonne River are
derived from molassic deposits originating from the area during the
Eocene orogenesis of the Pyrenean mountains in combination with an
important lacustrine system: these deposits are mainly dominated by
marls, giving rise to low permeability. An increase in the flow of rivers
during the Quaternary period contributed to incisions of these
molassic deposits, which formed north—south-oriented patterns as
gravel was deposited during interglacial phases and, thus, created
alluvial terraces. The soils developed in these terraces vary from rather-
undeveloped alluvial to very illuviated and differentiated soils. Acidic
and alkaline soils predominate in the region according to the World
Reference Base for Soil Resources with the calcareous soils mainly
being Calcaric and Hypereutric Cambisols, Colluvic Regosols, Rendzic
Leptosols and Fluvisols and the non-calcareous soils being Haplic
Luvisols, Umbric Leptosols and Haplic and Hyperdystric Cambisols
(Redon et al.,, 2013). Most of the naturally acidic soils are limed under
cultivation in order to correct their acidity.

Soil Samples

We used 625 topsoil samples collected from 2005 to 2018 that are part
of a set that includes three databases used for digital soil mapping
(DSM) in France (Figure 3.1). The first set corresponds to the French
soil profile database (DoneSol) (to see more details, Vvisit
http://www.gissol.fr/ (accessed on 12 December 2021)), in which soil
information (soil profiles and augering sampling and analyses) mainly
came from data gathered for conventional soil mapping using points
that were spread irregularly across the French mainland territory
(Arrouays et al,, 2020a). The second set was collected in May 2018 by
the Center for Spatial Studies of the Biosphere in Toulouse (CESBIO) in
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conjunction with the functional ecology and ecotoxicology of
agroecosystems unit (ECOSYS), and the third data set used in this study
is the 2015 Land Use and Land Cover Survey (LUCAS) from the
European Union Statistical Office (EUROSTAT) (Jones et al., 2020). R
software’s “soiltexture package” (Moeys, 2018) was used to classify the
soil samples into eight textural classes according to the US Department
of Agriculture (USDA) classification system (Figure 3.1).

In addition, in order to evaluate the possible effect of slaking on the
performance of the models, slaking crust sensitivity index (SCSI) values
were determined using Equation (1) (for pH values >7) and Equation
(2) (for pH < 7) as established by Boiffin (1984).

1.5%xFS§+0.75*CS

SCSlyysy = =2 — 0.2 % (pH — 7) (1)
1.5—-F5+0.75%CS
SCShons7 = ~oriieom @)

where FS is the fine silt content, CS is coarse silt, Cl is clay and OM is
organic matter content as a percentage (%).

Dataset Acquisition
3.3.3.71 Sentinel-2 Time Series

The Sentinel-2 (S2) images were acquired during the springs of 2017
and 2018 in periods corresponding to a maximum bare soil coverage.
During these periods, the bare soils mainly comprised plots in maize
and sunflower seedbed condition. Four tiles were required to cover the
entire study area (T30TYN, T30TYP, T31TCH and T31TCJ); therefore, a
total of 24 images were downloaded from the Muscate platform from
the French Land Data Centre (Theia, https://www.theia-land.fr/,
(accessed on 12 December 2021)) (Figure 3.2).
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Image processing Bare soil pixels selection
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Figure 3.2 Methodology flowchart

The images were from six different dates (6 April, 16 May and 26 May
2017, and 21 April, 11 May and 21 May 2018) (Table 3.1). These dates
were selected according to the availability of S2 images on Theia’s
website from between 2016 and 2019 as well as the presence of clouds;
we selected those images with lower percentages of clouds (< 30%)
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covering their surfaces. Bands B2, B3, B4, B5, B6, B7, B8, B8A, B11 and
B12 were used with slope effects atmospherically corrected (“flat
reflectance” or FRE).

Table 3.1. Main characteristics of the S2 images studied

Time of Vigwing sun sun Cloud/ Cloud/
Image Date S2 Tile  Acquisition Inpldence Azimuth  Elevation Shadow - Shadow Cover
(u.t gmt) ZenlthoAngIe ©) ©) Co_ver by of Study Area
®) Tuile (%) (%)
T30TYN 10:53:17 <4,5 154.6 51.2 4
6 April  T30TYP 10:53:17 <5.9 155.1 50.5 6 13.12
2017 T31TCH 10:53:17 <4.3 156.3 51.6 3 '
T31TCJ 10:53:17 <3.3 156.6 50.7 11
T30TYN  10:53:22 <45 148.8 63.5 23
16 May  T30TYP 10:53:22 <5.7 149.7 62.8 0 -
2017 T31TCH 10:53:22 <43 151.0 63.9 18 '
T31TCJ 10:53:22 <33 151.7 63.1 2
T30TYN  10:55:18 <45 146.5 65.3 9
26 May  T30TYP 10:55:18 <5.8 147.5 64.5 0 215
2017 T31TCH 10:55:18 <43 148.8 65.7 21 '
T31TCJ 10:55:18 <33 149.6 64.9 1
T30TYN  10:56:29 <44 153.1 56.6 14
21 April  T30TYP 10:56:29 <5.7 153.7 55.8 1 479
2018 T31TCH 10:56:29 <4.2 155.0 59.9 3 '
T31TCJ 10:56:29 <3.2 155.4 56.0 4
T30TYN  10:58:04 <44 149.9 62.4 3
11 May  T30TYP 10:58:04 <5.7 150.7 61.6 0 233
2018 T31TCH 10:58:04 <4.2 152.0 62.7 4 '
T31TCJ 10:58:04 <3.2 152.7 61.9 0
T30TYN 10:57:02 <4.4 147.7 64.5 71
21May T30TYP  10:57:02 <5.7 148.7 63.7 11 2009
2018 T31TCH 10:57:02 <4.2 150.0 64.9 72 '
T31TCJ 10:57:02 <3.2 150.7 64.0 20

In order to extract spectral values from the points sampled in each
image, all bands were stacked and resampled at 10 m resolution and
mosaics were created from the four tiles covering the area using ENVI
5.5 software (Exelis Visual Information Solutions, Boulder, Colorado)
(Figure 3.2). A geophysical mask was used to remove clouds and/or
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topographical shadows in each scene (“masque géophysique” or MG2)
(Baetens et al., 2019); this mask is available for all S2 images that can
be downloaded from Theia's web site. The percentages of clouds and
shadows differed among tiles with the maximum values of
approximately 70-75% observed on the T30TYN and T31TCH tiles
(close to the Pyrénées Mountains). When only the study area was
considered, on the six dates studied, the minimum coverage value was
2.3%, and the maximum coverage was 30% (Table 3.1). Spectral indices
were used to differentiate vegetation and straw residues from bare soil.
The normalized difference vegetation index (NDVI, Equation (3)) was
used with a threshold < 0.35 to retrieve bare soil pixels. The normalized
burn ratio 2 (NBR2, Equation (4)) was used to determine whether a
correlation with the residuals of the created models might indicate the
presence of crop residues such as straw in the selected samples
(Castaldi et al., 2019a).

NDV] = PNIR=PRed 3)
PNIR*TPRed
NBR2 = (PswIrR1—PSWIR2) )

(pswir1+PSWIR2)

where p is the surface reflectance (%) of the shortwave infrared (SWIR)
(i.,e., SWIR1T = B11 band and SWIR2 = B12 band for Sentinel-2), the
near-infrared (NIR = B8) and the red (Red = B4) spectral regions.

3.3.3.2 Soil Moisture Products and Climate Data

The soil moisture products (SMPs) derived from the Sentinel-
1/Sentinel-2 satellites that were used in this work were provided by the
Theia platform (https://www.theia-land.fr/product/humidite-du-sol-a-
tres-haute-resolution-spatiale/ (accessed on 12 December 2021))
(Figure 3.2). SM image dates that were as close as possible to the
acquisition dates of the S2 images were selected (Table 3.2). The SM
images were obtained over croplands and grasslands at plot scale and
provide SM estimates with an approximate accuracy of 5 vol.% (El Hajj
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et al., 2017) with a six-day temporal resolution (El Hajj et al., 2017; Bazzi
etal, 2019). To estimate SM values (0-10 cm depth), El Hajj et al. (2017)
inverted the water cloud model parameterized by Baghdadi et al.
(2017) for the C-band combined with the integral equation model as
modified by Baghdadi et al. (2006). This algorithm inverts Sentinel-1
radar data to SM values and uses the normalized differential
vegetation index (NDVI) derived from S2 optical data from agricultural
plots as an input.

Table 3.2. Soil moisture products (SMPs) derived from S1/52

Ao SMDate  DacDs SR Cover+ RSS2 Cieain” s ()
(%) (%) Events Fkkx
s,
6 April 2017 7 April 2017 1 32.62 2.40 0 2.9 0
16 May 2017 19 May 2017 3 22.64 2.13 0 6.3 59
26 May 2017 25 May 2017 1 32.61 2.48 0 0 0
21 April 2018 19 April 2018 2 12.05 1.98 0 0 0
11 May 2018 13 May 2018 2 18.14 2.72 0 0 58
21 May 2018 20 May 2018 1 23.53 2.90 1.2 2 1

*: Total SMP coverage in the area considering the LPIS, masking clouds and NDVI
values >0.35. **: Rainfall event on the same day as S2 images. ***: Rainfall event three
days before S2 images and SMPs. ****: Rainfall event on the same day as SMP.

As in Section 3.3.3.1, bare soil spectra and SM values were obtained
using ENVI software’s "Spectral Library Builder” function (Figure 3.2).
NDVI values lower than 0.35, MG2 and the LPIS were also used for
extracting spectra from the mosaics created from the S2 and SM
images. However, because the SMPs covered a smaller area than the
study area (Figure 3.2), only soil samples from plots with SM
information were considered (Table 3.2). Rainfall data were acquired
from the southwestern France regional space observatory’'s Auradé
and Lamasquere stations (“Observatoire spatial regional”, OSR SW)
(https://osr-cesbio.ups-tlse.fr/index.php (accessed on 12 December
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2021)). OSR is a national observation service dedicated to monitoring
the long-term effects of climate change at multiple scales. Rainfall
events were recorded that corresponded to the dates of the S2 and
SM images as well as the days before the images were taken.

3.3.3.3 Digital Terrain Attributes

The digital elevation model (DEM) source was the BD ALTI® version
2.0 at 25 m resolution in XY and 1 m in Z that is distributed by the IGN
(French National Institute of Geographic and Forest Information).
Landform classifications and the topographic wetness index (TWI)
were derived from the DEM using the Topography Tools for ArcGIS
10.3 and earlier (Dilts, 2015) (Figure 3.2).

SOC Content Prediction Models

The partial least squares regression (PLSR) method was chosen to
construct SOC prediction models based on the bare soil reflectance
spectra extracted on each date from the sampling locations. The PLSR
relates a matrix X consisting of explanatory variables (spectral
reflectance bands and covariates) to a dependent variable Y (SOC
content) using a linear multivariate model; this method is also
characterized by modeling the structures of X and Y (Geladi and
Kowalski, 1986; Wold et al., 2001).

The number of samples per sampling year with bare soil pixels varied
among the S2 image dates. Therefore, due to the reduced number, or
even the absence, of soil samples in some years, the models’
performances were not evaluated according to year but instead were
evaluated using periods consisting of consecutive years. The sall
samples were divided into four sampling periods: (i) 2005-2018, (ii)
2010-2018, (iii) 2015-2018, and (iv) (2016-2018), i.e., the most recent
data available. Using these groups, it was possible to include soil
samples collected over longer periods (within which the SOC content
could have changed) as well as over shorter periods (within which SOC
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changes might be considered negligible) to compare the
performances of the S2 models. Finally, PLSR SOC prediction models
were first built using only the reflectance spectra of the S2 images with
10 selected spectral bands and were then built including S2 bands with
moisture values extracted from SMPs as covariates (Figure 3.2).

When SM was included in the matrix of explanatory variables X as a
band (covariate), the spectral and SM values were scaled and centered
on the mean. The optimal number of latent variables was determined
using the prediction residual error sum of squares (PRESS). A leave-
one-out cross-validation procedure was applied (Wold, 1978). The
quality of model fit was evaluated using the root mean squared error
of cross-validation (RMSE,), the coefficient of determination of cross-
validation (Rcv?), the residual prediction deviation (RPDc,) and the ratio
of performance to interquartile distance (RPIQc). The models were
constructed in RStudio Software version 1.1.453 using the “pls”
package (Mevik and Wehrens, 2007). The relationships between the
model residuals and the textures of the samples and selected digital
terrain attributes (landform and TWI) were explored.

RESULTS

The SOC content prediction performance was analyzed for the six S2
image dates and soil sampling periods using either S2 data only or S2
data together with surface SM.

Sentinel-2 Prediction Performance Variability and Relationships
with Soil Attributes

The performance of the SOC content predictions varied according to
the soil sampling periods and the dates of the S2 images, reaching RPD
and RPIQ values > 1.7 on two different dates (6 April and 26 May 2017)
determined using the soil samples collected between 2016 and 2018.
The measured SOC range of these models was < 48.1 g.kg™" (5.03—
53.1 and 5-53.1 g.kg~", respectively) (Table 3.3).
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Table 3.3. S2 prediction performance by date of image acquisition and
soil sampling period. SOC content statistics for each set of soil sampling
period used in the models (better performing models are in bold

characters)
SOC (g-kg™")
s2Date SoiSampling o o RMSEev pony  RPIQey NC Min Me & Max SD Skw Kr
Periods (gkg )
20052018 187 048 674 14 107 6 24 101 137 531 945 2 695
6April 20102018 165 052 682 146 108 6 24 10 14 531 9.94 1.92 6.2
2017 2015-2018 132 0.64 542 17 125 7 24 94 131 531 913 2 69
2016-2018 98 07 558 183 168 7 503 9.1 1414 531 102 173 5.26
20052018 195 036 648 126 096 4 094 96 126 531 815 228 87
16May 20102018 163 045 632 136 09 6 24 05 1284 531 86 225 815
2017~ 2015-2018 130 058 593 155 095 6 24 92 1289 531 92 22 76
2016-2018 95 068 58 178 143 6 503 916 14 531 103 184 56
20052018 199 04 651 13 106 4 094 962 1300 531 85 195 68
26May  2010-2018 169 048 639 14 117 4 24 95 1345 531 89 187 621
2017 20152018 134 059 612 156 124 4 24 932 1357 531 95 1.81 571
2016-2018 100 065 617 17 175 5 5 933 147 531 105 151 4.4
20052018 204 035 916 125 072 6 08 10 139 898 114 324 168
21 April 20102018 182 037 872 127 075 6 08 10 138 89.8 11 3.5 167
2018 20152018 148 056 578 151 112 5 24 98 13 531 871 215 7.66
2016-2018 122 0.6 57 16 114 5 501 99 135 531 922 2 6.82
20052018 236 037 609 127 107 4 08 1042 12.84 531 7.73 209 835
11May 20102018 208 042 6 132 107 4 08 103 12.96 531 7.98 21 8.3
2018 20152018 171 058 542 156 126 5 24 103 132 53.1 843 2.07 7.56
2016-2018 135 0.66 522 173 153 6 421 106 1398 531 9 189 6.46
20052018 202 036 647 126 1 4 24 107 1345 531 813 211 7.93
21May 20102018 183 036 66 126 1 6 24 106 135 531 836 2.11 7.72
2018 2015-2018 152 047 644 138 115 6 24 106 1385 531 89 19 6.87
2016-2018 123 055 635 15 136 6 525 108 1463 531 95 18 585

NS: number of samples; R ?cv: coefficient of determination of cross-validation; RMSECV
: root mean squared error of cross-validation; RPDCV : residual prediction deviation;
RPIQCYV : ratio of performance to interquartile distance; NC: number of components;
Min: minimum; Me: median; x: mean, Max: maximum; SD: standard deviation; Skw:
skewness; Kr: kurtosis.

The best performances were obtained for most models using the set
of samples from all S2 image dates collected between 2016 and 2018
(Table 3.3). The performances of the models obtained on 21 April and
21 May 2018 are rather poor. The poor performances of these models
might be related to changes in soil roughness, e.g., those changes that
were due to the soil plowing operations that were common during this
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period in plots where corn or sunflower were sown. Another factor
contributing to model performance might be the formation of crusts
on soil surfaces due to rainfall; for example, in the 2018 soil sample
collection, crusting on the soil surfaces of some plots was visually
observed. Table 3.2 shows that there was rainfall on the same day that
image S2 was taken as well as three days earlier on May 21, 2018, which
could explain, at least in some plots, the formation of surface crust that
could affect model performance.

S2 images from all dates prior to use of the MG2 had clouds and
shadows, with some having less than others. This may be due to the
large size of the area and its proximity to the Pyrénées mountains. The
best performances (6 April and 26 May 2017) presented low cloud and
shadow coverage (13.12 and 7.15%, respectively) (Table 3.1).
Conversely, 21 May 2018 had the highest percentage of cloud and
shadow coverage (30.09%), and its RMSEcv value (> 6.3 g.kg™") was the
highest among the models (2016-2018). In almost all of the scenes,
most clouds and shadows were located on the tiles (T30TYN and
T31TCH) closest to the Pyrénées mountains (Figures 3.1 and 3.2 and
Table 3.1). On 6 April and 26 May 2017, which had the images with the
best predictions, a negative correlation trend was observed between
SOC content levels and the spectral information from the S2 bands. In
both models corresponding to the S2 dates of 6 April and 26 May 2017,
there was no correlation between SOC and clay content in the soil
samples (Figure 3.3), contrary to what was previously observed at a
national scale (Arrouays et al., 2006) or in small regions (Vaudour et al.,
2019b). The Pearson’s correlation matrix figure is important in our
study because as described above the relationships between soil
physical attributes such as clay and SOC can be different and lead to
different conclusions when studies are done at different scales.
Furthermore, it would be useful in further studies for SOC mapping to
observe the correlation coefficients between the SOC values and the
S2 image bands at single dates. Because, as observed in this work, the
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sensitivity of the satellite bands to different soil properties may vary
not only considering the study area but also according to dates of
acquisition of the S2 images. It is worth noting that in our study we
found suitable correlations of spectral bands with soil properties (e.g.,
for SOC, r = -0.75 for the bands B2 to B8A of 6 April) (Figure 3.3). This
approach might support the understanding of SOC variability for
digital mapping as a baseline to be applied at national scales in order
to obtain maps with better accuracy.

06 April 2017 26 May 2017

S MR PP S @ T ; S MR PP S @ T
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20 00°-0000000000 = 0000000000
2@ 00°0000000000 83 @ 00002 ¢
@ 00 0000000000 - :0o 00000000
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SOC: measured soil organic carbon

Figure 3.3. Pearson’s correlation matrix among Sentinel-2 bands and
soil properties (SOC, clay, silt, sand and pH) from the best-performing
models

S2 and SMP Prediction Performance

In this section, SM was included in the models that used soil samples
collected between 2016 and 2018. Due to the limited number of
samples with SM information, the number of samples used for the
models was lower (between 13% and 46% less, according to the
model) than in the first approach described in Section 3.4.1.
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Nevertheless, new models with lower sample density were created in
order to assess whether the use of SM as a covariate influenced
performance. The performance of the models including SM was not
better than those considering the S2 bands, remaining almost the
same (Table 3.4).

Table 3.4. S2 prediction performance using surface soil moisture from
soil moisture products (SMPs) as a covariate. SOC and SM statistics of
the sample set used in the models (the models using SM as a covariate
are in bold characters)

Soil Moisture
-1
SOC (g.kg™) (Vol.9%)
SMDate NS MD Ry R"MSEc RPD RPIQc o \iin Me & Max SD Skw Kr Min Me & Max
V(gkg-1) CV \%
) No 0.66 567 175 152 7
7 April 2017 84 548 9.1 14 531 99 1.8258 6.8 17.8 17.2 24.6
Yes 0.66 566 175 153 8
No 0.67 6.07 177 177 5
19 May 2017 69 5.03 105 15 53.1 10.7 1.6349 9 222 216 28
Yes 067 61 176 175 6
No 0.64 645 167 173 5
25 May 2017 87 5.48 10.2 15 53.1 10.7 1.44 41 54 13 126 19.2
Yes 0.63 6.54 1.65 1.7 7
19 April No 0.62 672 1.63 146 4
66 501 13.6 17 53.1 10.9 1.26 3.8 8.8 19.3 19.3 26.4
2018 Yes 06 682 16 144 5
No 076 5 206 19 3
13 May 2018 79 421 138 17 53.1 104 1.27 41 174 28 276 35.2
Yes 076 51 203 187 4
No 055 637 15 158 7
20 May 2018 89 525 12.3 15 53.1 95 1.7 59 9.8 224 223 29
Yes 058 6.12 156 165 7

SM: soil moisture; NS: number of samples; MD: model using moisture data; R 2cv:
coefficient of determination of cross-validation; RMSECV: root mean squared error of
cross-validation; RPDCV: residual prediction deviation;, RPIQCV: ratio of performance
to interquartile distance; NC: number of components;, Min: minimum, Me: median; x:
mean,; Max: maximum; SD: standard deviation; Skw: skewness; Kr: kurtosis.

Figure 3.4 displays each SMP date and their respective histograms. The
dates in 2017 (7 April and 25 May 2017) were characterized by having
lower moisture content (15.76 > mean > 14.72) than the other dates,
particularly those from 2018 (29.8 > mean >19.8). No performance
trend was shown for the soil moisture values from the set of samples
used in each model (Table 3.4). The SMPs dates were not exactly the
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same as those of the S2 images; in some cases, when the date
difference was greater than 2 days, a rainfall event occurred between
the 2 dates (Table 3.2). The roughness conditions, among other
disturbing factors, were unknown for the dates studied herein, so it
was not possible to assess their influence. This study does not intend
to elucidate disturbing factors such as soil roughness but rather seeks
to study the influence of SM on prediction performance.

7 April 2017 19 May 2017 25 May 2017
Study area g 3 J
Moisture “ 1 ¢
(vol%) %1 3 S
27-40 — P =
2-27 Min 14 Min 02 ' Min 16
g . Mcan 1576 § - Mean  20.95 14.72
16-22 T Max 274 ' ' Max 31.8 274
Sd 39 Sd 7.1 45
8-16 ] n H -
AN (111 i )
o 10 20 30 40 o 10 20 30 4o o 10 20 30 4
19 April 2018 13 May 2018 20 May 2018
£
‘ SRR A 2 Ol
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5 Mean  19.18 5/ Mean 298 g | Mean 246
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i Sd 43 | sd 36 } | sd 35|
0o 10 20 30 40 0o 10 20 30 a0 0 10 20 30 40

Figure 3.4. Soil moisture products (SMPs) and their respective
histograms

3.4.3 Spatial Prediction and Characteristics of SOC Maps

Based on the best models in Section 3.4.1, two maps of predicted SOC
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contents were produced (Figure 3.5). The mean and SD of the
predicted SOC content values were 21.4 and 6.9 g/kg for 6 April 2017
and 27.5 and 7.15 g/kg for 26 May 2017; the models exhibited
moderate SD values (<7.2 g/kg). It is noteworthy that the range of
predictions varied among the models, while both dates had similar
ranges for the observed values for calibration samples (Table 3.3).
However, the SOC map predicted for 26 May 2017 showed a wider
prediction range than the previous model (6 April 2017). This variation
as well as the moderate SD values of the model indicate rather stable
predictive capability in an area with diverse soil types and landforms
(Figure 3.5 and see, further Section 3.5.3).

06 April 2017 26 May 2017
A
SOC g/kg
M High:70 1
Low:8 4 ok
‘ N
0 10 20 40 60~
Kilometers
Figure 3.5. SOC maps predicted
3.5 DiscussiON

Laboratory and satellite remote sensing studies have shown that soil
water content impairs SOC prediction accuracy, so this factor is
generally either excluded or controlled for in order to ensure better
performance predictions. However, in satellite imagery of croplands,
factors related to the conditions of the imagery (clouds, shadows, sun
elevation angle), the study area (SM, growing season, roughness,
landform) and the agricultural practices (crop rotation, weed
management) cannot be controlled. Indices are used to avoid some of
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these factors. However, if the seasonal relationship between SOC
prediction performance and SM is known for a specific region, the best
periods from a time series of S2 images can be inferred by considering
SM information, improving the performance of SOC predictions.

Optimal Dates and Characteristics of S2 Images and Sampling
Periods for SOC Prediction

S2's capability for determining different soil attributes such as SOC for
croplands has been studied recently due to its characteristics (spatial
and temporal resolution), which allow soil monitoring at both the
regional and national scales (Loiseau et al, 2019; Vaudour et al.,
2019b). In this study, comparative analysis revealed that both soil
sampling period and image date selection affected the accuracy of the
SOC prediction models (Table 3.3). It was found that the prediction
models achieved better accuracy when recent samples (2016-2018)
were selected; poor performances were observed when sequentially
old soil samples were incorporated into the prediction models. This
could be due to the fact that SOC contents have decreased a lot over
time; this is dependent on the duration of continuous maize cropping
in particular (Arrouays and Pélissier, 1994; Arrouays et al., 1995b). The
dates of the S2 images also influenced the accuracy of the models. This
is consistent with the results of Vaudour et al. (2019a), who compared
the performance of PLSR models using S2 imagery to predict SOC
during different periods in the plain of Versailles, reporting variations
in predictive capability for the imagery acquired between 2016 and
2017.

S2 has been widely used to map SOC on croplands in several locations
using different approaches. For example, these approaches have
included the use of single date images (Castaldi et al., 2019b; Vaudour
et al., 2019a;b) and time series creating composite images of bare soil
(Silvero et al,, 2021b; Vaudour et al., 2021) including S2 data, other
satellite sensors and environmental variables as inputs (Zhou et al.,
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2020b; 2021). The SOC prediction performances in these studies were
similar to those in this work. Castaldi et al. (2019b) achieved RPD values
> 2; however, RMSE values grew higher as the RPD increased. Although
their performances were not as high (RPD < 1.5), Vaudour et al.
(2019a;b), obtained RMSE values lower than those found in this work
(RMSE < 5 g.kg™). These results could be related to the different
conditions of the study areas, e.g. soil type, relief, management
practices, SOC ranges and even sensor accuracy. Moreover, some of
the main limitations when determining soil attributes using satellite
sensors are the percentages of bare soil available, clouds, vegetation,
crop residues and soil moisture in the images, and, thus, algorithms
and indices have been developed in order to reduce the effects of
these factors (e.g., Dematté et al., 2018; Diek et al., 2017). However,
satellite image characteristics such as sun elevation, percentages of
clouds and shadows, roughness and SM are often neither related to
the performances of the models nor studied in detail (Vaudour et al.,
2019a). The acquisition conditions of the scenes, e.g., sun elevation
angle, can change from one place to another; this is generally
determined by the time and season of acquisition. Table 3.1 shows that
all scenes had a sun elevation angle > 50°. Vaudour et al. (2019a) used
images from the Versailles plain from different seasons with sun
elevation angles between 16 and 52° . These authors observed that the
accuracy of the models improved when the sun elevation angle was
higher, achieving values of RMSE = 3.02 g.kg~! and RPD = 1.5. In the
present study, here the range of the angles was not as wide because
all images were acquired in spring; therefore, no trend was found.
When observing cloud cover and cloud shadows, the percentage of
cloud cover was low on the best performing dates of 6 April and 26
May 2017 (Table 3.1). Further works could examine datasets from
different sites in order to compare how image characteristics influence
the model performance.
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3.5.2 Impact of Soil Moisture

SM content influences spectral response and the quantification of soil
attributes (Silvero et al, 2020). SOC detection performance is
particularly sensitive to soil moisture (Minasny et al., 2011; Rienzi et al.,
2014). Therefore, methods using spectral transformations have been
proposed for lab measurements (Minasny et al., 2011; Tan et al., 2021)
and via satellites using spectral indices that generally combine infrared
bands near the water response to reduce the effect of moisture
(Castaldi et al., 2019a; Dematté et al., 2018; Vaudour et al., 2021). Table
3.4 displays RPD and RPIQ values > 1.5 from 2017 and 2018. These
performances are higher than those in Table 3.3. The performance of
the models did not improve when including SM as a covariate (Table
3.4); however, as mentioned in the results section above, the number
of samples considered for these models was smaller, so the lower
number of calibration points may have impeded the performance of
the models including SM.

Figure 3.6 displays the importance of spectral bands and SM when it
was considered in the models. The most important bands were
detected in the SWIR region (B11 and B12). Studies have found similar
results for SOC prediction using S2 bands (Vaudour et al., 2019b; Zizala
et al,, 2019). Castaldi et al. (2019b) reported that the importance of
bands in PLSR regression models can be different depending the study
area and soil physical attributes; bands 11 and 12 in all areas of their
study were the most important. Regarding SM its importance was the
lowest, this confirms the results (see Table 3.4 and Figure 3.6).
Moreover, the best performances considering only the S2 bands were
obtained for the driest periods (Table 3.3; Figure 3.4). Rienzi et al.
(2014) estimated SOC using a spectrometer with different percentages
of water content and found that prediction accuracy was the best
(RMSE < 6.38 g.kg™") and there was a larger range in predictions when
water content was between 0 and 15%, whereas when the water
content was between 20 and 25%, the accuracy was lower (RMSE >
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7.06 g.kg™") and the range of predictions was very narrow. Vaudour et
al. (2021) obtained similar results with S2 images, although they did
not use SM as an input in the models. In addition, their best
performances were associated with lower mean SMP values (21.1 >
vol.% > 9.8). In our study, the SMP dates were not exactly the same as
those of the S2 images (Table 3.2). In the models (6 April and 26 May
2017), there was exactly one day’s difference between the S2 images
and the SMP, and rainfall events were null on and between these dates
(Table 3.2), and therefore, we can deduce that changes in SM were
negligible between these two dates. 19 May 2017, and 13 May 2018,
presented rainfall values of 59 and 58 mm, respectively, which is
consistent with the moisture values of the SMP (Figure 3.4). On 20 May
2018, no rainfall events were observed; however, three days earlier,
rainfall occurred in the area (Table 3.2), which could explain the high
values of the moisture image (Figure 3.4). The ideal situation could be
when the last rain event would be long before both image dates (S2
and SM) with no rain event between the two dates.
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Figure 3.6. Variable importance (VIP) of PLSR models considering S2
spectral bands (on the top) and S2 spectral bands plus SM (on the
bottom).
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3.5.3 Influence of Digital Terrain Attributes on the Predicted SOC Map

The French Pyrenean piedmont (southwest France) is characterized by
the diversity of landforms in the area (Figure 3.7). The sample set used
by the SOC prediction models in this study was mainly divided into two
classes: "upper slopes/mesas” and “U-shaped valleys”. An analysis of
their SOC content determined the predictive capability of the models,
revealing that the highest values were on “upper slopes/mesas” (Figure
3.8). However, other studies have shown that often, soils located on
upper slopes are shallow with low SOC content, while soils on lower
slopes are deeper and moister with high SOC content (Meliyo et al.,
2016; Patton et al., 2019).
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Figure 3.7. Zooming into the SOC map and the landforms of the study
area.
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Figure 3.8. Relationships between landforms and the SOC observed and
predicted using the models from 6 April (left column) and 26 May 2017
(right column).

When considering texture, silty loam (SiLo) soil samples had higher
SOC values; moreover, careful examination of the residues indicated
underestimation of SOC values in silty textures and overestimation in
clay loam (CILo) and clay (Cl) textures (Figure 3.9). It might be possible
to infer that the overestimates were associated with calcareous soils,
but the number of samples with CaCOs values > 100 g.kg~" was low
(approximately 11 samples). Briefly, the results indicated high SOC
contents on “upper slopes/mesas” with SiLo textures. Previous works
covering three areas within the southwestern Pyrenean piedmont
conducted by Arrouays et al. (1995a;b), Arrouays and Pelissier (1994),
Besnard et al. (1996) reported the acidic, humic silty loam soils
classified as “Veracrisols” in the French pedological reference base and
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as “Vermic Haplumbrepts” in soil taxonomy. These soils developed in
Quaternary alluvial deposits and are rich in organic matter; in the past,
forests existed on these deposits on ancient terraces, but from the
early 1960s to present day, there has been progressive deforestation
and conversion into croplands for continuous maize cropping
(Arrouays et al., 1992; 1995b). Figure 3.7 shows that the maps predicted
high SOC for two zones in the southwest of the study area (see zooms
1 and 2 on the map) with median values of 34 and 29 g.kg~',
respectively, in each zone. According to the landform map, these two
highlighted areas are located on "upper slopes/ mesas”, and most of
the soil samples collected in these areas had SiLo textures; this
confirms Arrouays et al. (1992; 1995a)’s description of ancient terraces
in the study area as well as in more western parts of the Pyrenean
piedmont. In other words, our predictions detected very high SOC
values on this specific soilscape under the condition that enough bare
soils were available on the S2 acquisition date.

As nearly all of the soils located on these ancient terrace soilscapes are
under intensive continuous maize cropping (especially in the extreme
southwestern part of the region), the soils are almost all bare during
the same period, and if this period is dry, the prediction is fairly
accurate. Moreover, this prediction has been performed for soils that
still have high SOC (Arrouays et al., 1995a), which should, therefore, be
protected in order not to release CO> in the atmosphere (Martin et al.,
2021) through enhanced mineralization under intensive cultivation
(Arrouays et al., 1995b). Further studies on these soils could help assess
whether using different sets of S2 data could enable the monitoring of
SOC decreases in this specific soilscape. Interestingly, these soils also
have rather low clay content, showing that statistical relationships
established at different scales (Arrouays et al., 2006) can lead to
different conclusions. It is very likely that SOC mapping potential also
differs depending upon scale and the region of interest. Thus, other
case studies should use S1/S2 products to further explore the potential
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of SOC prediction as well as the effects of various disturbing factors.

Landforms as well as variables derived from relief and drainage
networks influence digital soil mapping and carbon stock estimates
(Patton et al., 2019; Mello et al., 2021). Slope processes including
erosion and runoff deposition are related to terrain attributes such as
the topographic wetness index (TWI). Studies have reported TWI to be
a strong predictor of SOC stocks, and it has been used in digital SOC
mapping at various scales (Thompson et al., 2006; Zhou et al., 2020b;
2021). In this study, TWI was not used in the prediction models because
it was not our main focus, but it was surprising to observe a slight trend
from overestimations at lower TWI values (Q1 < 89 to
underestimations at higher values (Q4 > 10.8) with the predicted SOC
residuals in "U-shaped valleys” (Figure 3.10). This might be explained
by the relationship between texture and prediction errors (Figure 3.9);
this is in accordance with the Australian results reported by Minasny et
al. (2013), who observed that loamy texture soils, which were generally
located in depressions, retained more moisture. However, rather than
soil moisture for the dates shown in Figure 3.10, and as soil moisture
was similar and lower than 18% vol. in median for both “U-shaped
valley”and “upper slopes/ mesas” for such dates, TWI variation could
be consistent with the percentage of coarse fragments of alluvial or
colluvial origin, which was previously shown influent on spectral
prediction errors (Vaudour et al., 2019b). Of course, it cannot be
inferred from Figure 3.10 that TWI alone causes “U-shaped valleys”
prediction errors.
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Figure 3.9. Relationships between texture classes and observed SOC
(up) and SOC prediction residuals (down) from models from 6 April (left
column) and 26 May 2017 (right column).
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Figure 3.10. Relationships between quartiles of the topographic wetness
index (TWI) of landforms and SOC prediction residuals.

Finally, the formation of “soil surface slaking crusts” in some plots due
to relief and soil attributes was analyzed. According to Aubert et al.
(2011) and de Jong et al. (2011), in regions with silty and loamy
textures, soil crusting is commonly observed; this effect was seen in
some locations during the field campaign conducted in June 2018,
which indicates its possible occurrence in the study area. The results
obtained using Boiffin's method (Boiffin. 1984) showed higher values
for sensitivity to slaking in the prediction errors for “upper slopes
/mesas”. However, the values for the indices of sensitivity to slaking
were either low or very low according to Boiffin's classification, and
therefore, it is unlikely that they affected model performances.
Moreover, sensitivity to slaking does not necessarily imply crusting,
which also depends on rainfall intensity and on the structure of the soil
surface before a rainfall event. Thus, although it has been
experimentally shown that very silty soils in this region may become
sensitive to slaking when they have low SOC contents (Le Bissonnais
and Arrouays, 1997), this sensitivity does not necessarily result in
crusting during all periods. This research did not focus on all of the
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different factors that can limit the DSM of SOC via satellite imagery but
rather on how differences among soil sampling dates and using S2
images and SM as inputs could influence SOC prediction performance.
However, it is worth mentioning that although this work cannot
provide a detailed explanation for all of the disturbing factors, some of
them were evidenced. Therefore, it would be interesting for further
studies to analyze data sets from different sites in order to evaluate
effects related to satellite imagery characteristics by date, effects
related to the SM obtained from SMPs and effects associated with
digital terrain attributes, soil type and/or land-use history. In addition,
the use of composite images might extend the areas of bare soil to be
researched during dry and wet periods. Information on roughness and
management practices and fieldwork surveys observing soil crust
could be useful for SOC mapping.

CONCLUSIONS

This study confirms the previous statement according to which dates
of acquisition of S2 images are crucial (Vaudour et al., 2019a). It is
original in extending such statement to the dates of soil sampling
periods, which affect SOC prediction. Depending on dynamics of soil
organic carbon storage, it is not advisable to use too old samples (>
3-5 years in this study), but some samples older than the acquisition
years may be used, thus enabling to gather datasets of sufficient size,
better capturing the spatial and spectral diversity of the soilscape units.

The performance of a single date may be related to factors disturbing
satellite prediction sensitivity such as the circumstantial conditions
present in the study area (SM and soil roughness generated by
agricultural operations or natural events). Although the combined use
of S2 images and SMPs derived from S1 and S2 sensors had no impact
on the performance of the models, this work highlights that SMPs can
be used to select the best periods for digital SOC mapping. Indeed, all
results converge to demonstrate that the driest periods are the best
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suited for mapping SOC on bare soils.

Landform analysis as well as previous digital soil mapping studies
conducted in this region have clearly demonstrated that S2 is able to
distinguish high SOC content in “upper slopes/mesas” on rather large
Quaternary silty alluvial deposits. In other words, S2 was able to map
a specific soilscape characterized by high SOC content. This is an
important finding, as mapping soils with high SOC content may be a
very useful tool for the implementation of practices protecting these
soils (for example, favoring cover-crops in winter). Moreover, these
results suggest that S2 products can be used as tools to monitor large
decreases in SOC content in this specific soilscape. However, more
detailed analyses of the use of SMPs in single-date or composite
images should be conducted in order to determine whether these
products are useful for choosing the best prediction dates and periods
and/or whether including SMP values as covariates in synergy with S2
imagery and terrain-derived covariates could improve digital SOC
mapping and monitoring performance in areas with different
conditions (climate, topography, soil and soil genesis).
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ABSTRACT

Satellite-based soil organic carbon content (SOC) mapping over wide
regions is generally hampered by the low soil sampling density and
the diversity of soil sampling periods. Some unfavorable topsoail
conditions, such as high moisture, rugosity, the presence of crop
residues, the limited amplitude of SOC values and the limited area of
bare soil when a single image is used, are also among the influencing
factors. To generate a reliable SOC map, this study addresses the use
of Sentinel-2 (S2) temporal mosaics of bare soil (S2Bsoil) over 6 years
jointly with soil moisture products (SMPs) derived from Sentinel 1 and
2 images, SOC measurement data and other environmental covariates
derived from digital elevation models, lithology maps and airborne
gamma-ray data. In this study, we explore (i) the dates and periods
that are preferable to construct temporal mosaics of bare soils while
accounting for soil moisture and soil management; (ii) which set of co-
variates is more relevant to explain the SOC variability. From four sets
of covariates, the best contributing set was selected, and the median
SOC content along with uncertainty at 90% prediction intervals were
mapped at a 25m resolution from quantile regression forest models.
The accuracy of predictions was assessed by 10-fold cross-validation,
repeated five times. The models using all the covariates had the best
model performance. Airborne gamma-ray thorium, slope and S2 bands
(e.g., bands 6, 7, 8, 8a) and indices (e.g., calcareous sedimentary rocks,
“calcl”) from the “late winter—spring” time series were the most
important covariates in this model. Our results also indicated the
important role of neighboring topographic distances and oblique
geographic coordinates between remote sensing data and parent
material. These data contributed not only to optimizing SOC mapping
performance but also provided information related to long-range
gradients of SOC spatial variability, which makes sense from a
pedological point of view.
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INTRODUCTION

Cropland soils cover a total of ~1500 million hectares worldwide
distributed across different agroecosystems and climatic conditions, as
well as diverse cropping systems and management practices
(Ramankutty et al., 2008). Soil organic carbon (SOC) monitoring in
croplands is crucial for climate change mitigation and food security
(Lal, 2008; Paustian et al., 2016). The 4per1000 global initiative has
increased the interest in more sustainable soil management and
conservation in agricultural regions (Minasny et al., 2017). For about
20 years, the high demand for detailed soil information for policy
implementation has driven digital soil mapping (DSM, McBratney et
al., 2003). For instance, projects such as SoilGrids (Hengl et al., 2017;
Poggio et al., 2021) and GlobalSoilMap (Arrouays et al., 2014b; Mulder
et al,, 2016a; Sanchez et al., 2009) aim through different approaches
and techniques to produce soil property maps over the entire globe.
Chen et al. (2022) recently published a review of GlobalSoilMap
products on a broad scale, and SOC was the target soil property with
the highest number of studies.

The use of satellite imagery to estimate SOC has been widely used
including bands from the Satellite Pour ['Observation de la Terre (SPOT)
(Vaudour et al., 2013), the Thematic Mapper (TM) imaging system of
the Landsat satellite (Nanni and Dematté, 2006) and more recently
studies of spectra obtained from bare soil imagery by Sentinel-2 (S2)
(Castaldi et al., 2019a; Gholizadeh et al., 2018; Vaudour et al., 2019a).
The S2 mission of the EU Copernicus program is a constellation of two
satellites (Sentinel-2A and Sentinel-2B) launched in 2015 and 2017,
respectively. Both satellites are equipped with the Multi-Spectral
Instrument (MSI) with a revisit period of every 5 days and spatial
resolutions of 10 m (bands 2, 3, 4 and 8) and 20 m (bands 5, 6, 7, 8A,
11 and 12). These high resolutions open up a wide range of
applications such as SOC mapping in crop soils. Some previous studies
at local and regional scales using S2 images in Brazil (Silvero et al.,
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2021b), Belgium (Dvorakova et al., 2021), France (Urbina-Salazar et al,
2021; Vaudour et al., 2019a, 2019b), Czech Republic (Gholizadeh et al.,
2018; Zizala et al., 2022) and Germany (Castaldi et al., 2019a) reported
that the capability of S2 images to predict SOC performed better in
some regions with different environmental and pedological
characteristics than in others. For example, Vaudour et al. (2019b)
reported different performances in two different regions in France,
Versailles plain (R? of 0.56, RMSE of 1.23 g.kg™") and la Peyne Valley (R?
of 0.02, RMSE of 3.71 g.kg™).

SOC mapping is generally hampered by several reasons: (i) low sample
density for model calibration due to time and high analysis costs; (ii)
soil sampling period of legacy data, when intensive agriculture and soil
management practices vary over a period (Urbina-Salazar et al., 2021);
(i) impact of topsoil conditions and acquisition date of satellite
imagery (Vaudour et al., 2019a; Urbina-Salazar et al., 2021); (iv) area of
bare soil limited or covered by crop vegetation from single date
images (Vaudour et al,, 2019a, 2021); and (v) heterogeneous sampling
in space and the presence of sampling clusters. Alternatives to
overcome some of these issues have been proposed, for example
choosing the best period of the cropping calendar to use images
between sowing and emergence (Dvorakova et al., 2021) or extending
the bare soil area through composite imaging using spectral indices
alone (Dematté et al., 2018; Diek et al, 2017; Loiseau et al., 2019;
Vaudour et al., 2021) or in combination with values of soil moisture
products (SMPs) derived from Sentinel 1 and 2 images (Vaudour et al,,
2021). However, there is still a gap related to the study of the ability to
detect SOC via satellite images over large regional areas influenced by
different soil-landscape formations, altitude, parent material, land-use
history and management practices; which is crucial to support national
or global mapping projects. Therefore, some frequent questions are,
for example (i) is it feasible or not to use S2 imagery to map SOC in a
particular area, where there might be a large or narrow spectral
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variation (e.g. an area X with different landforms or a flat area Y with a
large or slight variation of soil classes)? Or (ii) which environmental
covariates are relevant and how do they help to map SOC spatial
variability? Addressing these questions is important not only to
optimize model prediction performances but also to understand in
which cases (X or Y area) it is more or less useful to use satellite spectral
data to support SOC digital mapping.

The Beauce region, located southwest of Paris is a limestone plateau
known as "the granary of France" for its large production of cereal
crops for more than 50 years at least (Viel, 2016). Cambisols and
Luvisols are the main soil classes in this region. In addition, it is
common to find silt, silt loam or silt clay loam layers derived from
sediments formed by peri-glacial winds that redistributed Loess
deposits across the area (Macaire, 1971). A higher SOC content favors
aggregate stability, i.e. there is a greater physical stability that
promotes soil structure, which is important in agriculture (e.g. Le
Bissonais and Arrouays, 1997; Dexter at al., 2008). SOC improves water
retention and drainage capacity, soil aeration and reduces the risk of
erosion and nutrient loss by leaching (Lal, 2007). Knowing SOC is
essential for agricultural soil management practices such as the
application of exogenous organic matter (EOM, e.g. manure and green
waste compost) to increase organic carbon and supply crop nutrient
demand (Moinard et al., 2021). Therefore, there is a need to provide
accurate information on SOC content variability through remote
sensing data to contribute to the elaboration of maps of soil carbon
status in agricultural regions, all the more than organic amendments
spreadings are increasingly common in agricultural regions (Dodin et
al, 2021).

The overall objective of this study is to assess the capability of Sentinel-
2 imagery to map top SOC content over croplands in the Beauce
region of France. In order to achieve this, we addressed (i) the use of
S2 temporal mosaics of bare soil (S2Bsoil) over a 6-year period; (ii) the
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use of soil moisture maps (SMPs) estimated at plot scale from Sentinel-
1/2 images; and (iii) the use of legacy data and a number of
environmental covariates derived from digital elevation model, remote
sensing data, lithology (soil parent material) map and airborne
gamma-ray data. Intending to generate a reliable SOC map at a 25 m-
resolution, this paper also aims to answer two questions: (i) is it
worthwhile to construct temporal mosaics of bare soils considering as
many dates as possible or selecting dates using criteria, such as soil
moisture and periods with different soil management practices
instead, to obtain a better modelling performance? And (ii) in such an
intensively managed agricultural region, is it possible, through DSM,
to determine if the use of legacy data and environmental covariates
explains the SOC variability and which set of covariates is more
relevant?

MATERIALS AND METHODS
Study area and soil data

This study was conducted in the administrative region of Centre Val de
Loire southwest of Paris in an agricultural region known as "Beauce”,
covering 4,838 km? (Figure 4.1). The Land Parcel Identification System
(LPIS, in French “registre parcellaire graphique”) of 2019 (French
National Institute of Geographic and Forest Information (IGN))
determined that about 84% of the total area consists of croplands.
Different crops are cultivated, mainly winter cereals and malting barley
with crop rotations: rapeseed, sugar beet, maize or vegetables (Bouarfa
et al, 2011). This study area covers three departments (Eure-et-Loir,
Loir-et-Cher and Loiret) and is located over the Beauce aquifer, one of
the main groundwater reservoirs in France (Verley, 2020). The climate
is continental-oceanic with a mean annual temperature of 11.5 °C and
a mean annual rainfall of 700 mm (Paroissien et al., 2014). Cambisols
and Luvisols are the main soil classes observed in the region (IUSS
Working Group WRB., 2015). These soils are developed from loess
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deposits which covered a bedrock of tertiary continental lacustrine
limestone, karstified and slightly weathered (Martelet et al., 2014).
However, some Podzols, Gleysols, Fluvisols, Arenosols and Vertisols are
more locally present, mainly at the southern border of the region.

We used the LPIS system to identify and used 391 cropland topsoil
samples data from two databases used for DSM in France (Figure 4.1).
The first set (341 topsoil SOC content data) corresponds to the French
soil profile database (DoneSol) (to see more details, Vvisit
http://www.gissol.fr/, accessed on 15 September 2022), in which soil
information (soil profiles and analyses) mainly came from data
gathered for conventional soil mapping using points that were spread
irregularly across the French mainland territory (Arrouays et al., 2020a).
The second set (50 topsoil SOC content data) is the 2015 Land Use and
Land Cover Survey (LUCAS) from the European Union Statistical Office
(EUROSTAT) (Jones et al, 2020). As soils were all cultivated and
regularly ploughed, the depth of sampling for DoneSol samples was
the depth of ploughing which varied between 20 and 25 cm. The depth
of sampling for LUCAS-Soil was 20 cm. As tillage homogenized SOC
content in these layers, both samplings were comparable. Both LUCAS
and French samples were ana-lyzed through dry combustion. Before
starting modelling we checked the data set and removed SOC values
equal to 0 and NA. Then we used the "duplicated" function of the R
software to eliminate possible duplicate records.
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Figure 4.1. Study area, histogram and density of SOC samples and
sampling locations

4.3.2 Sentinel-2 Time Series

The Sentinel-2 (S2) images were acquired between 2016 and 2021;
three tiles were required to cover the entire study area (T31TCN,
T31UCP and T31UDP). Therefore, a total of 213 images (from 71
different single dates) were downloaded from the Muscate platform
from the French Land Data Centre (Theia, https://www.theia-land.fr/,
accessed on 15 September 2022) (Figure 4.2a). These dates were
selected according to the availability of S2 images on Theia's website
as well as the presence of clouds. We selected those images with lower
percentages of clouds (< 30%) covering their surfaces. Bands B2, B3,
B4, B5, B6, B7, B8, B8A, B11 and B12 were used with slope effects
atmospherically corrected (“flat reflectance” or FRE). In order to
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prepare the S2 images, the tiles of each band were mosaicked (into 71
single-date images) and subsequently stacked and resampled at 25
meters using the “resample” function and the “nearest neighbor”
method in R software, in order to ensure the same spatial extent of all
spectral bands.

Soil Moisture Products

The soil moisture products (SMPs) derived from the Sentinel-
1/Sentinel-2 satellites were provided by the Theia platform
(https://www.theia-land.fr/product/humidite-du-sol-a-tres-haute-
resolution-spatiale/ (accessed on 23 September 2022)). SM image
dates that were as close as possible to the acquisition dates of the S2
images were selected (Table S1a,b. supplementary material). The SMPs
were obtained over croplands and grasslands at plot scale and
provided SM estimates with an approximate accuracy of 5 vol.% (El Hajj
etal.,, 2017) with a six-day temporal resolution (Bazzi et al., 2019; El Hajj
etal., 2017). To estimate SM values (0—10 cm depth), El Hajj et al. (2017)
inverted the water cloud model parameterized by Baghdadi et al.
(2017) for the C-band combined with the integral equation model as
modified by Baghdadi et al. (2006). This algorithm inverts Sentinel-1
radar data to SM values and uses the normalized differential
vegetation index (NDVI) derived from S2 optical data from agricultural
plots as an input. SMPs were clipped to the size of the study area and
the main statistics were computed. For some dates (27 March 2020, 23
August 2016 and 25 July 2019), full coverage of the area was not
achieved because no data was available for the same date in some
parts of the study area on Theia's web platform (Figure S1a,b.
supplementary material).
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Figure 4.2. Flowchart methodology. Sentinel-2 temporal mosaics of bare soil
(S2Bsoil) over 6 years: S2Bsoil_0, 57 images used; S2Bsoil_1, 25 images between
February and May; S2Bsoil_2, 32 images between July and November. Sets of
covariates: M1, the 10 S2Bsoil bands;, M2, the 10 S2Bsoil bands plus spectral
indices were considered (24 covariates); M3, the same covariates used in (M2)
plus soil moisture were used (25 covariates); M4, all covariates used in (M1 to
M3) plus covariates of topography, and position and parent material (85
covariates

4.3.4 Temporal mosaics for extending bare topsoil

One of the main challenges to obtain information on soil properties
such as SOC through spectral reflectance acquired by satellites is to
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achieve a sufficient percentage of bare soil coverage. A large extent of
bare topsoil makes it possible to use a larger number of soil samples
over the whole area to detect SOC spatial variations. Bare topsoil
extension techniques with satellite data have been developed around
the world, reporting good accuracy in obtaining bare soil and as input
for soil attribute modelling (Dematté et al., 2018; Vaudour et al., 2021;
Zepp et al, 2021; Zizala et al., 2022). Therefore, we focused our study
on bare soil using S2 data. To create the Sentinel-2 temporal mosaic
of bare soil (S2Bsoil) (Figure 4.2a), the processing involved 4 main
steps:

1. Vaudour et al. (2021) reported better performances predicting
SOC when soils with mean volumetric water content values
higher 25vol.% were excluded. In order to eliminate highly wet
soils, we chose S2 images using as criteria the mean pixel values
of SMPs (< 20vol.%) for each date. In total 57 S2 images were
considered for the next step and the LPIS was used to mask all
non-agricultural sites (Figure 4.2a).

2. A geophysical mask was used to remove clouds and/or
topographic shadows and/or snow cover in each single-date S2
image ("masque géophysique" or MG2) (Baetens et al., 2019);
this mask is available for all S2 images that can be downloaded
from the Theia website.

3. NDVI (Normalized Difference Vegetation Index) and NBR2
(Normalized Burn Ratio 2) were calculated to mask the
vegetated (or covered by crop residues) pixels. Following some
previous studies (Urbina-Salazar et al., 2021; Vaudour et al,
2021), we considered as bare soil, NDVI values between 0 and
0.30 and values above were flagged as NA. NBR2 values > 0.175
were marked as NA to exclude sites covered by straw or crop
residues. Castaldi et al. (2019a) reported that the most suitable
threshold for good performance in SOC prediction models was
considering NBR2 index values up to 0.175. At this point, 57
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single-date images of bare soil were obtained.
4. Finally, we calculated the median reflectance of all the images
to obtain S2Bsoil.

According to previous studies (Urbina-Salazar et al., 2021; Vaudour et
al, 2019a, 2021), climatic conditions, soil physical conditions and
maximum bare soil coverage (conditioning the sample size) influence
the digital mapping performance of soil organic carbon. In this sense,
we selected all 57 images and separated them by subsemester to
evaluate two periods where soil conditions vary by crop rotation and
management practices as well as seasonal changes “late winter-spring”
and “summer-autumn”. Therefore, we obtained an S2Bsoil image
based on all the images (S2Bsoil_0), one using the images between
February and May (25 bare soil images) (S2Bsoil_1) and another from
the images between July and November (32 bare soil images)
(S2Bsoil_2) over a 6-year period (Figure 4.2a).

Environmental covariates

The covariates used in this study are listed in Table 4.1 separated into
remote sensing data, topography, position and parent material. We
used these covariates based on the main environmental factors of the
scorpan model that may control the variability of the SOC proposed
by McBratney et al. (2003). The resolution and scales of the
environmental covariates were different. Therefore, we harmonized
them to 25 m resolution using the nearest neighbor method for spatial
predictive modelling and mapping at non-visited locations. In
addition, the nearZeroVar function of the caret package (Kuhn, 2022)
in R (R Core Team, 2020) was used to remove covariates with zero or
near-zero variance (Figure 4.2b).
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Table 4.1. Environmental covariates used as predictors for digital soil

mapping.
Scale/
Variable Number  resolution Expression? Reference
Remote sensing
S2Bsoil_0P 10 25m This study
S2Bsoil_1° 10 25m This study
S2Bsoil_2° 10 25m This study
SM_0¢ 1 25m This study
SM_1¢ 1 25m This study
SM_2¢ 1 25m This study
Hue index (HI) 3 25m (2*R-G-B)/(G-B) Mathieu et al., 1998
Grain size index (GSI) 3 25m (R-B)/(R+G+B) Xiao et al., 2006
Calcareous Sedimentary 3 25m (SWIR 1-G)/(SWIR 1+G) Boettinger et al., 2008
rocks(Calcl)
Saturation Index (SI) 3 25m (R-B)/(R+B) Mathieu et al., 1998
Brightness Index (BI) 3 25m V(R? +G2 +B2)/3 Escadafal. 1989b
Coloration Index (CI) 3 25m (R-G)/(R+G) Pouget et al., 1991
Carbonate index (Cal) 3 25m R/G Boettinger et al., 2008
Geological response (Geol) 3 25m (SWIR1-SWIR 2)/(SWIR Nield et al., 2007
1+SWIR 2)
First three PCs of NDVI 9 25m This study
S2Bsoil?
First three PCs of monthly 3 500,300 m Loiseau et al., 2019
MODIS NDVI¢
Topography and position
Elevation 4 25m IGN (2011); Chen et al., 2021
Slope 4 25m IGN (2011); Chen et al., 2021
Slope position (PS) 4 25m IGN (2011); Chen et al., 2021
Slope length (LS) 4 25m IGN (2011); Chen et al., 2021
Terrain wetness index (TWI) 4 25m IGN (2011); Chen et al., 2021
Valley depth (VD) 4 25m IGN (2011); Chen et al., 2021
Vertical distance to channel net- 4 25m IGN (2011); Chen et al., 2021
work (VDCN)
Multiresolution index of valley 4 25m IGN (2011); Chen et al., 2021
bottom flatness (MrVBF)
Channel network base level 4 25m IGN (2011); Chen et al., 2021
(CNBL)
Plan curvature 4 25m IGN (2011); Chen et al., 2021
Profile curvature 4 25m IGN (2011); Chen et al., 2021
Coordinates (Latitude, Longi- 2 25m
tude) Chen et al., 2021; Maller et
Oblique coordinates (OC)® 10 25m al., 2019
Parent material
Parent material 1 1:1M King et al., 1994
Gamma ray (K, U, Th, TC) 4 250 m Martelet et al., 2014

2R: Red; G: Green; B: Blue; SWIRT: short-wave infrared1; SWIR2: short-wave infrared?2.
b S2Bsoil (0,1,2): Sentinel-2 temporal mosaics of bare soil images. ¢ SM (0,1,2): soil
moisture product means calculated for same dates as S2Bsoil (0,1,2). ¢ PCs, principal
components; NDVI, normalized difference vegetation index. ¢ Oblique coordinates at
angles of 15°, 30°, 45°, 60°, 75°, 105°, 120°, 135°, 150° and 165°.
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4.3.5.1 Remote sensing

The 10 bands of the three S2Bsoil were used and SMPs pixelwise
means were calculated considering the same bare soil mosaic periods;
using all images (SM_0), between February and May (SM_1) and
between July and November (SM_2). Several spectral indices related to
parent material and soil were derived from the bands of the three
S2Bsoil. Table 4.1 provides more details of the 8 indices calculated
from the S2 spectral bands for each mosaic.

NDVI by single date was used in this study; the 57 NDVI dates were
collected and reduced to the first three principal components (PCs)
(keeping the same periods of the S2Bsoil) by principal component
analysis (PCA) to eliminate their multicollinearity. We chose to use PCA
under the assumption that the sensitivity of spectral indices such as
NDVI to SOC and soil texture are linked to different soil types and
parent material (Dematté et al., 2017; Gholizadeh et al., 2018). In
addition, the use of PCA applied to NDVI time series has shown the
potential to identify seasonal changes in land cover (Bellon et al.,, 2017).
We also included the three PCs of 24 monthly NDVI data in 2003
(extremely warm and dry year) and 2016 (normal year) acquired from
MODIS (500 m resolution) and the PROBA-V 10-day product level 2B
TOC (300 m resolution). For more details, we refer to Loiseau et al.
(2019).

4.3.5.2 Topography and position

The Digital Elevation Model (DEM) of mainland France (25 m
resolution) derived from the BD TOPO 3 of the French National
Geographic Institute (IGN, 2011) was used. The covariates derived from
the DEM were computed in the SAGA GIS Channels Library (Conrad et
al., 2015) (Table 4.1). According to McBratney et al. (2003), neighboring
locations on the topography can provide useful information in soil
modelling. Grinand et al. (2008) and Loiseau et al. (2019) investigated
the potential of incorporating local neighborhood information into

91



CHAPTER 4

training pixels using convolution filtering operations to predict soil
class distribution and clay content respectively. In a recent study, Chen
et al. (2021) used mean convolution circular windows to calculate the
focal means to map the soil thickness of loess deposits in our study
area. We therefore included the focal means of topography covariates
with radius at 200, 500 and 1000 m, which were produced earlier. For
more details, we refer to Chen et al. (2021). Finally, the position
covariates (Latitude and Longitude) extracted for each recorded pixel
were used for modelling. In addition, 10 oblique geographic
coordinates (OGC) at angles of 15°, 30°, 45°, 60°, 75°, 105°, 120°, 135°,
150° and 165° computed by Chen et al. (2021) were included as
covariates.

4.3.5.3 Parent material

The parent material raster was obtained from the French national
parent material map (King et al., 1994). Alluvial deposits, clayey
materials and sandy materials are present in the study area. However,
calcareous rocks and loamy materials are the most common parent
materials (42 and 49% of the area respectively) (Figure 4.2b). Parent
material was also characterized by means of airborne gamma-ray
spectrome-try, which measures the emission of three naturally
occurring elements that have radi-oisotopes with sufficient energy and
intensity to be measured from the air: uranium (U), thorium (Th), and
potassium (K) (Minty, 1997). Kis measured directly through the isotope
40K, whereas 232Th and 238U are measured through their radioactive
daughters (208Tl and 214Bi, respectively). These emissions capture
information from the upper 50 cm of the soil/rocks that is related to
their geochemical composition, mineralogy, and weathering. The
gamma-ray data (K, Th, U) and total count (TC)) used in this study were
acquired by an airborne high-resolution magnetic and radiometric
survey over the Région Centre by Terraquest Ltd Canada®, under the
supervision of the BRGM (Martelet et al., 2014). The survey was
conducted during the autumn and winter of 2008-2009. In order to
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minimize the effects of soil moisture from rainfall on gamma ray
emissions during rainy days the measurements were interrupted for
several hours after rainfall. The footprint of each measurement is an
ellipse of approximately 150 x 300 m? and the data were interpolated
using a standard minimum curvature interpolation on 250 m grids.
Gamma-ray emissions being presumably stable over the time-span
since the airborne acquisition, there was no need to match Sentinel-2
data.

Datasets for modelling

The flowchart in Figure 4.2c summarizes that before SOC modelling
(see, section 4.3.7), we focused on the bare soil mosaics elaborated in
section section 4.3.4. First, we extracted the band values of all S2Bsoil
and other covariates (Table 4.1) and obtained our regression matrix.
Then, the set of covariates was divided into 4 sets for each S2Bsoil:

v' M1, the bare soil reflectance of the 10 S2Bsoil bands was used
(10 covariates);

v' M2, The 10 S2Bsoil bands plus spectral indices were considered
(24 covariates);

v' M3, The same covariates used in (M2) plus soil moisture were
used (25 covariates);

v' M4, All covariates used in the previous models plus covariates
of topography, position and parent material were integrated (85
covariates).

Note that for each S2Bsoil we obtained four different models, i.e.
sixteen models in total were run.

Quantile regression forest and model performance evaluation for
SOC prediction

The challenge of producing more accurate and robust digital soil
property maps has driven the use of several machine learning models.
Quantile regression forest (QRF, Meinshausen, 2006), based on the
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random forest model (RF, Breiman, 2001) has been largely used at
regional and national scales (Chen et al., 2021; Lagacherie et al., 2019;
Loiseau et al, 2019; Lombardo et al., 2018; Vaysse and Lagacherie,
2017). Therefore, QRF was used to model SOC in this study (Figure
4.20).

QRF algorithm estimates a large set of bootstrap trees by randomly
sampling of n independent observations. For each node of a bootstrap
tree, several dependent variables (covariates) are randomly sampled to
split the observations. For all decision nodes, QRF, in contrast to RF,
keeps the value of all observations, not just their mean as RF. In
addition, from an analysis of the conditional distribution based on the
stored information, the prediction intervals are calculated.

We used the package quantregForest (Meinshausen, 2017) in R version
4.2.0 for implementing QRF to derive the median prediction (50%
quantile) and 90% prediction intervals (Pls, 5% and 95% quantiles). In
order to obtain comparable and robust statistics, we optimized the
selection of observations from the dataset in each model (see section
4.3.6.) by 10-fold cross-validation with the caret package (Kuhn, 2022)
in R (R Core Team, 2020), and through the for function 10 models were
generated by selecting a different calibration and validation set each
time. This process was repeated 5 times, i.e., 50 repeated models were
obtained. QRF is often described as a method that is not very sensitive
to overfitting. However, this is not completely true. The repeated k-
fold cross-validation avoids putting all the samples in model fitting and
allows to control a posteriori if over-fitting occurs (i.e. if learning
performances are much better than validation performances). A basic
rule to avoid overfitting consists of putting in the learning covariates
set, covariates that have a real soil process meaning. More
sophisticated selections of co-variates like recursive feature
elimination (Guyon et al., 2002) or Boruta algorithm (Kursa et al., 2010)
exist, but they are often used when the set of covariates is very large
and/or redundant. We did not use these selections in this study.
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The default number of tree (ntree = 500) and the minimum node size
(nodsize = 5) were considered. The number of variables randomly
sampled as candidates in each split (mtry) was set as default (total
number / 3) for each model. The QRF includes the option to calculate
the variable importance determined by the increased mean squared
error (INcMSE, in %) between the model excluding and including a
given variable (Chen et al., 2021). Variable importance was calculated
by averaging the 50 repeated models mentioned above. Performance
was evaluated on the validation sets by the coefficient of
determination (R? Eq.(1)); root mean square error (RMSE, Eq.(2)); bias
(Eq.(3)) and the concordance (Eq.(4)) (Lin, 1989):

R 1 Y i—9)? )
Z?zl(yi_}_/')z
Yi=9:i)?
RMSE = |¥,=— (2)
, @i—vi)
bias = ¥i; = 3)
2431 Yi-¥)+@i-N
Concordance = ——=— K 4)

3 7 1o 02
oyi+ayi+(y Y)

where n is the number of samples, y; and y; are the the observed value
and the predicted value for sample i, ¥ and Y is the mean of the
observed and predicted values; gy, and 03% are the observation and

prediction variances.

After predictions and performance assessments, we selected, mapped,
and discussed the model approach that performed the best. The 90%
Pls were used to display the local uncertainty of the SOC map. In
addition, we used 12 independent soil samples from the French soil
monitoring network (RMQS; Jolivet et al., 2006; Mulder et al., 20163,
2016b) to evaluate the SOC values of the predicted map in agricultural
plots regarding this monitoring network that extends across France in
a 16 km x 16 km square grid sampling.
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RESULTS

In the following paragraphs, the three temporal bare soil mosaics
(S2Bsoil_0, S2Bsoil_1, S2Bsoil_2) generated in this study are first
presented. Subsequently, the SOC content prediction performance is
presented according to the aforementioned mosaics and the influence
of the most important environmental covariates on the modelling is
discussed. Lastly, a predicted Top SOC content map (average predicted
SOC values from the 50 models) at 25 m resolution per pixel and its
uncertainty are provided and analyzed.

Maximum bare topsoil area mapped and description of spectral
patterns

The mean percentage of bare soils on single dates between February
and May was lower than the mean between July and November (~24%
and ~41% of bare soil pixels, respectively) (Table S2a,b. supplementary
material). S2Bsoil_0 with 57 images considered achieved the highest
percentage of bare topsoil mapping (81.8%), followed by S2Bsoil_2
and S2Bsoil_1 (81.4% and 70.9%, respectively) (Figure 4.3). The
difference between S2Bsoil 0 and S2Bsoil 2 (0.4%) showed that
detecting a bare soil cover higher than 80% of the agricultural area was
possible with a 32-dates time series. Furthermore, we found that all
S2Bsoil obtained an acceptable potential to recover bare soil pixels,
confirmed by the closeness of the scattering points to the 1:1 soil line
(Baret et al., 1993). The coefficients of determination in the soil line
analysis were high (R? > 0.8) (Figure 4.3); similar results were reported
by Silvero et al. (2021b) who used Sentinel and Landsat images to
extend the area of bare soil.

Table 4.2 displays the statistics of SOC content in the Beauce area for
the sites of each bare soil mosaic. As expected, due to their percentage
of bare soil, S2Bsoil_0 and S2Bsoil_2 obtained the highest number of
sites from our database (353 and 350 sites, respectively), while
S2Bsoil_1 used 304. The statistics among the three sets were similar,
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SOC ranged from 3.5 to 27.8 g.kg™' (mean of 13.4 g.kg™"; median of 13
g.kg™"; standard deviation of 3 g.kg™"). A skewness between 0.85 and
0.93 indicated that the data were positively but moderately skewed,
while a kurtosis > 3 showed that the data had a heavy-tailed
Leptokurtic kurtosis. A logarithmic transformation was used to convert
the data to a normal distribution, however this did not improve the
model performance. Therefore, we used the original SOC data for
spatial modeling in this study.

Figure 4.4 shows for each bare soil mosaic (S2Bsoil_0, S2Bsoil_1 and
S2Bsoil_2) the spectral patterns of median reflectance calculated from
the quartile values of the SOC samples used for each S2Bsoil. As
expected the spectral features of the first quartiles (i.e. the lowest SOC
content < 11.4 g.kg™") showed the highest reflectance values while the
spectral features with the lowest reflectance corresponded to the
quartiles with the highest SOC content. Generally, a difference
between SOC quartiles was observed confirming the quality of each
mosaic. However, in S2Bsoil_1 such difference was more noticeable
especially in quartiles 3 and 4 whereas in S2Bsoil_0 and S2Bsoil_2 these
two quartiles had quite similar values. The number of samples used for
each bare soil mosaic in Figure 4 was lower than the number of
samples mentioned in Section 4.3.1. (391 samples) because they were
the available samples located in bare soil pixels for each mosaic
(S2bsoil). That is, as each S2Bsoil was elaborated with images in
different periods, the bare soil pixels and their location varied, then for
each mosaic the number of samples varied and was always lower than
391.
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Figure 4.3. Sentinel-2 temporal mosaics of bare soil images (S2Bsoil_0,
S2Bsoil_1, and S2Bsoil_2), infrared false color composition (R,G,B: 84,3).
Relationship between NIR (Band 8) and Red (Band 4) bands are
presented to show the soil line for each S2Bsoil. The value of the
coefficient of determination (R°) was used as an indication of bare soil
retrieval.
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Table 4.2. SOC sample set statistics for each S2Bsoil used for modelling

_ _ SOC g.kg
S2Bsoil  sites Minimum Q1 Median Mean Q3 Maximum SD  Skewness
S2Bsoil 0 353 3.46 11.40 13 13.4 15 27.8 3.34 0.86
S2Bsoil_1 304 3.46 11.41 13 13.4 15 27.8 3.32 0.93
S2Bsoil_2 350 3.46 11.39 13 13.4 15 27.8 3.35 0.85
Q1, the first quartile; Q3, the third quartile.
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Figure 4.4. Spectral patterns of S2Bsoil 0, S2Bsoil_ 1 and S2Bsoil 2
considering the median of the SOC sample values by quartiles.
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4.4.2 SOC model performance

The performance of the SOC content predictions varied according to
the S2Bsoil and the environmental covariate datasets used. The best
model performances were obtained using all covariates for each
S2Bsoil (sets M4, e.g. 0.26 < R? < 0.33 and 2.59 g.kg™' < RMSE < 2.75
g.kg™) (Table 4.3). We obtained decreasing performances when only
the S2 bands were considered. All M1 models exhibited the lowest
performance, 0.11 < R? < 0.18, RMSE > 2.97 g.kg™' and maximum bias
of -0.35 g.kg™". The performances of the models considering S2Bsoil_0
and S2Bsoil_2 showed a close result; however, the maximum RMSE
reached (3.17 g.kg™") was obtained using only the set of spectral bands
(M1) of the bare soil mosaic produced from S2 images between July
and November (S2Bsoil_2). The poor performance of the S2BSoil_2
models may presumably be associated with the SM measured at each
single date. The SMPs between July and November of our time series
showed a slightly higher mean value (SM = 13.9 vol.%) compared to
those between February and May (SM = 13.2 vol.%) for S2Bsoil_1
(Figure Sla,b. supplementary material). In addition, the inter-day
difference (ds2 - dsm) between SMPs and S2 images between July and
November was higher with respect to the scenes considered between
February and May, so it is possible that a bias of the real moisture
values in the single dates of this particular period affected the
modeling performance.
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Table 4.3. Model performance of Quantile random Forest to predict soil
organic carbon by mosaics of bare soil over a 6-year period (The values
presented correspond to the mean values of the 50 repetitions
mentioned in section 4.3.7.)

S2Bsoil Modelling da- R? RMSE Bias Concordance
taset (9.kg™)
M1 0.18 3.00 -0.33 0.32
S2Bsoil_0 M2 0.19 2.98 -0.31 0.33
M3 0.15 2.98 -0.30 0.29
M4 0.26 2.75 -0.20 0.40
M1 0.19 2.97 -0.32 0.35
S2Bsoil_1 M2 0.22 2.90 -0.30 0.35
M3 0.22 2.79 -0.28 0.34
M4 0.33 2.59 -0.22 0.42
M1 0.11 3.17 -0.35 0.25
S2Bsoil_2 M2 0.11 3.14 -0.30 0.24
M3 0.12 3.00 -0.29 0.25
M4 0.27 2.71 -0.21 0.39

R?, coefficient of determination; RMSE, root mean square error.

Influential covariates

Figure 4.5 displays the top 25 environmental covariates in the
computed QRF models. This figure compares three models for each
temporal bare soil mosaic using the M4 dataset. The number of
contributing covariates originating from remote sensing (satellite S2,
S2 indices and SM in addition to gamma-ray) was 13 or 14 out of 25
for the temporal mosaics of all dates (S2Bsoil_0) or of “late winter-
spring” dates (S2Bsoil_1) while that of topography and position was
slightly higher (15) for the temporal mosaic of “summer-autumn”
(S2Bsoil_2) only. It is worth noting that satellite and gamma-ray
covariates prevailed in the top five influent covariates, whatever S2
temporal mosaic, and that all S2 bands were amongst influent
covariates. The most significant bands among the best performing
models were from the near-infrared (b6, b7, b8 and b8a) and SWIR
(b11, b12) regions, and to a lesser extent, from the visible region
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through the Calcl index (b3). While all S2 bands turned out to be
influent, only three out of eight soil spectral indices (Calcl, followed by
Bl then HI) had a predictive weight for Beauce. The best temporal series
was composed of “late winter-spring” dates when bare soil is not likely
to be disturbed by crop residues; the S1-derived soil moisture appears
influent using only this temporal mosaic, which makes sense noting
the closeness of the dates between the S2 images with which S2Bsoil_1
was constructed and the SMPs mentioned above in section 4.4.2.

Our results also indicate the fundamental role played by the
information of neighboring distances of topography in the three
models, particularly for the “summer-autumn” temporal mosaic: slope
(with 200 m radius, SLOPES); slope length (with 200 m radius, LS8);
DEM (with 1000 m radius, DEM40) and MrVBF (with 1000 m radius,
MRVBF40). The OGC at an angle of 135° (oblique135) was among the
25 most important covariates in in all bare soil mosaics.
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Figure 4.5. Relative importance of the first 25 environmental covariates
for SOC prediction (M4 datasets).

Furthermore, both Thorium and Uranium surface concentrations
derived from airborne gamma-ray surveys also played an important
role in the prediction of SOC, especially for S2Bsoil_2 and S2Bsoil_0. In
DSM, gamma-ray spectrometry can be used as substitute of
lithological maps (Loiseau et al., 2020). A recent review (Reinhardt et
al., 2019) pointed out the main applications of gamma rays in mapping
some soil attributes (e.g. parent material, topsoil soil texture, clay
mineralogy, weathering intensity, soil type). A strong limitation is that
gamma-ray data are far from covering the whole world (and even the
whole France) because of their cost and because they have been
mainly used for mining purposes. Although the use of airborne
gamma-ray data in soil science has been mainly explored to assist
digital soil mapping and to understand landscape processes, lithology
and mineralogy (Chen et al., 2021; Martelet et al., 2013; Wilford and
Minty, 2006), there are still few papers that relate soil attributes to
gamma radiation emissions at a rather broad-scale (van Egmond et al.,
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2010; Van Der Klooster et al., 2011; Loiseau et al., 2020; Mello et al.,
2022). Thorium is rather stable under conditions of soil at about or
higher than pH>=7 where it can be adsorbed to the surface of clay
minerals and organic matter (Von Gunten et al,, 1996). Note that under
intensive cultivation and over a calcareous bedrock, this is the case
(Richer-de-Forges, 2008). Therefore, it is not surprising that gamma-
ray data emitted by thorium contribute to this study by predicting SOC.
Note that in Figure 4.1 in the southeast of the study area, high SOC
values are observed in the sampling sites and in Figure 4.2b in the
same part the thorium image shows the highest values. This zone is
characterized by the presence of soils with clayey texture. An opposite
effect is observed to the north in a large plateau with a deep loess
thickness that was prone to a loss of clay content in topsoil by a
process of illuviation (Chen et al., 2021), in this area the values of
gamma radiation emitted by thorium are lower.

SOC variability and predicted spatial uncertainty

Figure 4.6a displays the predicted SOC map calculated from the
S2Bsoil_1 bands and all covariates in the M4 data set. The mean and
standard deviation of the predicted SOC content values were 13.2 g.kg
'and 1.6 gkg' respectively, i.e. quite similar to the mean and
distribution of SOC observed values (Table 4.2 and Figure 4.1). The
map of SOC clearly exhibits some gradients in SOC distribution. These
gradients depict some general trends that could be linked to
relationships between clay and SOC content. Indeed, the northern
area, which is highly depleted in clay due to illuviation, has very low
SOC contents. This area corresponds to a wide loessic plateau already
identified by Chen et al. (2021) when studying the thickness of loess in
the same region. The effect of local topography is also very striking
with numerous high values close to the valleys.
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Figure 4.6. a) SOC predicted map (S2Bsoil_1, using the M4 dataset), b)
scatter plot of observed versus predicted values on the validation set (Red
line corresponds to the line fitted to the points and blue line to the 1:1
line); ¢) scatter plot of SOC values from the RMQS monitoring network
versus predicted map values;, and d) map of potential local prediction
error.

Note, however, that the validation results are far from the 1:1 line
(Figure 4.6b). In other words, there is a general tendency to
overestimate the low SOC values and to underestimate the high ones.
The low sample density of higher and lower SOC values in our set
(Figure 4.1) might have influenced the prediction accuracy at the
extreme values in the modelling. Note also that the same trend is
observed for the 12 points of the systematic independent grid (Figure
4.6¢). The remote sensing data and covariates used in our model were
significant in mapping mainly mean SOC values in mid-elevation areas
to lower values in flat areas over plateaus at high elevation (Figure
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4.6d). Nevertheless, 90% prediction intervals were large. The wind
direction of the Loess deposits observed mainly in the large plateau to
the north was from the northwest (Bertran et al., 2016; Borderie et al.,
2017; Chen et al.,, 2021) and interestingly, one of the most important
covariates was oblique135. Figure 4.7a shows this covariate divided
into four classes. Dividing our predicted SOC map and thorium gamma
image into the same classes provides a striking matching (Figure 4.7b
and 4.7c¢, respectively), in which a trend from lower SOC and thorium
values from the northwest to higher values towards the southwest is

observed.
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Figure 4.7. a) Oblique geographic coordinates at angle of 135°
(oblique135) divided into four classes; b) SOC content of the predicted
map based on the oblique135 classes; and c) Thorium content of Gamma
airborne image based on oblique135 classes.
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Over an intensively managed agricultural region such as Beauce, SOC
content of the top horizon is rather low with a narrow range of values,
which hampers a good prediction using spectral optical models only
(Vaudour et al., 2019b, 2022), and indeed the use of a more diversified
and relevant set of covariates enabled to reach the best performing
model. This study demonstrates that it is worthwhile to include
temporal mosaics of bare soils into such DSM approach, especially in
conjunction with airborne gamma-ray and morphometric data.

The more relevant set of covariates in SOC modelling

4.5.1.1 The importance of both satellite-derived and
morphometric covariates in SOC modelling

Previous studies have reported that the importance of S2 bands for
predicting SOC can vary depending on the study area and soil
conditions during the date of image acquisition (Castaldi et al.,
2019b;2023; Urbina-Salazar et al., 2021; Vaudour et al., 2019b). Similar
results about the importance of the S2 bands of a temporal mosaic of
bare soil were found by Zizala et al. (2022), but these authors did not
include spectral indices as covariates.

Behrens et al. (2019) stated that spatial context influences the content
of soil attributes when considering long-range processes
(Teleconnected systems). These authors suggested that including
covariates derived from multi-scale neighboring information can
enable the identification of spatial trends in the data using machine
learning models to improve their accuracy. In our case, the importance
of slope and MrVBF might be related to a long-range effect from lower
SOC values at high elevation plateaus, medium values at mid elevation
locations and to a higher increase at steep slopes surrounding valleys
mainly near rivers. Previous studies have shown promising results on
the performance of models including covariates of neighboring
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information in DSM (Behrens et al., 2010; Chen et al., 2021). Recently,
in a national-scale SOC mapping, Zizala et al. (2022) used a mixed
approach of octave formation (Gaussian pyramids) for relief covariates
and reported multi-scale derivatives of elevation among the most
important covariates. Another method to fill the gap with respect to
the ability to identify spatial trends over large regions that enable the
estimation of soil attributes using Random Forest is the calculation of
OGC that are used as covariates (Mgller et al., 2020). The use of OGC
(specifically, “oblique135”) in Beauce confirms the results obtained by
Mgiller et al. (2020) who reported in an agricultural field in Denmark
that including OGC contributes to the prediction of organic matter due
to the ability of these to identify from terrain features to management
practices in a geographic space.

4.5.1.2 The major importance of airborne gamma-ray covariates
in SOC modelling

Interestingly, our results emphasize the importance that airborne
gamma-ray data played in SOC modelling. Our results confirm an
indirect relationship between gamma-ray emissions and SOC. This
confirms the results of Dierke and Werban (2013), who stated in a field
site that it is possible to indirectly estimate organic carbon through
thorium concentrations. In a nearby region of France, Loiseau et al.
(2020) demonstrated that thorium was among the most important co-
variates to predict clay content. Therefore, in soils that have been
cultivated for many decades, it cannot be excluded that a large
proportion of the remaining SOC in topsoil is controlled by
stabilization by clay (Arrouays et al., 2006; Bruun et al.,, 2010; Chen et
al., 2019b). Indeed, we observed a positive relationship between clay
and SOC content in the Beauce French topsoils used in this study for
plots for which both parameters were measured (Figure S2,
supplementary material).

The results obtained with Uranium are more difficult to explain, since
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the behaviour of Uranium in soils is quite complex: Uranium is fairly
mobile and may significantly vary according to soil physico-chemical
conditions, in particular redox state and saturation of soils plays an
important role on the adsorption of Uranium on clays and organic
matter. It is however difficult to relate U and SM contents since
dedicated acquisition methodology and processing is applied to
reduce as much as possible the effect of soil moisture on gamma-ray
data (IAEA, 2003). Lastly, despite specific corrections taken in the
preprocessing of gamma-ray data (Grasty, 1997) the presence of
Radon gaz in the disintegration chain of Uranium also complexifies the
reading of this variable. The relationship between SOC and Uranium
content in soils is, however, well evidenced in our study, and further
specific analysis would be needed to clearly explain this relation.

SOC variability and predicted spatial uncertainty

The validation by the 12 points grid should be taken with caution
because it has been demonstrated that using a very small number of
independent sites may lead to erroneous conclusions (Lagacherie et
al., 2019). Large 90% prediction intervals are rather common for DSM
SOC prediction at such resolution and over a rather wide area
(Lemercier et al., 2022). It is quite likely that the uncertainty could be
traced to the underestimation of extreme values mentioned above. It
is very difficult in our study to establish one main reason that impacts
the confidence level of prediction at sites with higher uncertainty. Still,
management practices in agricultural plots, topography, soil physical
conditions and historical soil-forming environmental processes in
Beauce may influence SOC content and its detection via satellite
(Dodin et al., 2021; Mgller et al., 2020; Urbina-Salazar et al., 2021;
Vaudour et al., 2019a). The SOC gradient that we observed along the
study area might be influenced in some way by the direction of the
winds that deposited the Loess. In other words, considering OGC it was
possible to detect a spatial trend related to the SOC content (Mgller et
al., 2020).
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4.5.3 Perspectives for SOC mapping over large agricultural regions

The availability of satellite imagery at no cost (e.g. Sentinel and
Landsat) has been a turning point that has driven the use of remote
sensing derived techniques and products in soil science for bare soil
retrieval, attribute mapping and quantification (e.g. SCMaP, Rogge et
al.(2018); GEOS3, Dematté et al. (2018); HISET, Heiden et al. (2022); R90,
Castaldi et al. (2023); moisture maps, El Hajj et al. (2017)). The
development of these products enables to obtain information about
the soil surface (e.g., soil moisture maps) and to extend the percentage
of bare soil. This last point is, however, questionable as cover cropping
is more and more recommended to increase SOC inputs in soils and
favor SOC sequestration. This is one paradox of science for SOC
remote sensing: bare soils favor a better detection of SOC by remote
sensing, but practices recommended to increase SOC include having
soils continuously covered by vegetation. Our results obtained by
evaluating S2Bsoil in two different periods of the year demonstrate
that a given period, here the "late winter-spring” for Beauce,
significantly favours the performance of topsoil prediction by DSM at
regional scale while including different covariates in the modelling
such as airborne gamma-ray data, DEM derivatives and coordinates.
The uncertainty, however, remained quite high, which question the
feasibility of transitioning from mapping to monitoring over short-
term time ranges. An important finding in this study was to observe a
spectral trend of neighboring pixel information in the entire region
related to natural soil-forming processes. However, although SOC
detection using spectral information from satellite images has grown
exponentially in the last 5 years mainly in farms and small regions
(areas with a median of 118 km?) (Vaudour et al.,, 2022), there are still
few studies for large agricultural regions that describe such trends in
cultivated areas.

Previous studies in small regions reported that soil surface condition
(e.g., SM, soil roughness, plant residues) and hence the date of image
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acquisition should be considered as one of the main factors impacting
SOC retrieval via satellite (Castaldi et al., 2019a;2023; Vaudour et al,,
2019a). Therefore, increasing the number of soil surface condition
variables for a single date or time series to be used as input covariates
in models should be further explored in large agricultural regions.
Temporal images of soil moisture are becoming available and are
constantly being improved (El Hajj et al.,, 2017; Bazzi et al., 2019) while
soil roughness products are still very limited and barely tested in small
regions (Baghdadi et al., 2018). Information about land use history
could also be interesting as well, but such information is much more
tedious to gather at the scale of a region as large as Beauce. This
information could have been crucial if some drastic changes in land
use had happen since some decades (e.g., deforestation), but the
Beauce region has been cultivated for a very long time. It is important
to note that a large number of covariates providing information on soil
surface condition might not necessarily improve modelling
performance, but may be useful information to identify factors
influencing SOC detection. Our results suggest that some additional
co-variates could be useful such as for instance clay content maps.
However, we should keep in mind that these maps are also not error
free and that adding them as co-variates may induce some more error
propagation. However, the continuous accumulation of soil data
through French and EU ongoing programs will progressively help to
get more and more precise maps and data for monitoring.

Regional models often require more in-depth study than on-farm or
small-region models due to the short time step of SOC variability
influenced by climate, landforms, parent material, management
practices and crop rotation (Urbina-Salazar et al,, 2021; Vaudour et al.,
2021). Obviously, we also missed some information about long-term
soil management and carbon inputs to soil in the past such as the
application of EOM as amendment to increase the productivity of
agricultural soils (Moinard et al., 2021). Green waste compost and
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manure application changes SOC content as well as the spectral
information detected by the satellite. These increasingly common
practices are driving studies that aim to develop spectral indices in
agricultural plots capable of detecting whether or not there was any
application of any type of soil amendment (Dodin et al., 2021; Gomez
et al,, 2021). Therefore, further studies could include this information
as a tool for increasing performance in SOC prediction in wide regions
where these types of practices may be present. Getting information on
agricultural practices and on crop yields and SOC inputs thanks to
remote sensing is for sure a key input for SOC modelling, mapping and
forecasting.

CONCLUSION

This study was conducted over a large area of intensive agriculture to
evaluate the Sentinel-2 satellite's ability to predict SOC. Our approach
was based on bare soil areas from temporal mosaics (S2Bsoil) over a
6-year period. Although the maximum bare soil coverage (81.8%) was
reached using a series of 57 single dates, the performance for
predicting SOC was not the best. The use of S2Bsoil by periods
considering management practices and activities related to crop
rotation (e.g., soil seedbed condition at the end of winter and
potentially high presence of straw after harvest in late summer) slightly
showed a difference in the accuracy of the models. Therefore, it is
worth taking into account the soil management practices in a given
region prior to building temporal bare soil mosaics over long time
series to map SOC. We highlight that the use of SMPs is a valuable tool
that helps to choose the best dates to create temporal bare soil
mosaics, however, the SMPs uncertainty associated with the days of
difference between the study dates and the products may induce
biases leading to an increase in SOC prediction uncertainty.

The relative importance of environmental covariates indicated the
weight of S2 bands jointly to airborne gamma ray imagery and
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morphometric covariates in the SOC modelling of top horizon.
Topography neighbor distances, OGC, and gamma thorium were also
key covariates in this study for their contribution not only to SOC
mapping but also for providing information related to the impact of
long-range effects on SOC content in such a specific region.

The produced SOC map makes sense from a topographical and
historical perspective related to past natural processes and the intense
agricultural activity present for decades in the area. This map can be
used in soil management decision making from a global vision in
Beauce. However, for farmers, i.e. at a local farm scale, the uncertainty
map shows that more detailed studies would be required. Further
studies might use this information in better locating new soil sampling
efforts to help reducing the error. Surveys of farmers practices would
be a useful tool to identify management practices such as organic
amendments that could distort SOC prediction at local scale.
Conversely, methods to produce variables from neighboring
information might be useful in regional scale machine learning models
in order to better detect broad spatial trends related to SOC variability.
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DISCUSSION AND GENERAL CONCLUSIONS

Sustainability, climate change mitigation and food security are three
challenges that humanity is currently facing to ensure the well-being
and the right to a dignified life for future generations. Soil organic
carbon (SOC) is an essential component that may help mitigate these
challenges due to the imbalance and negative effects caused mainly
by anthropogenic actions that endanger the quality of our agricultural
soils. In this context, the development and technological progress
materialized in satellite sensors has positioned them as a promising
alternative for SOC monitoring at different spatial and temporal scales.
Chapter 1 introduced an overview of the development of satellite
series such as Landsat and SPOT in terms of spatial and spectral
resolution and SOC detection applications around the world. This is an
indicator of the success of these missions in the observation and
monitoring of the Earth's surface in soil science studies. However, the
number of studies aiming to map SOC using purely spectral methods
derived from satellite imagery in countries such as France is just
increasing in relation to the total number of works analyzed at the
national level in this thesis. Globally Vaudour et al. (2022) reported
sixty-two satellite-derived SOC studies since the 1990s and most of the
studies have been performed on small regions covering a few hundred
km?, few studies have explored the contribution of satellite image
series over large and very large regions such as Beauce and Pyrenean
piedmont. The general objective of this thesis was mainly based on
determining the potential of the Sentinel-2 (S2) satellite to estimate
SOC and to better understand its variability in relation to the
morphometric, pedological, natural and historical context of each
study area. In Chapter 2 we dealt with the low number of soil samples
available due to the limited area of bare soil available on the dates of
the satellite images. However, this limitation was fundamental to
structure the sequence of approaches and methods that were
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subsequently applied (Table 2.3). The results at Pleine-Fougeres not
only suggested the need to develop a method of extending the area
of bare topsoil in order to cover as many sites as possible with soil
sampling, but also highlighted the interest of implementing the
approach by single date with satellite data in France over different
regions where this approach had not been addressed. In Chapter 3,
we addressed a purely spectral and mixed method using soil moisture
products (SMPs) as covariate. All models showed variation in
prediction performances mainly related to the date of acquisition of
S2 images, soil texture, soil sampling period, soil moisture and
landforms in Pyrenean piedmont. Image date and soil moisture were
the most evident factors in model accuracy. However, our results
suggested that single date imaging approaches should be further
explored by considering not only components related to the satellite
image characteristics but also to the study area, the samples used and
the surface soil condition. We also showed that SOC spatial
distribution could be related to some topographic and past land-use
situations. In Chapter 4 we produced S2 temporal mosaics of bare soll
(S2Bsoil) in the Beauce region to evaluate possible effects on model
performances using S2Bsoil over a full time series (2016-2021) and by
periods. SMPs and several terrain-derived variables were used as
covariates in the modelling. The results suggested that the selection of
images for building bare soil temporal mosaics using S2 or other
different sensors should be taken into account due to the variability
that SOC may present in a given area as well as disturbing factors such
as those discussed in Chapter 3 that may affect the SOC prediction.
The importance of the variables used in this chapter and the observed
effects of some disturbing factors in Pyrenean piedmont and Beauce
leaves remaining questions on how and what strategies to use to
improve SOC prediction through the different satellite-based methods
and approaches.
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GENERAL PERSPECTIVES

Techniques for mapping SOC on bare soil with single-date
multispectral images are increasingly being replaced by temporal
composite images. Spatially this technique offers the advantage of
obtaining a wider coverage of bare soil pixels which has enabled SOC
mapping up to national scales (Wang et al., 2020; Safanelli et al., 2021;
Zizala et al., 2022). The results of Chapter 2, 3 and 4 suggested that
despite the limitations that a single date approach may have (e.g,
small area of bare soil available, low sample set for model calibration
and validation), performing pre-analysis on single dates can contribute
to understanding the causes affecting model performance and
therefore selecting specific covariates and better prediction dates to
produce bare soil temporal images. We will now focus on the
questions mentioned in Chapter 1 by discussing some factors that
should be taken into account for further research: which is the
optimal period to acquire satellite images for SOC estimation? The
best date to find bare soil may vary from one place to another in our
case for instance for Northern France, the best season to observe bare
soil and obtain the best prediction performances was spring
confirming previous field observations and earlier studies in the lle-de-
France region (Vaudour et al., 2019a; 2019b). However elsewhere the
best season is autumn in the western Guanzhong Plain, China (Wang
et al., 2021) or even in dry periods in winter in the southeast of Sdo
Paulo State, Brazil (Sayao et al., 2018). Vaudour et al. (2019a) reported
a positive linear relationship between sun elevation angle and the
performance of SOC prediction models using images mainly acquired
in spring. Recently, Castaldi et al. (2023) reported in 10 different local
scale areas around the northern hemisphere different months for each
area as the most appropriate for bare soil retrieval using a two-year S2
image series. These authors, for instance, found that for two areas in
Turkey depending on the approach used to elaborate bare soll
composite images the best months were August, September and
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October. In the United States in two areas evaluated the most suitable
months were April, May and November; in three areas in Italy they
were June, July and October and finally in Lithuania in three areas the
months used in the bare soil composite images to detect SOC were
March, April, June, September and October. In this thesis we evaluated
spring images in chapters 2 and 3 as well as broad periods in chapter
4 for a large area. Therefore, it would be interesting that more studies
continue to evaluate for different periods or seasons time series
considering different agroecosystems and management practices. This
would help to clarify some questions such as: i) what would be the
main factors that would determine the best period per region? ii)
would they have any relation with practices such as crop rotation or
the application of organic amendments? iii) would image
characteristics such as sun elevation angle show any tendency in
different regions? These are some outstanding questions in different
regional contexts that need to be addressed in the near future. The
second question is can differences between the SOC sampling
periods and the date of satellite imagery influence the model
performances? The soil sampling period and its relationship to the
performance of prediction models is not usually investigated in detail
mainly in studies where legacy SOC values from different years are
used. The results of Chapter 3 suggested that although variations in
SOC may be minimal in a given period, caution must be taken in sites
where there might be significant variations over time for reasons such
as; changes in land cover and land use, continuous planting of a
particular crop or other management practices such as the application
of organic amendments (e.g., animal manure, organic waste and even
biochar). The application of organic amendments to agricultural soils
has increased in recent years and the rate of application to croplands
is expected to increase further not only to improve soil quality but also
as a possible alternative to mitigate climate change. However, from a
SOC remote sensing perspective, to what extent would the application
of such amendments affect SOC prediction using satellite sensors?;
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would SOC legacy data in eventual applications no longer be useful?,
would new SOC resampling be necessary?

Strategies to improve SOC prediction using bare soil temporal images
are currently needed. However, still very few studies have focused on
that and most of them have mainly aimed at using threshold indices
such as NDVI and NBR2 to filter pixels with bare soil information. In
this context, What strategy should we use to retrieve bare soil over
a satellite time series in order to improve SOC prediction in a given
area? In Beauce, we considered the NDVI and NBR2 indices as well as
soil moisture using the mean values of the soil moisture products
(SMPs). Vaudour et al. (2021) used different combinations of index
thresholds by date and by pixel on the Versailles plain. Other
methodologies have started to be explored in order to improve the
quality of bare soil composite images. For instance, Heiden et al. (2022)
developed a methodology (HISET, Histogram SEparation Threshold
Method) based on the SCMAP mapping processor, in which they
tested quality scores and spectral index thresholds to validate bare soil
pixels in a very large region covering the German federal state of
Bavaria and some parts of the Czech Republic and Austria. However,
this methodology has not yet been tested for determining SOC. At
local scale, Castaldi et al. (2023) determined SOC by assessing the
potential of four strategies based on the use of S2Bsoil. These authors
found that the best performances corresponded to either the median
value of reflectance for each band ("“Median” approach) or in dry soil
conditions excluding extreme values of reflectance (“R90" approach).
A general question regarding these methodologies is to what extent
can they be applied in other locations in terms of scale, climatic
conditions and land management practices? It is expected that other
methodologies based on new indexes or index thresholds will be
tested in other regions with different environmental conditions, land
cover and management practices that may allow establishing some
standards for the use of bare soil composite images according to each
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regional and even national context.

In a bare soil composite imaging approach using mixed methods,
what would be the most relevant covariates to include in the
models? we showed, especially in chapter 4, that the SOC predictions
using only bare soil remote sensing data can be noticeably improved
at a regional scale, by adding other relevant co-variates in a more
global DSM framework. We also showed that adding some relevant
co-variates (eg., airborne gamma-ray images and oblique geographic
coordinates) and looking at their relationships and spatial structure
may help, not only to improve the prediction performance, but also to
better understand the process at the origin of SOC spatial variability.
This is indeed, one of the big challenges of DSM, i.e. not only to
improve predictions but to better understand the process governing
soil variability (Arrouays et al., 2020b, 2020c; Wadoux et al., 2020;
Wadoux and Molnar, 2022).

The poor number or non-uniform distribution of available soil samples
is a factor that might influence the performance of SOC detection
models in terms of spatial and spectral representativeness. An
alternative to address this is the "Bottom up" method, i.e. the use of
soil spectral libraries (SSL) with multispectral or hyperspectral images
(Castaldi et al., 2018; Aichi et al., 2021). SSL collect information on a
large number of sampling sites that can cover unsampled locations for
model refinement. In other words, these data may be used to calibrate
spectral models and then predict more accurate SOC values in areas of
bare soil from satellite imagery where no data are available or
sampling was not possible. Although we do not use this method in this
Thesis, it would be interesting to test it with Sentinel-2 data and SSL at
national (Gogé et al., 2014; Clairotte et al., 2016) and regional (Thoisy
et al., 2022) scales in France.

Finally, it is important to mention that one of the best ways to address
the current challenges and inquiries in SOC remote sensing are field
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observations. In Chapter 4 we suggested the use of additional
information such as the application of organic soil amendments to
improve the performance of SOC determination. Indices that can be
used to detect such practices could be tested in regions where satellite
SOC prediction may be affected by such practices. More information
about the soil surface condition is required to improve not only bare
soil retrieval but also the accuracy of SOC prediction models. Recently
Dvorakova et al. (2023) performed a bare soil composite image to
produce SOC prediction maps. These authors in the field carried out
soil sampling and took photographs to identify the different soll
surface conditions coinciding with the same days that the S2 images
were acquired. They finally determined that applying an NBR2
threshold <0.05 and normalizing the S2 spectra excluded residues and
wet soils, and corrected the effect of soil crusts on the reflectance
spectra. In other words, soil sampling and field observations are
necessary to develop Bare soil temporal images in order to obtain
more realistic SOC prediction performance in each study area.

FINAL CONSIDERATIONS

This thesis after a regional scope from a small region (Pleine-
Fougeres), to a large (Beauce) and very large region (Pyrenean
piedmont), we show that SOC mapping via the sentinel-2 satellite is a
relevant tool in digital soil mapping. However, the predictive potential
can vary significantly from one given area to another and is linked both
to the image characteristics, soil surface conditions and the
relationship between SOC spatial variability and long-range terrain
effects due to past processes. Further studies could consider the main
findings of this thesis, addressing factors and strategies such as the
ones mentioned in the previous section, considering the use of the
newly launched satellite sensors (the Italian PRISMA (Pignatti et al.,
2015; Angelopoulou et al., 2023), the German EnMap (Guanter et al,
2015; Chabrillat et al., 2022), the Chinese GaoFen-5 (Ye et al., 2020) and
forthcoming missions : the European Copernicus Hyperspectral
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Imaging Mission for the Environment planned to be launched in 2028-
2030 (Rast et al., 2021), the US Surface Biology and Geology (Lee et al.,
2015), the French BIODIVERSITY (Briottet et al., 2022). Furthermore, the
increasing demand for satellites mainly in the security and
telecommunications sector is currently driving the development of
Microsatellites and high altitude pseudosatellites (HAPS) with single
digit optical resolutions and a higher real-time imaging capacity than
high altitude satellites. Both technologies might be complementary to
the wide swath of satellite coverage and the narrow swath of
unmanned aerial vehicles, making them potentially interesting as a
tool to support digital soil mapping and precision agriculture at
different scales. In that sense, for instance, the analysis of a large
number of images and the increasing expansion of SSL confirm that
deep learning algorithms capable of processing images and large-
scale data should be considered and tested in the prediction of SOC
content. Deep learning has been implemented to map clay content
(Tziolas et al., 2020), however, studies addressing the use of deep
learning to detect SOC from satellite series are still scarce (Vaudour et
al, 2022). Therefore future studies may address SOC prediction in
relation to dense SSL, satellite, microsatellite and HAPS images using
deep learning. Nevertheless the free availability of microsatellite and
HAPS images is questionable at least in the near future.

Finally, our study highlights that digital SOC mapping should be
further addressed to regional contexts. At present several global
projects and initiatives (e.g. GlobalSoilMap and SoilGrids) have mainly
focused on SOC mapping at national and global scales. Information on
the national or global SOC content is important, however, as we
showed in this thesis the variability of SOC can change according to
the study region and the prediction performances via satellite imagery
can vary for several reasons. SOC variability in many regions around
the world is currently unknown and detailed maps at resolutions
suitable for end users such as farmers are in extreme demand. Projects
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such as STEROPES that address specific regions not only in Europe but
worldwide are fundamental to i) identify factors influencing model
performance, ii) establish mapping methodologies adapted to
different cropping systems and iii) support bottom-up national
mapping. Future research projects should be aimed at the
development of key products at local or regional scales for farmers.
Production management zone maps (de Almeida et al., 2023), soil
fertility index maps (Viscarra Rossel et al, 2010) and even carbon
storage potential maps (Chen et al, 2019a) elaborated from soil
attributes such as SOC or terrain and satellite data are some examples
to address different applications related to risks and suitability of
agricultural land for various crops; a gap between digital soil mapping
and digital soil assessment that needs to be addressed (Carré et al,
2007; Kidd et al., 2015).
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SUPPLEMENTARY MATERIAL

Table S1a. Soil moisture products (SMPs) derived from S1/52 between
February and May 2017-2021.

Soil Moisture (vol.%)

S2 Acquisition SMPs Date (dsm) Days
Date (ds2) (year/month/day) |ds2- dsm|  Min X Max SD
(year/month/day)

20170327 20170327 0 0.4 15.13 30.6 1.7
20170409 20170408 1 0.2 10.8 294 7.35
20180225 20180226 1 0.6 12.1 29.2 4
20180421 20180421 0 0.2 13.3 28.8 7.5
20180504 20180503 1 0.2 12.4 29.4 6.4
20190215 20190212 22,396
20190225 20190224 1 0.2 13.3 28.8 7.5
20190401 20190401 0 0.2 11.5 29 5.7
20190411 20190410 1 0.2 13.8 29.2 7
20190419 20190419/20? 0 0.2 9.3 286 58
20190514 20190514/13? 0 0.2 15 29 8.1
20200319 20200321 2 0.2 18.1 28.6 5.3
20200324 20200323 1 2 18.8 29.2 5.7
20200326 20200327 1 0.2 13.1 28.6 5.6
20200405 20200404 1 0.4 13 286 6.15
20200410 20200410 0 0.2 11.1 28 5.6
20200415 20200414 1 0.2 11.8 28.4 6.6
20200423 20200422 1 0.2 8.7 28.2 5.6
20200520 20200520 0 0.2 15.3 288 88
20200528 20200528 0 0.2 15 304 9.8
& T & 7
20210227 20210226 1

20210301 20210303 2 04 17.5 29.4 5
20210306 20210306 0 0.8 15.8 294 55
20210324 20210323 1 0.4 15.9 286 6.16
20210329 20210329 0 0.2 14.8 28.6 6.6
20210423 20210423 0 0.2 7.8 28.4 5
20210425 20210426 1 0.2 7.8 28.4 4.8

3SMP was a mosaic of two different dates. The images highlighted in blue (x
> 20vol.%) were not considered to obtain S2Bsoil_0, S2Bsoil_1 and S2Bsoil_2.

146



SUPPLEMENTARY MATERIAL

Table S1b. Soil moisture products (SMPs) derived from S1/S2 between
July and November 2016-2021.

Soil Moisture (vol.%)

S2 Acquisition SMPs Date Days
Date (dsz) (dsm) |d52' dsml Min X Max SD
(year/month/day) (year/month/day)

20160812 20160811 1 0.2 152 298 6.3
20160822 20160823 1 0.8 156 304 5.8
20161130 30.6
20170822 20170824 2 0.2 154 306 6.1
20170827 20170824 3 0.2 154 306 6.1
20170829 W 25 HRE
20170921 20170923 2 1.8 18 31 5.6
20171016 20171017 1 0.4 16,9 30 6.3
20171107 20171104 31.2)
20180725 20180720 5 0.4 147 304 6.8
20180804 20180801 3 1.6 134 302 6.6
20180819 20180819 0 0.2 139 302 6

20180901 20180831 1 1.2 138  30.6 6

20180911 20180912 1 2 13 304 54
20180926 20180930 4 0.2 116 286 49
20181008 20181006 2 1.2 123 302 52
20181018 20181018 0 0.4 121 294 52
20181021 20181024 3 0.2 12 30 5.4
20181225 275
20190723 20190721 2 0.2 11,7 292 7.1
20190725 20190725 0 0.2 105  28.8 9

20190906 20190907 1 0.2 124 294 57
20190916 20190916 0 0.2 119 296 56
20190918 20190919 1 0.6 12,1 29 5.3
20190921 20190919 2 0.6 12,1 29 5.3
20200722 20200719 3 0.2 126 288 85
20200727 20200724 3 0.2 13 306 7.4
20200806 20200805 1 0.6 132 306 7.2
20200915 20200917 2 0.8 137 288 55
20200917 20200917 0 0.8 137 288 55
20200922 20200922 0 0.8 12 296 5.6
20201104 20201103 il 18.8 33. 43 0
20201106 20201106 0 2 314/ 7
20201121 20201122 il 0.2 28,6/ 1
20210719 20210719 0 0.8 155 312 6.6
20210722 20210722 0 0.6 157 312 65
20210902 20210902 0 1.6 158 294 54
20210907 20210907 0 0.6 18 286 5.4
20210922 20210923 il 1.8 Y gm
20211022 20211023 il 18.8 28 37.5{3 8
20211109 20211110 il 0.2 20 30.C// 4
20211129 20211129 0 0.2 186  28.6 3.6
20211221 20211222 20,9025 .4

The images highlighted in blue (x > 20vol.%) were not considered to obtain
S2Bsoil_0, S2Bsoil_1 and S2Bsoil_2.
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SUPPLEMENTARY MATERIAL

Table S2a. Sentinel-2 imagery and percentage of bare soil between
February and May 2017-2021.

S2 Acquisition Date number of bare Bare soil pixels (%0)
(year/month/day) soil pixels
1 20170327 2206062 28,5
2 20170409 1535143 19,8
3 20180225 2459774 31,8
4 20180421 1233166 15,9
5 20180504 1295620 16,7
6 20190225 3815710 49,3
7 20190401 2064454 26,7
8 20190411 1576575 20,4
9 20190419 1489898 19,2
10 20190514 1362221 17,6
11 20200319 1819914 23,5
12 20200324 1968727 25,4
13 20200326 2260217 29,2
14 20200405 2215266 28,6
15 20200410 2088088 27,0
16 20200415 2014895 26,0
17 20200423 1655253 21,4
18 20200520 1292335 16,7
19 20200528 779879 10,1
20 20210301 2461543 31,8
21 20210306 2372825 30,7
22 20210324 1773662 22,9
23 20210329 1754860 22,7
24 20210423 1512342 19,5
25 20210425 1491054 19,3
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SUPPLEMENTARY MATERIAL

Table S2b. Sentinel-2 imagery and percentage of bare soil between July
and November 2016-2021.

S2 Acquisition Date number of bare Bare soil pixels (%0)
(year/month/day) soil pixels
1 20160812 2139160 27,6
2 20160822 3210660 415
3 20170822 2792977 36,1
4 20170827 2307958 29,8
5 20170921 2234418 28,9
6 20171016 2995449 38,7
7 20180725 1748347 22,6
8 20180804 3418456 44,2
9 20180819 4029990 52,1
10 20180901 4685783 60,5
11 20180911 4677533 60,4
12 20180926 5116533 66,1
13 20181008 4610693 59,6
14 20181018 5145886 66,5
15 20181021 5118788 66,1
16 20190723 482202 6,2
17 20190725 563092 7.3
18 20190906 4188705 54,1
19 20190916 4202362 54,3
20 20190918 4538944 58,6
21 20190921 4241709 54,8
22 20200722 1267751 16,4
23 20200727 1943647 25,1
24 20200806 2701928 34,9
25 20200915 3334918 43,1
26 20200917 4894517 63,2
27 20200922 4992960 64,5
28 20210719 486412 6,3
29 20210722 588435 7,6
30 20210902 3869188 50,0
31 20210907 4044489 52,2
32 20211129 2101360 27,1
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RESUME EN FRANCAIS

La croissance rapide de la population entraine des défis liés a la
durabilité, aux modifications du climat et a la sécurité alimentaire. Les
sols agricoles au sein d'une exploitation ou a I'échelon régional,
national, et méme mondial, constituent la matiére premiere pour
relever ces défis. Les sols agricoles représentent environ 15 a 20 % de
la surface terrestre (Ramankutty et al., 2008). La bonne gestion de ces
derniers est d'une grande importance pour les générations futures et
la connaissance de la variabilité spatiale des différentes propriétés du
sol a différents niveaux d'organisation spatiale revét un intérét majeur.
Le carbone organique du sol (COS) est une composante essentielle qui
peut contribuer a atténuer les émissions anthropiques de CO:
atmosphérique et a assurer la sécurité alimentaire (Minasny et al,
2017 ; Arrouays and Horn, 2019), tout en restaurant la qualité de nos
sols agricoles. Dans cette thése, mon objectif était donc de déterminer
le COS dans les sols agricoles de trois régions de la France
métropolitaine (Bretagne, Occitanie et Centre Val de Loire) en utilisant
principalement les images satellitaires Sentinel-2 et Sentinel-1. Ces
régions ont été choisies en raison de leur représentativité au niveau
national en termes de types de sols, de climat, de reliefs, de matériau
parental, de types de cultures et de pratiques de gestion de |'utilisation
des sols. Dans le chapitre 1, nous présentons une vue d'ensemble de
I'utilisation de l'imagerie satellitaire, et ses différentes résolutions
spatiale et spectrale, pour détecter le COS dans le monde, ainsi que
des séries satellitaires telle qu’au moyen de Landsat et de SPOT. Les
principales méthodes de quantification du carbone prenant en compte
les données spectrales issues des satellites, telles que les modeles de
prédiction purement spectraux, les modeles incluant les données des
banques de données spectrales (méthode “Bottom up”) et les modeles
de prédiction mixtes, sont mentionnées. Les chapitres suivants
décriront, analyseront et discuteront plus en détail les possibles freins
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a la détection du carbone liées aux effets atmosphériques, a la
résolution spatiale et spectrale, a la disponibilité du sol nu et a la date
d'acquisition des images, a la date d'analyse des échantillons de sol
utilisés dans I'étalonnage du modeéle, ainsi qu’a la composition de I'état
de surface du sol, notamment I'humidité du sol, la rugosité du sol et
les résidus végétaux. Le nombre d'études utilisant des données
spectrales pour déterminer les propriétés du sol, tout comme celui des
capteurs satellitaires, augmentent considérablement en science du sol.
Dans ce premier chapitre, nous constatons que le nombre d'études
visant a cartographier le COS et utilisant des méthodes purement
spectrales dérivées de l'imagerie satellitaire est en augmentation en
France par rapport au nombre total de travaux analysés au niveau
national dans cette these. Au niveau international, Vaudour et al.
(2022) ont rapporté soixante-deux études prédisant le COS a partir des
données satellitaires depuis les années 1990 : la plupart de ces études
ont été conduites dans de petites régions couvrant quelques centaines
de km?, tandis que peu d'études ont exploré la contribution des séries
d'images satellitaires sur de grandes (< 10 000 km?) et trés grandes (>
10 000 km?) régions. Le chapitre 2 est dédié a la présentation des trois
zones d'étude : Pleine-Fougéres (10 km?), Beauce (4838 km?) et
Piémont pyrénéen (22177 km?). Il décrit I'ensemble des données
pédologiques provenant de différentes bases de données (DoneSol,
RMQS, LUCAS) ainsi que des campagnes d'échantillonnage des sols
réalisées a Pleine-Fougeres et dans le Piémont pyrénéen. Les
approches prenant en compte les données spectrales d'images mono-
date et les séries temporelles d'images de sols nus utilisées pour
chacune des zones d'étude y sont ensuite présentées. Une analyse
préliminaire a été réalisée en utilisant des modeles purement spectraux
issus d'images Sentinel-2 mono-date a Pleine-Fougeres. Le faible
nombre d'échantillons de sol disponibles du fait de la superficie limitée
de sol nu disponible aux dates d'acquisition des images a été le
principal facteur limitant de I'étalonnage des modeles de prédiction.
Le constat de ce verrou méthodologique a été fondamental afin de
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structurer la séquence d'approches et de méthodes qui a été
développée par la suite (tableau 2.3). Les résultats obtenus a Pleine-
Fougeres ont non seulement suggéré la nécessité de développer une
méthode permettant d'étendre la surface de la couche arable nue afin
de couvrir autant de points que possible disposant d'échantillons de
sol, mais aussi mis en évidence l'intérét de comparer les deux
approches fondées sur une (mono-date) ou sur plusieurs dates
combinées (mosaique temporelle) en France dans différentes régions
ou ces approches n'ont pas été abordées. Le chapitre 3 est focalisé
sur le Piémont pyrénéen, commence par une méthode purement
spectrale puis développe une méthode mixte utilisant les produits
d'humidité du sol (SMPs) comme covariable. Tous les modeéles ont
montré des variations dans les performances de prédiction,
principalement liées a la date d'acquisition des images Sentinel-2, a la
texture du sol, a la période d'échantillonnage du sol, a I'humidité du
sol et aux unités topographiques. La date de I'image et I'humidité du
sol étaient les facteurs les plus évidents de la précision du modele.
Cependant, nos résultats suggérent que les approches d'imagerie
mono-date devraient étre davantage explorées en considérant non
seulement les caractéristiques de I'image satellitaire mais encore celles
de la zone d'étude, des échantillons utilisés (représentativité spatiale
et antériorité de collecte) et des états de surface du sol. Nous montrons
en outre que la distribution spatiale du COS pourrait étre liée a
certaines situations topographiques et a I'utilisation historique des
sols. Enfin, les images Sentinel-2 nous ont permis d'identifier des
valeurs élevées de carbone sur des unités de paysage/sol spécifiques
a cette région. Le chapitre 4 a visé a augmenter le nombre
d'échantillons en sols nus pour les modeles de prédiction, et
développé a cette fin une méthode de mosaiquage temporel des sols
nus s'appuyant sur les séries temporelles Sentinel-2 (S2Bsoil) dans la
région de la Beauce. Dans ce chapitre, nous avons évalué la
performance du modele en utilisant S2Bsoil i) sur une série temporelle
complete de 57 images entre 2016 et 2021 ; ii) sur une série temporelle

162



RESUME

partielle de 25 images acquises de la fin de I'hiver au printemps ; iii)
sur une série temporelle partielle de 32 images acquises de |'été a
I'automne. Le SMPs, l'imagerie gamma aéroportée et plusieurs
covariables morphométriques (issues d'un modeéle numérique
d‘altitude et de ses dérivées) et lithologiques ont été utilisés dans la
modélisation. Les résultats de ce chapitre suggerent l'importance de
sélectionner une période d'acquisition appropriée pour construire des
mosaiques temporelles de sols nus: cela tient non seulement a la
variabilité que le COS peut présenter dans une région donnée, mais
encore aux facteurs perturbants de la prédiction du COS liés a la date
d'acquisition de I'image et a I'état de la surface du sol. Les résultats
obtenus dans cette région d'étude ont également montré
I'importance, dans la détection du carbone au niveau régional, de la
relation entre la variabilité spatiale du carbone et les covariables telles
que les images gamma du thorium, les coordonnées obliques et celles
calculées a partir des informations topographiques voisines, d'autant
que cette région d'agriculture intense est caractérisée par des
formations superficielles éoliennes de loess, organisée selon des
directions spécifiques. Enfin, le chapitre 5 porte sur un certain nombre
de questions essentielles de ce travail ou nous discutons des
conclusions tirées de cette thése et soulignons les principales
perspectives a considérer pour la télédétection du carbone du sol via
I'imagerie satellitaire dans un avenir proche.
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Mémoires du campus de Grignon

Domaine ou a été fondée I'Ecole Nationale Supérieure Agronomique de
Grignon, la plus ancienne de France. Fondé en 1826 tout pres de Versailles
avec une grande superficie de terres agricoles, des cultures et une variation
de différents types de sols. Avec un chateau construit en 1636 (celui des
photos), C'était I'alma mater des étudiants passionnés pela agronomie et de
sciences connexes et ou j'ai eu l'opportunité de travailler et de vivre pendant
presque toute ma these. Je suis tellement reconnaissant pour chaque
expérience et chaque apprentissage dans cet endroit. Les photos que j'ai
prises ne sont qu'un simple hommage a ce lieu qui, méme s'il n‘est plus en
activité, est un symbole de I'agriculture et de la recherche en France.

Printemps en mai 2020
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L'automne en novembre 2020
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