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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 km2), 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 Pyrénées.

Keywords: soil organic carbon; sentinel-2; soil moisture; croplands; digital soil mapping; southwestern
france; topographic wetness index; slaking crust sensitivity index

1. 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 [1]. Agricultural production and land use change account for 24% of global
greenhouse gas emissions [2]. 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
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highest rates of loss in the first years of disturbance [3–5]. 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 [6].

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 [7,8]. At global, continental
or national scales, mapping the spatial variability of SOC content [9–11] 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 [12,13]. 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 labora-
tory/field sensors [14,15], airborne imagery [16,17] and satellite imagery (e.g., [18–22]);
by comparing satellite and airborne imagery [23] or using them together in a common
approach [24]; by comparing satellite, airborne and unmanned aerial system-based im-
agery [25,26]; and by combining different satellite imagery with satellite-derived covariates
and indices over wide areas with different land uses: cropland, pasture and forest [27,28].
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 [21,23,25].

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. [21]
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. [29,30].
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). 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. [22] 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 (R2 ~ 0.5, RPD ~ 1.4,
RMSE ~ 3.7 g.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 sam-
pling 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
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identify whether the spatial distribution of SOC as mapped in this study is related to
specific soilscapes in southwestern France.

2. Materials and Methods
2.1. Study Area

The area studied is located in the administrative region of Occitanie, a large agri-
cultural region in the southwest of France (43◦57′N–42◦48′N; 0◦15′W–1◦51′E) covering
22,177 km2 (Figure 1). It is characterized by an oceanic climate (Cfb) according to its
Köppen classification (cold 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 km2 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.
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Figure 1. Locations of soil samples and weather stations in the western part of the Occitanie region (France).

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 [31].
The soils in the central area located on the left bank of the Garonne River are derived
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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 [32]. Most of
the naturally acidic soils are limed under cultivation in order to correct their acidity.

2.2. 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 1). The
first set corresponds to the French soil profile database (DoneSol) (to see more details,
visit 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 [33]. The second set was collected in May 2018 by the Center for Spatial
Studies of the Biosphere in Toulouse (CESBIO) in 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) [34]. R software’s “soiltexture package” [35] was used to
classify the soil samples into eight textural classes according to the US Department of
Agriculture (USDA) classification system (Figure 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 [36].

SCSIpH>7 =
1.5 ∗ FS + 0.75 ∗ CS

Cl + 10 ∗OM
− 0.2 ∗ (pH − 7) (1)

SCSIpH≤7 =
1.5− FS + 0.75 ∗ CS

Cl + 10 ∗OM
(2)

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

2.3. Dataset Acquisition
2.3.1. 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 2).

http://www.gissol.fr/
https://www.theia-land.fr/
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Figure 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 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%)
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 2).
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Table 1. Main characteristics of the S2 images studied.

Image Date S2 Tile
Time of

Acquisition
(u.t gmt)

Viewing
Incidence

Zenith Angle
(◦)

Sun Azimuth
(◦)

Sun Elevation
(◦)

Cloud/Shadow
Cover by Tuile

(%)

Cloud/Shadow
Cover of

Study Area
(%)

6 April 2017

T30TYN 10:53:17 <4,5 154.6 51.2 4

13.12
T30TYP 10:53:17 <5.9 155.1 50.5 6
T31TCH 10:53:17 <4.3 156.3 51.6 3
T31TCJ 10:53:17 <3.3 156.6 50.7 11

16 May 2017

T30TYN 10:53:22 <4.5 148.8 63.5 23

5.51
T30TYP 10:53:22 <5.7 149.7 62.8 0
T31TCH 10:53:22 ≤4.3 151.0 63.9 18
T31TCJ 10:53:22 ≤3.3 151.7 63.1 2

26 May 2017

T30TYN 10:55:18 <4.5 146.5 65.3 9

7.15
T30TYP 10:55:18 ≤5.8 147.5 64.5 0
T31TCH 10:55:18 ≤4.3 148.8 65.7 21
T31TCJ 10:55:18 ≤3.3 149.6 64.9 1

21 April 2018

T30TYN 10:56:29 <4.4 153.1 56.6 14

4.79
T30TYP 10:56:29 <5.7 153.7 55.8 1
T31TCH 10:56:29 <4.2 155.0 59.9 3
T31TCJ 10:56:29 <3.2 155.4 56.0 4

11 May 2018

T30TYN 10:58:04 <4.4 149.9 62.4 3

2.33
T30TYP 10:58:04 <5.7 150.7 61.6 0
T31TCH 10:58:04 <4.2 152.0 62.7 4
T31TCJ 10:58:04 <3.2 152.7 61.9 0

21 May 2018

T30TYN 10:57:02 <4.4 147.7 64.5 71

30.09
T30TYP 10:57:02 <5.7 148.7 63.7 11
T31TCH 10:57:02 <4.2 150.0 64.9 72
T31TCJ 10:57:02 <3.2 150.7 64.0 20

Table 2. Bands used from the Sentinel-2 Multispectral sensor.

Spectral
Band

Spectral
Domain

Central
Wavelength

(nm)

Bandwidth
(nm)

Spatial
Resolution (m)

B2 Vis (blue) 490 65 10
B3 Vis (Green) 560 35 10
B4 Vis (Red) 665 30 10
B5 R-edge 705 15 20
B6 R-edge 740 15 20
B7 R-edge 783 20 20
B8 NIR 842 115 10

B8A NIR 865 20 20
B11 SWIR 1610 90 20
B12 SWIR 2190 180 20

Vis: visible; R-edge: red edge; NIR: near infrared; SWIR: short wave infrared.

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 2). A geophysical mask was used to remove clouds and/or topographical
shadows in each scene (“masque géophysique” or MG2) [37]; 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 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
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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 [18].

NDVI =
ρNIR − ρRed
ρNIR + ρRed

(3)

NBR2 =
(ρSWIR1 − ρSWIR2)

(ρSWIR1 + ρSWIR2)
(4)

where ρ is the surface reflectance (%) of the shortwave infrared (SWIR) (i.e., SWIR1 = B11
band and SWIR2 = B12 band for Sentinel-2), the near-infrared (NIR = B8) and the red
(Red = B4) spectral regions.

2.3.2. 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 De-
cember 2021)) (Figure 2). SM image dates that were as close as possible to the acquisi-
tion dates of the S2 images were selected (Table 3). The SM images were obtained over
croplands and grasslands at plot scale and provide SM estimates with an approximate
accuracy of 5 vol.% [29] with a six-day temporal resolution [29,30]. To estimate SM val-
ues (0–10 cm depth), Hajj et al. [29] inverted the water cloud model parameterized by
Baghdadi et al. [38] for the C-band combined with the integral equation model as modified
by Baghdadi et al. [39]. 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. Soil moisture products (SMPs) derived from S1/S2.

S2
Acquisition
Date (ds2)

SM Date
(DSM)

DSM—DS2
(Days)

SMP Cover in
the Study
Area (%)

Total SMP
Cover * (%)

Rainfall S2
(mm) **

Previous Rain
Events (mm)

***

Rainfall SMP
(mm) ****

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 2.3.1, bare soil spectra and SM values were obtained using ENVI soft-
ware’s “Spectral Library Builder” function (Figure 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 2), only soil samples from plots with SM information were consid-
ered (Table 3). Rainfall data were acquired from the southwestern France regional space
observatory’s Auradé and Lamasquère stations (“Observatoire spatial regional”, OSR SW)
(https://osr-cesbio.ups-tlse.fr/index.php (accessed on 12 December 2021)). OSR is a na-
tional 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.

2.3.3. 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

https://www.theia-land.fr/product/humidite-du-sol-a-tres-haute-resolution-spatiale/
https://www.theia-land.fr/product/humidite-du-sol-a-tres-haute-resolution-spatiale/
https://osr-cesbio.ups-tlse.fr/index.php


Remote Sens. 2021, 13, 5115 8 of 22

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 [40] (Figure 2).

2.4. 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 [41,42].

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 soil 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 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 (Table 2) and were then built including S2 bands with moisture
values extracted from SMPs as covariates (Figure 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 [43]. The quality of model fit was
evaluated using the root mean squared error of cross-validation (RMSECV), the coefficient
of determination of cross-validation (Rcv2), the residual prediction deviation (RPDCV) and
the ratio of performance to interquartile distance (RPIQCV). The models were constructed
in RStudio Software version 1.1.453 using the “pls” package [44]. The relationships between
the model residuals and the textures of the samples and selected digital terrain attributes
(landform and TWI) were explored.

3. 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.

3.1. 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−1

(5.03–53.1 and 5–53.1 g.kg−1, respectively) (Table 4).
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Table 4. 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−1)

S-2 Date Soil Sampling
Periods NS R2

CV RMSECV (g.kg
−1

) RPDCV RPIQCV NC Min Me x Max SD Skw Kr

6 April 2017

2005–2018 187 0.48 6.74 1.4 1.07 6 2.4 10.1 13.7 53.1 9.45 2 6.95
2010–2018 165 0.52 6.82 1.46 1.08 6 2.4 10 14 53.1 9.94 1.92 6.2
2015–2018 132 0.64 5.42 1.7 1.25 7 2.4 9.4 13.1 53.1 9.13 2 6.9
2016–2018 98 0.7 5.58 1.83 1.68 7 5.03 9.1 14.14 53.1 10.2 1.73 5.26

16 May 2017

2005–2018 195 0.36 6.48 1.26 0.96 4 0.94 9.6 12.6 53.1 8.15 2.28 8.7
2010–2018 163 0.45 6.32 1.36 0.9 6 2.4 9.5 12.84 53.1 8.6 2.25 8.15
2015–2018 130 0.58 5.93 1.55 0.95 6 2.4 9.2 12.89 53.1 9.2 2.2 7.6
2016–2018 95 0.68 5.82 1.78 1.43 6 5.03 9.16 14 53.1 10.3 1.84 5.6

26 May 2017

2005–2018 199 0.4 6.51 1.3 1.06 4 0.94 9.62 13.09 53.1 8.5 1.95 6.8
2010–2018 169 0.48 6.39 1.4 1.17 4 2.4 9.5 13.45 53.1 8.9 1.87 6.21
2015–2018 134 0.59 6.12 1.56 1.24 4 2.4 9.32 13.57 53.1 9.5 1.81 5.71
2016–2018 100 0.65 6.17 1.7 1.75 5 5 9.33 14.7 53.1 10.5 1.51 4.4

21 April 2018

2005–2018 204 0.35 9.16 1.25 0.72 6 0.8 10 13.9 89.8 11.4 3.24 16.8
2010–2018 182 0.37 8.72 1.27 0.75 6 0.8 10 13.8 89.8 11 3.15 16.7
2015–2018 148 0.56 5.78 1.51 1.12 5 2.4 9.8 13 53.1 8.71 2.15 7.66
2016–2018 122 0.6 5.7 1.6 1.14 5 5.01 9.9 13.5 53.1 9.22 2 6.82

11 May 2018

2005–2018 236 0.37 6.09 1.27 1.07 4 0.8 10.42 12.84 53.1 7.73 2.09 8.35
2010–2018 208 0.42 6 1.32 1.07 4 0.8 10.3 12.96 53.1 7.98 2.1 8.13
2015–2018 171 0.58 5.42 1.56 1.26 5 2.4 10.3 13.2 53.1 8.43 2.07 7.56
2016–2018 135 0.66 5.22 1.73 1.53 6 4.21 10.6 13.98 53.1 9 1.89 6.46

21 May 2018

2005–2018 202 0.36 6.47 1.26 1 4 2.4 10.7 13.45 53.1 8.13 2.11 7.93
2010–2018 183 0.36 6.6 1.26 1 6 2.4 10.6 13.5 53.1 8.36 2.11 7.72
2015–2018 152 0.47 6.44 1.38 1.15 6 2.4 10.6 13.85 53.1 8.9 1.9 6.87
2016–2018 123 0.55 6.35 1.5 1.36 6 5.25 10.8 14.63 53.1 9.5 1.8 5.85

NS: number of samples; R2
CV: 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.



Remote Sens. 2021, 13, 5115 10 of 22

The best performances were obtained for most models using the set of samples from
all S2 image dates collected between 2016 and 2018 (Table 4). 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 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 shows
that there was rainfall on the same day that image S2 was taken as well as three days earlier
on 21 May 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 1). Conversely, 21 May
2018 had the highest percentage of cloud and shadow coverage (30.09%), and its RMSEcv
value (>6.3 g.kg−1) 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 1 and 2 and Table 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), contrary to what was previously
observed at a national scale [45] or in small regions [20]. 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 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). 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.
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3.2. 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 3.1. 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 5).

Figure 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 5). The SMP dates were not exactly the 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). 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.
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Table 5. 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).

SOC (g.kg−1) Soil Moisture
(Vol.%)

SM Date NS MD R2
CV RMSECV (g.kg−1) RPDCV RPIQCV NC Min Me x Max SD Skw Kr Min Me x Max

7 April 2017 84
No 0.66 5.67 1.75 1.52 7

5.48 9.1 14 53.1 9.9 1.82 5.8 6.8 17.8 17.2 24.6Yes 0.66 5.66 1.75 1.53 8

19 May 2017 69
No 0.67 6.07 1.77 1.77 5

5.03 10.5 15 53.1 10.7 1.63 4.9 9 22.2 21.6 28Yes 0.67 6.1 1.76 1.75 6

25 May 2017 87
No 0.64 6.45 1.67 1.73 5

5.48 10.2 15 53.1 10.7 1.44 4.1 5.4 13 12.6 19.2Yes 0.63 6.54 1.65 1.7 7

19 April 2018 66
No 0.62 6.72 1.63 1.46 4

5.01 13.6 17 53.1 10.9 1.26 3.8 8.8 19.3 19.3 26.4Yes 0.6 6.82 1.6 1.44 5

13 May 2018 79
No 0.76 5 2.06 1.9 3

4.21 13.8 17 53.1 10.4 1.27 4.1 17.4 28 27.6 35.2Yes 0.76 5.1 2.03 1.87 4

20 May 2018 89
No 0.55 6.37 1.5 1.58 7

5.25 12.3 15 53.1 9.5 1.7 5.9 9.8 22.4 22.3 29Yes 0.58 6.12 1.56 1.65 7

SM: soil moisture; NS: number of samples; MD: model using moisture data; R2
CV: 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.
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3.3. Spatial Prediction and Characteristics of SOC Maps

Based on the best models in Section 3.1, two maps of predicted SOC contents were
produced (Figure 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 cali-
bration samples (Table 4). 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 5 and see, further Section 4.3).
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4. 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 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.

4.1. 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 [20,46]. In this study, compar-
ative analysis revealed that both soil sampling period and image date selection affected
the accuracy of the SOC prediction models (Table 4). 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 partic-
ular [4,47]. The dates of the S2 images also influenced the accuracy of the models. This
is consistent with the results of Vaudour et al. [21], who compared the performance of
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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 dif-
ferent approaches. For example, these approaches have included the use of single date
images [20,21,23] and time series creating composite images of bare soil [22,27] including
S2 data, other satellite sensors and environmental variables as inputs [28,48]. The SOC pre-
diction performances in these studies were similar to those in this work. Castaldi et al. [23]
achieved RPD values ≥2; however, RMSE values grew higher as the RPD increased. Al-
though their performances were not as high (RPD ≤ 1.5), Vaudour et al. [20,21], obtained
RMSE values lower than those found in this work (RMSE ≤ 5 g.kg−1). 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, algo-
rithms and indices have been developed in order to reduce the effects of these factors (e.g.,
Demattê et al. [49]; Diek et al. [50]). 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 [21]. 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 1 shows that all scenes had a sun
elevation angle > 50◦. Vaudour et al. [21] used images from the Versailles plain from differ-
ent 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−1 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 1). Further works
could examine datasets from different sites in order to compare how image characteristics
influence the model performance.

4.2. Impact of Soil Moisture

SM content influences spectral response and the quantification of soil attributes [51].
SOC detection performance is particularly sensitive to soil moisture [52,53]. Therefore,
methods using spectral transformations have been proposed for lab measurements [53,54]
and via satellites using spectral indices that generally combine infrared bands near the
water response to reduce the effect of moisture [18,22,49]. Table 5 displays RPD and RPIQ
values > 1.5 from 2017 and 2018. These performances are higher than those in Table 4. The
performance of the models did not improve when including SM as a covariate (Table 5);
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 6 displays the importance of spectral bands and SM when it was consid-
ered 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 [20,25].
Castaldi et al. [23] 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 5 and Figure 6). Moreover, the best performances considering
only the S2 bands were obtained for the driest periods (Table 4; Figure 4). Rienzi et al. [52]
estimated SOC using a spectrometer with different percentages of water content and found
that prediction accuracy was the best (RMSE ≤ 6.38 g.kg−1) 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 ≥ 7.06 g.kg−1) and the
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range of predictions was very narrow. Vaudour et al. [22] 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). 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),
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 4). On 20 May 2018, no
rainfall events were observed; however, three days earlier, rainfall occurred in the area
(Table 3), which could explain the high values of the moisture image (Figure 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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4.3. 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 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 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 [55,56].
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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 9).
It might be possible to infer that the overestimates were associated with calcareous soils,
but the number of samples with CaCO3 values > 100 g.kg−1 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 pied-
mont conducted by Arrouays et al. [47,57], Arrouays and Pelissier [4], Besnard et al. [58]
reported the acidic, humic silty loam soils classified as “Veracrisols” in the French pedolog-
ical reference base and as “Vermic Haplumbrepts” in soil taxonomy. These soils developed
in Quaternary alluvial deposits and are rich in organic matter; in the past, forests ex-
isted 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 [47,59]. Figure 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−1, respectively, in each zone. According to the landform map, these two high-
lighted 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. [57,59]’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 [57], which should, therefore, be protected in order not to release CO2 in the
atmosphere [60] through enhanced mineralization under intensive cultivation [47]. 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 [45] 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 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 [56,61]. 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 [28,48,62]. 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 < 8.9)
to underestimations at higher values (Q4 > 10.8) with the predicted SOC residuals in “U-
shaped valleys” (Figure 10). This might be explained by the relationship between texture
and prediction errors (Figure 9); this is in accordance with the Australian results reported
by Minasny et al. [63], 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 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 [20]. Of course, it cannot be
inferred from Figure 10 that TWI alone causes “U-shaped valleys” prediction errors.
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Finally, the formation of “soil surface slaking crusts” in some plots due to relief and
soil attributes was analyzed. According to Aubert et al. [64] and de Jong et al. [65], 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 [36]
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 [66], this
sensitivity does not necessarily result in crusting during all periods. This research did not
focus on all of the 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.

5. Conclusions

This study confirms the previous statement according to which dates of acquisition
of S2 images are crucial [21]. It is original in extending such statement to the dates of soil
sampling periods, whichaffect 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 pre-
diction 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 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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