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Abstract: The spatial assessment of soil organic carbon (SOC) is a major environmental challenge,
notably for evaluating soil carbon stocks. Recent works have shown the capability of Sentinel-2
optical data to predict SOC content over temperate agroecosystems characterized by annual crops,
using a single acquisition date. Considering a Sentinel-2 time series, this work intends to analyze
the impact of acquisition date, and related weather and soil surface conditions on the prediction
performance of topsoil SOC content (plough layer). A Sentinel-2 time-series was gathered, comprised
of the dates corresponding to both the maximum of bare soil coverage and minimum of cloud
coverage. Cross-validated partial least squares regression (PLSR) models were constructed between
soil reflectance image spectra, and SOC content analyzed from 329 top soil samples collected over
the study area. Cross-validation R2 ranged from 0.005 to 0.58, root mean square error from 5.86
to 3.02 g·kg−1 and residual prediction deviation values from 1.0 to 1.5 (without unit), according to
date. The main factors influencing these differences were soil roughness, in conjunction with soil
moisture, and the cloud and cloud shadow cover of the entire tile. The best performing dates were
spring dates characterized by both lowest soil surface roughness and moisture content. Normalized
difference vegetation index (NDVI) values below 0.35 did not influence prediction performance.
This consolidates the previous results obtained during single date acquisitions and offers wider
perspectives for the further use of Sentinel-2 into multidate mosaics for digital soil mapping.

Keywords: soil organic carbon content; Sentinel-2; surface roughness; soil moisture; Versailles; France

1. Introduction

Soils contain the largest terrestrial pool of organic carbon [1–3]. A relatively small increase in
the soil organic carbon (SOC) stocks could, therefore, play an important role in limiting the net flux
of greenhouse gases towards the atmosphere and mitigating climate change. SOC is also a major
component of soil fertility and resilience [4,5], and increasing SOC content may help climate change
adaptation and increase food security, especially in soils having low SOC contents. The societal need
for monitoring SOC content has been expressed through the 4p1000 initiative [1–3], particularly for
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topsoil, which is directly impacted by tillage practices [4] and receives the most organic inputs. More
widely, the various effects that agricultural practices have on SOC changes still need to be appraised [5],
which requires updating and monitoring their status and changes in space and time.

The standard method for SOC content measurement consists of collecting soil samples in the
field and then preparing 2 mm-sieved air-dried soil samples for their analysis according to standard
laboratory determination: it is both time-consuming and expensive. Yet SOC content assessment
must be carried out at spatial scales useful for management and for decisions by stakeholders and
decision-makers; namely, those at the scale of local, regional, and national or even continental territories.
However, until now there is no efficient and straightforward way of monitoring topsoil organic carbon
content at such scales. Because soil reflectance in visible near infrared and short wave infrared
(Vis-NIR-SWIR, 0.4–2.5 µm) is strongly influenced by SOC and some other soil compounds, such as clay
minerals, calcium carbonate and iron oxides, empirical spectral models relating soil reflectance spectra
to spectrally-influent properties have been successfully built; e.g., [6,7]. However, this was mostly
done under controlled lab conditions (e.g., [6]) and over limited spatial coverages or soil sampling
densities. Few studies attempted to spectrally predict SOC contents from Vis-NIR-SWIR image spectra
at a regional scale covering tens to some hundreds of km2: they relied either on airborne hyperspectral
images [8–10], or on satellite hyperspectral HYPERION data [11–13], or even on multispectral satellite
data of the former generation, such as SPOT-4 and SPOT-5 [14]. The key issue regarding whatever
airborne acquisition is concerned, is that they are very expensive and not widely available, even
more so at regular time intervals, while the above-mentioned satellite images are also not numerous.
Moreover, hyperspectral satellite HYPERION has a low signal-to-noise ratio, while multispectral SPOT
satellite sensors have low spectral diversity and resolution, limiting prediction performances.

The new generation Sentinel-2 satellites (S2) launched in 2015 (S2A) and then 2017 (S2B), provide
time series with frequent revisit every 5 days, which is very promising for the purpose of updating
spatial information on SOC content. Indeed, recent works have shown the relevance of the MultiSpectral
Instruments (MSIs) aboard Sentinel-2 satellites to predict SOC content over temperate agroecosystems
characterized by annual crops in the Czech Republic [15], Luxemburg, Belgium, Germany [16], and
France [17]. The MSI has more spectral bands (13) than previous multispectral satellite sensors,
covering the Vis-NIR-SWIR spectral range. S2 data are imaged from space over large areas with
a 290 km-swath width, at a spatial resolution of either 10 m (bands 2, 3, 4, 8) or 20 m (bands 5, 6, 7, 8A,
11 and 12), which is sufficient for soil surveying.

In detail however, the prediction performance of these studies, as distinguished with cross-
validation residual prediction deviation (RPDcv), varied from 1.0 to 1.8 [15–17]. Because of crop
rotation, the soil areal fraction that is available for the mapping of topsoil properties from remote
sensing imagery varies with acquisition date. Furthermore, soil surface conditions change across the
available bare soil areas, particularly in terms of soil moisture and roughness according to tillage
operations [18]. The spectral models of SOC content prediction assume that soil organic matter
influences the reflectance of bare soil, and such influence operates along the Vis-NIR-SWIR range
without unique absorption peaks. Therefore, any factor that disturbs the reflectance spectrum may
disturb prediction from this spectrum. Spectral disturbance can be due to: (i) other spectrally influent
soil compounds, such as iron, calcium carbonate, coarse fragments [17], water [19–21], the presence of
a partial vegetation cover [22,23] and crop residues on surface [24,25]; (ii) soil surface morphometry
(roughness) that generates differential effects of light [26–28]; and (iii) an atmospheric disturbance
of the at-field reflectance signal [29,30], varying with season, clouds, sun azimuth and elevation.
None of the recent works have investigated the impact that acquisition date may have on prediction
performance for SOC content. Gomez et al. [31] showed that several single-date S2 data acquired over
a same study area may provide different performances of soil texture prediction, but they did not
investigate the reasons for these differences. This is the purpose of the present study, considering an
area where encouraging performance was previously obtained from a single spring date of March,
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for the Versailles Plain [17]: are there optimal dates for predicting topsoil SOC and what are the main
factors disturbing the SOC prediction?

2. Materials and Methods

2.1. Study Area: The Versailles Plain

The Versailles Plain, or ‘Plaine de Versailles,’ located west of Paris (North of France, 48◦46′–48◦56′ N;
1◦50′–2◦07′ E)) is NW–SE oriented in the view of the esplanade of the Palace of Versailles and covers
a total extent of 221 km2, of which about half undergoes intensive annual crop cultivation (Figure 1). It is
characterized by a semi-oceanic climate with an average rainfall of 570 mm/year and an average annual
temperature of 11.3 ◦C (INRA meteorological station of Thiverval-Grignon, 1987–2016). The main crop
rotations in the area involve winter wheat, winter rapeseed, winter and spring barley, and maize on
occasion [32]. Given the crop rotations, bare soil can be observed in the area only in spring and from
the middle of autumn to the beginning of winter, while the soil is covered either by crop residues or
green vegetation in the remaining periods. As cultivation practices are mainly conventional, with
early winter ploughing applied at least one year out of every three, it can be assumed that topsoil
SOC is homogenized by ploughing. Landforms are either flat or gently sloping, and structured into
a lower limestone plateau at ~120 m elevation in the center and an upper millstone clay plateau at
~170 m elevation along the northern and southern edges of the area. Quaternary loessic deposits and
loessic colluvium left a mark everywhere, particularly on plateaus, where haplic or glossic luvisols
developed according to the FAO classification (World Reference Base (WRB) [33]) [17,34]. Arenic
cambisols developed from the Fontainebleau acid sands across the largely forested upper plateau
flanks, while calcaric cambisols derived from limestone in the lower plateau flanks, where colluvial
surficial formations are also observed. Along the lower slopes and at the valley bottoms, stagnic
colluvic cambisols originated from marls, alluvio-colluvial materials or chalk. The highest SOC values
are found in the valley bottoms, followed by lower slopes, then the lower plateaus, while the lowest
contents are found for the upper plateaus, and then on the upper plateau flanks [35].
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of the Sentinel-2 time series gathered for this study. RPG2017 (for Registre Parcellaire Graphique) is the
Land Parcel Registry map composed of the 2017 crops declared by farmers in the framework of the
European Agricultural Policy.
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2.2. Sentinel-2 Time Series

For the periods corresponding to a maximum coverage of bare soil, being between 1 March
to 30 April in 2016 and 2017, and then between 1 November to 31 December in 2016, a Sentinel-2
time-series of the tile T31UDQ was downloaded from the Muscate platform of the French land data
center, called Theia (https://www.theia-land.fr/). In level-2A processing at 10 or 20 meter resolution
(bands: 2, 3, 4, 5, 6, 7, 8, 8A, 11 and 12; Table 1), the images were stacked with 10 m resolution. Because
the platform discards those images having a cloud cover higher than 90%, and as S2B images were
not available yet in April 2017, the series was composed of 13 dates from S2A only instead of the
36 expected dates for S2A. Two dates were very close (12 and 15 March 2016) because at the higher
latitudes one can have two observations every 5 days for one S2 satellite due to the higher intersection
between two neighboring orbits when approaching poles [24] (Table 2, Figure 1). For each date,
ten atmospherically corrected bands with corrections of slope effects were provided, together with
a so-called “geophysical mask” (“masque géophysique” or MG2) enabling one to remove clouds and
topographical shadows [30].

Table 1. Specifications of a Sentinel-2 MultiSpectral Instrument sensor (in bold characters, bands
provided by the Muscate platform used in this work).

Spectral Band Spectral Domain Central Wavelength (nm) Bandwidth (nm) Spatial Resolution (m)

B1 Vis 443 20 60
B2 Vis 490 65 10
B3 Vis 560 35 10
B4 Vis 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
B9 NIR 945 20 60
B10 SWIR 1380 30 60
B11 SWIR 1610 90 20
B12 SWIR 2190 180 20

Vis, visible; R-edge, red edge; NIR, near infrared; SWIR, shortwave infrared.

Table 2. Main characteristics of the studied scenes (tile TUDQ31): S, spring; A, autumn; W, winter.

Season Imaging Date
Time of

Acquisition
(U.T GMT)

Viewing
Incidence Zenith

Angle (◦)

Sun
Azimuth

(◦)

Sun
Elevation

(◦)

Cloud/Shadow
Cover of the

Entire Tile (%)

Cloud/Shadow
Cover of Study

Area (%)

Date of Soil
Roughness Map

S 12 March 2016 10:50:37 <5.1 160.5 36.1 68.6 0.2 none
S 15 March 2016 11:01:57 <8.8 153.5 37.8 7.3 0 none
S 14 April 2016 10:57:23 ≤8.8 163.5 49.5 80.0 46.6 none
A 30 November 2016 11:04:18 ≤8.8 172.2 18.7 1.7 1.0 27 November 2016
W 27 December 2016 10:55:27 ≤5.0 166.9 16.5 4.4 1.0 27 December 2016
S 27 March 2017 10:50:21 ≤5.0 160.2 42.0 0.6 0.9 27 March 2017
S 30 March 2017 11:03:34 <8.8 163.5 43.7 29.2 51.9 none
S 9 April 2017 11:05:29 ≤8.8 163.5 47.3 0 0 8 April 2017
S 19 April 2017 11:06:01 <8.8 163.4 51.2 2.9 0.9 20 April 2017

The images were acquired in near nadir viewing conditions (Table 2) and differed in terms of
cloud and shadow cover, which ranged from null to near to 85.5% within the entire tile, and from null
to nearly 100% at the very location of the study area. Therefore, four more images had to be discarded
from the time series because of their too high cloud cover and shadow coverage: 22 March, 1 April and
7 December 2016, and 29 April 2017.

In order to consider cropland soil only, urban and forest pixels were masked using Land Parcel
Registry maps [17]. Cropland pixels assumed to be vegetated, i.e., those with normalized difference
vegetation index (NDVI) values exceeding an expert-calibrated threshold, were masked. The NDVI
was retrieved using bands of 842 nm and 665 nm. The threshold value of 0.35 was previously used for
the date of 12 March 2016 [17] while that of 0.27 was selected as the best trade-off for getting the largest

https://www.theia-land.fr/
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bare soil area while reducing the effects of sparse vegetation on the national scale [36]. In this article, the
effects of such thresholding will be compared in §3.3, but the threshold of 0.35 will be used, as it enables
to keep a larger number of soil samples, without a significant decrease in prediction performance.
Actually, the NDVI threshold of 0.27 suggested the removal of four to 48 samples, compared to 0.35.

2.3. Soil Samples

We used 329 topsoil samples, collected from 2010 to 2017 for the purposes of earlier
studies [10,14,17,37,38]. All samples were composed of roughly 10 sub-samples collected to a depth of
8 cm from random locations within a 2.7 × 2.7 m square area centered at the sampling plot, as recorded
at its center using a Trimble Pathfinder®Power (Sunnyvale, USA) Differential Global Positioning
System (DGPS) of 50 cm precision [18]. Topsoil samples were bulked and air-dried. They were then
gently crushed and sieved to 2 mm prior to conventional soil property determinations [39]. Amongst
the total number of 329 available soil sample locations, a number of them were vegetated at each date
and the available number of the remaining bare soil samples varied between dates (Table 3), never
reaching the total of 329. Some bare samples were common to three, four or five dates, and only four
were common to all dates.

Table 3. Statistics of soil organic carbon (SOC) contents (g·kg−1) according to dates (normalized
difference vegetation index (NDVI) ≤ 0.35).

Imaging Date Number of
Samples Min 1st

Quartile Median Mean 3rd
Quartile Max Standard

Deviation Skewness 1

12 March 2016 83 7.04 12.65 16.20 16.81 20.30 31.90 5.23 0.45
15 March 2016 84 7.04 12.68 16.93 16.30 20.50 31.90 5.27 0.41
14 April 2016 86 7.04 12.62 16.30 16.88 20.35 31.90 5.16 0.42

30 November 2016 199 6.20 11.05 13.20 14.95 18.30 35.90 5.13 0.96
27 December 2016 173 6.20 11.10 13.20 15.17 18.30 35.90 5.60 1.23

27 March 2017 147 8.92 11.60 14.70 15.84 18.30 35.90 5.47 1.28
30 March 2017 144 6.38 11.47 14.70 15.81 18.30 35.90 5.55 1.23
9 April 2017 125 6.38 11.40 14.20 15.09 17.90 31.90 4.63 0.96
19 April 2017 122 6.38 11.40 14.15 15.08 17.88 31.90 4.66 0.97
Whole dataset 329 6.20 11.30 14.20 15.42 18.50 35.90 5.22 0.96

1 type 3 skewness according to Joanes and Gill [40].

The SOC content ranged between 6 to 8 and 32 to 36 g·kg−1 (mean 14–16 g·kg−1; standard deviation
~5 g·kg−1) (Table 3). SOC content distribution was slightly positively skewed, whatever date, and was
similar between dates, with slightly higher quartiles and mean values for images of the spring 2016.

2.4. Information on Disturbing Factors According to Date

2.4.1. Time-Series of Soil Roughness Maps

In order to assess the temporal changes in soil surface roughness, we used vector maps of
soil roughness produced during a previous study over the same area [41] for the five following
dates: 27 November and 27 December 2016, and 27 March, 8 April and 20 April 2017. The time
difference from the S2 dates was either null (27 December and 27 March), or 1 day (8 and 20 April) and
reached a maximum of 3 days only (27 November). Soil roughness was estimated from 10 m radar
Sentinel-1 (S1) images according to an approach relying on neural networks trained and validated
using large simulated datasets generated from the radar backscattering “integral equation model”
(IEM), considering the range of soil moisture and surface roughness encountered in agricultural
agroecosystems [42]. Soil roughness, as expressed through the root mean square surface height (Hrms)
or standard deviation of the surface height, was validated for the Versailles Plain with a root mean
squared error (RMSE) of about 0.80 cm for the spring dates of 2017 [41]. Vector maps, which provide
an average value of the estimated soil roughness at each bare field, were intersected with the point
shapefile of soil sample locations.
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2.4.2. Soil Moisture Measurements and Soil Moisture Index

Topsoil volumetric soil moisture was monitored daily along the whole considered time series
at the Integrated Carbon Observation System (ICOS, https://www.icos-ri.eu) ecosystem site FR-Gri,
located in the middle of the study area [43]; i.e., within the soilscape unit of the lower limestone
plateau mainly characterized by haplic or truncated luvisols. It was averaged for a 0–10 cm depth by
four CS650 (Campbell Scientific, Logan, USA) soil water content reflectometers. The ICOS site was
vegetated with wheat at the beginning of stem elongation in March–April 2016, and then with oilseed
rape in winter 2016 (~15 cm high) and in spring 2017 (60 to 170 cm high). Though not measured on
bare soil, the soil moisture from the ICOS site provided information on the major temporal changes in
volumetric soil moisture along the observed period.

In addition, soil moisture was determined gravimetrically [44,45] at bare soil locations, coinciding
with soil sample locations for the images of 30 March (14 locations) and 19 April (13 locations) 2017.
The measurements were performed on 528 cm3 cylinders of the superficial soil horizon that were
sampled at between 0 and 8 cm of depth. In analogy to the procedure used by Gao [46] for building the
so-called ‘normalized soil water index,’ a relationship was searched for between these measurements
and a number of indices involving two or three MSI bands. Based on the bands maximizing differences
in reflectance values, the following soil moisture index named ‘S2WI’ was adopted:

S2WI =
ρ(865 nm)−ρ(1610 nm)−ρ(2190 nm)

ρ(865 nm) + ρ(1610 nm) + ρ(2190 nm)
(1)

where ρ is surface reflectance (%).
Along the available time series, S2WI values were computed for the samples located within

the soilscape unit to which the ICOS site belongs, in order to compare its temporal change with the
monitored soil moisture between 0 and 10 cm of depth of the ICOS site.

2.5. Spectral Models of SOC Content Prediction

The partial least squares regression (PLSR) method was chosen to construct prediction models
based on bare soil samples drawn at each date. As a matter of fact, it has been widely used in literature
for quantitative remote sensing (e.g., [6–17]), and therefore, enables comparing our results to those
obtained by other authors, particularly for Sentinel-2 [15–17]. The PLSR method relates two data
matrices, the matrix of explanatory variables X (here the soil reflectance spectra) and the matrix of
the dependent variable Y (here the SOC content), through a linear multivariate model; additionally,
modelling the structures of X and Y [47,48]. The PLSR approach enables one to analyze data based on
several noisy collinear features, and extracts orthogonal or latent predictor variables accounting for
variation in the dependent variable Y.

PLSR SOC prediction models were constructed from image reflectance spectra with 10 selected
spectral bands (Table 1). As neither log transform nor spectra centering improved prediction
performances for several of the considered dates, raw reflectance spectra were used. The optimal
number of latent variables was determined from the prediction residual error sum of squares (PRESS).
Because we focused on comparing performance levels between dates rather than on carrying out
external validation assessments, a leave-one-out cross-validation procedure was applied [48,49].
The quality of model fit was evaluated from the root mean squared error of cross-validation (RMSECV),
from the coefficient of the determination of cross-validation (Rcv2) and from the residual prediction
deviation (RPD); i.e., the ratio between the standard deviation of the calibration dataset to the RMSECV.
PLSR models were used in R version 3.2.1 (R Development Core Team, 2015) employing the “pls”
package [50].

https://www.icos-ri.eu
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3. Results

The performance of SOC content predictions were first analyzed according to acquisition date,
then in relation to possible disturbing factors: acquisition condition (§3.2); the presence of vegetation
not sufficiently discarded, according to the NDVI cut-off (§3.3); surface roughness (§3.4); and topsoil
moisture (§3.5).

3.1. Variations in Prediction Performance According to Date

Performance of SOC content predictions varied according to date, being intermediate (RPD ≥ 1.4)
for three spring dates only, and for none of the autumn-winter dates (Table 4). The best models relied
on five or six latent variables.

Table 4. Sentinel-2 (S2) prediction performance by date (in bold characters, intermediate
performance)—NDVI ≥ 0.35. MG2 denotes the models based on samples not influenced by clouds or
shadows according to the MG2 mask.

Imaging Date Number of
Samples

Number of Latent
Variables

RMSECV
(g·kg−1)

R2
CV RPDCV

12 March 2016 83 3 4.78 0.16 1.1
15 March 2016 84 5 3.79 0.48 1.4
14 April 2016 86 3 5.05 0.03 1.0

14 April 2016-MG2 54 1 5.86 0.005 1.0
30 November 2016 199 3 5.07 0.02 1.0
27 December 2016 173 6 4.82 0.26 1.2

27 December 2016-MG2 172 6 4.83 0.25 1.2
27 March 2017 147 4 4.45 0.33 1.2
30 March 2017 144 6 4.68 0.29 1.2

30 March 2017-MG2 67 5 5.44 0.35 1.3
9 April 2017 125 5 3.38 0.46 1.4
19 April 2017 122 6 3.02 0.58 1.5

It is noticeable that some models relying on a substantial number of samples (>140) were not
performing better than others, suggesting that the large sample size on which they relied did not
compensate for possible disturbing factors (30 November 2016, 27 December 2016 and 30 March 2017).
Our approach did not intend to elucidate the physical processes of spectral disturbance but rather to
exhibit a hierarchy of known disturbing factors. The text below will review, amongst these possible
disturbing factors, those varying temporally (atmosphere, vegetation cover, roughness and water).

One must mention, that for each of the three dates affected by the presence of clouds or shadows
(14 April and 27 December 2016 and 30 March 2017), some samples were removed by means of the
geophysical mask (MG2 notation in Table 4). However, this did not or only slightly for 30 March
2017, improve the performance model. Moreover, two dates very close (12 and 15 March 2016) relied
on a similar dataset but resulted in different performance. This requires a closer examination of
acquisition conditions.

3.2. The Influence of Acquisition Condition

Amongst the factors of acquisition condition described in Table 2, there was a dichotomy between
the images extracted from entire tiles with abundant cloud and cloud shadow cover (>65%), both
showing low RPDcv, and the remaining dates showing varying RPD values (Figure 2): even though
the study area was not specifically affected by cloud cover on 12 March 2016, the presence of clouds
and cloud shadows at the scale of the entire tile, to which atmospheric correction was performed, may
explain the bad performance for this date compared to 15 March.
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In contrast to sun azimuth, there was a positive correlation between sun elevation and RPDcv.
When removing the date of 14 April 2016, the most affected by cloud cover, an exponential relationship
was exhibited between RPDcv and sun elevation with R2 of 0.6 (Figure 3). This suggests an overall
seasonal trend, in favor of spring images compared to autumn and winter images.
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3.3. The Influence of NDVI Threshold

As soil is assumed to be bare below a certain NDVI threshold, one disturbing factor for SOC
prediction performance could be the presence of partially covering green vegetation. One might expect
that the lower the NDVI threshold, the more exposed soil surface might be. Results in Table 3 were
obtained from samples with an NDVI below the 0.35 threshold. However, whatever the NDVI threshold
value (0.27 or 0.35), prediction performances were very similar (Figure 4), except on 9 April 2017.
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The trade-off between the largest bare soil and the availability of samples for SOC prediction
models is thus in favor of keeping more samples, using a higher NDVI.

3.4. The Influence of Soil Surface Roughness

Figure 5 displays the histograms of soil roughness, as expressed through Hrms values predicted
for each set of soil sample locations one five dates. Winter dates were characterized by pronounced
roughness (median ≥2 cm) due to deep ploughing to a soil depth of about 25–30 cm, unlike spring
dates (median ≤1 cm), which corresponded to shallow tillage operations (harrowing with vibroshank
or rotary cultivator, rolling) for the sowing of spring crops. In addition to shadowing effects, soil
surface roughness has directional effects [26], particularly due to tillage practices [27]. As can be
expected from its complex spectral effects, soil surface roughness is a major disturbing factor affecting
the performance of SOC prediction: the higher the roughness, the lower the prediction performance
(Figure 6).
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Figure 6. Evolution of prediction performance according to S2 acquisition date and S1-derived soil
surface roughness for these dates (the same Hrms value was assigned to 27 and 30 March).

3.5. The Influence of Soil Moisture

The spectral soil moisture index S2WI proved positively related to the measured topsoil moisture
in the field (Figure 7). This index was thus calculated for each image, and in the specific case of the
soilscape unit represented by the ICOS-Gri ecosystem site, compared to the monitored soil moisture
(Figure 8).
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Figure 7. The relationship between the soil moisture index S2WI and the measured topsoil moisture in
the field.

Topsoil volumetric moisture of the ICOS-Gri ecosystem site gradually decreased over the 2016–2017
time series, being higher in 2016 compared to Spring 2017 (Figure 8). It was very sensitive to the
cumulated rainfall amount of the week preceding each image acquisition as the lowest cumulated
rainfall amounts after a week marked clear decreasing trend for 30 November 2016, and for the two
dates of April 2017. The spectral S2WI index had negative values for bare soils, ranging from ~−0.5
to 0 (Figure 8). In agreement with the monitored volumetric soil moisture, the mean S2WI values
computed for the same soilscape unit as the ICOS-Gri site were much higher in 2016 (above −0.2) than
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for the Spring 2017 (below −0.3). The S2WI index is therefore useful for characterizing topsoil moisture,
at least for separating between very moist and very dry soils along a time series.
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Figure 8. Evolution of S2WI according to volumetric soil moisture and soil surface roughness Hrms for
the soilscape unit 4, with photographs of soil surface conditions of early and late spring 2017. Error bars
for the Hrms refer to the standard deviation of Hrms values for the soil sample locations pertaining
soilscape unit 4.

SOC prediction performance, as expressed through RPDcv, tended to decrease along with higher
S2WI values; i.e., higher soil moisture (Figure 9). However, such a correlation held true for the SU4
soilscape containing ICOS-Gri only, and could not be extrapolated for the other soilscape units, due to
the lack of soil moisture information.
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Figure 9. Plot of RPDcv against the mean S2WI for the SU4 soilscape unit equipped at the ICOS-Gri site.

4. Discussion

SOC prediction performance varies with acquisition date. It depends on a number of factors,
amongst which soil roughness exhibited the most significant influence for this study. This is in
compliance with previous studies, based on reflectance field spectra and field roughness measurements,
that have shown the negative influence of soil surface roughness on SOC prediction performance [28,51].
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From the seasonal relationship between SOC prediction performance and soil surface roughness,
we can infer, or at least confirm, the best periods for predicting SOC from S2 images.

4.1. Optimal Dates for Predicting SOC from S2 Images and the Benefit of S2/S1 Synergy

As can be expected from our previous spring studies within the same area [10,14,28], late spring
images enabled optimal SOC prediction performances. As a matter of fact, provided low cumulated
weekly rainfall before acquisition, soils are mostly smooth and dry in late spring. On the contrary, they
are mostly rough and moist in autumn and winter, while the situation is intermediate in early spring.

Regarding the specific influence of soil surface roughness, these trends were highlighted from
the synergy between S2 and S1, and particularly, S1-derived surface roughness that was previously
assessed at several dates [41]. Bousbih et al [52] have also recently taken advantage of S2/S1 synergy
for improving the prediction of soil clay texture, but in order to better target the clayey soils expected
to slow drying, their strategy opted for the most humid periods between September and December;
they, therefore, used S1-derived soil moisture instead of roughness.

4.2. The Need for Further S1-Derived Soil Moisture Information

Only a weak relationship between soil moisture and SOC prediction performance came through
the soil moisture data that were available. Although the averaged S2WI values for the SU4 unit of
haplic or truncated luvisols were consistent with the trends of soil moisture variations at the ICOS-Gri
ecosystem site, there was no link between soil moisture, as estimated through S2WI, and the overall
SOC residuals across all dates (Figure 10). Therefore, the effect of soil moisture on SOC performance
prediction remained unclear. Yet, several authors demonstrated the negative effect that increasing soil
moisture had on SOC prediction performance, from laboratory spectra [19,20], and also from both
laboratory and field-moist spectra [21]. Nevertheless, Rienzi et al. [20] found that SOC prediction
from a spectral library could maintain an acceptable quality, even with a varying range of volumetric
soil moisture content of between 15% and 25%. As soil moisture measured in the field in spring 2017
ranged throughout that interval and reached even lower values (Figure 7), it might explain the weak
relationship observed between SOC prediction performance and soil moisture, at least for spring dates.
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A further use of S1 data should enable a more straightforward analysis of soil surface moisture, than
the S2WI values did. S2WI values fitted topsoil cylinder measurements moderately (R2 = 0.66) but this
was for volumetric soil moisture contents ranging from very low (7%, stony soil) to intermediate (22%)
values in spring. Further soil moisture measurements would be needed to validate this relationship for
higher soil moisture levels. Moreover, the interpretation of S2WI values must be done with caution
for the luvisols prone to hardsetting [53], as illustrated by Figure 8. For the dates of 27 and 30 March
2017—soil might be interpreted as dry according to its S2WI low value (<−0.3) but may be moist under
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the soil surface’s slaking crust. For this specific effect, both the validity range and slaking effect require
further study related to the S2WI. This is the reason why the combined use of a synchronous radar
image would probably be useful, not only for this purpose, but also for a more direct assessment
of the soil moisture levels across the considered time-series. Currently, two types of algorithm for
surface soil moisture (SSM) estimation are considered from Synthetic-Aperture Radar (SAR) data and
are particularly well adapted to bare soils pixels. The first type algorithm is the change detection
(CD) approach which is applied using multi-temporal SAR images with high revisit time [54–56].
The change detection approach supposes that the change in backscattering coefficients between two
successive dates is only related to changes in the SSM, while other parameters contributing to SAR
backscattering, such as soil roughness and vegetation, remain stable. The second type of algorithm is
based on the use of the neural network technique (NN) to estimate the SSM from SAR data [57–59].
Paloscia et al. [60] and El Hajj et al. [61] proposed an approach based on the neural NN technique for
operational SSM mapping from S1 and S2 images.

4.3. The Assumption of No or Few Crop Residues on the Surface

Crop residues were assumed negligible on the soil surface at the considered dates. As it relies on
our observed dataset across eight successive years, such an assumption is robust for spring, while,
for winter, it stems from expert knowledge of the agricultural practices that predominate over the
study area. Crop residues are mostly found after cereal harvest, which is carried out from late July to
early September for the Versailles Plain. A further study dealing with the detection of crop residues
along the year, and particularly with the relationship to the key harvest dates of main and intermediate
crops [62], has been initiated to verify the assumption of little or no crop residue cover for winter dates.

Intensive crop cultivation implying mechanical conventional tillage today still predominates
in the Versailles Plain. With an eventual shift to conservation tillage, our results may no longer be
valid, as it would require one to handle the soil surface partially covered with both crop residues and
emerging crops. Such a complex surface condition is hardly detectable from S2 and would rather
require hyperspectral satellite sensors, such as from the newly launched PRISMA or the forthcoming
EnMap, CHIME, SHALOM or HypXim.

4.4. The Influence of the Spatial Level of Atmospheric Correction and Dataset Composition

Across the considered time-series, acquisition conditions as expressed through the cloud and
cloud shadow cover of the entire tile and sun elevation proved to be influential on SOC prediction
performance. In particular, the specific case of the image acquired on 12 March 2016, for which nearly
no cloud occurred at the scale of the study zone, conversely to the entire tile (Figure 1), suggests that the
spatial coverage of atmospheric correction does matter and may degrade the accuracy of atmospheric
correction and hence SOC prediction performance. As a matter of fact, in our previous study [17],
atmospheric correction was parameterized at the scale of the study area, resulting in an intermediate
RPDcv for the same image, instead of the poor performance in this study. The specific influence
that atmospheric correction processors and processing scales have on SOC predictions’ performances
should be studied further for the whole time series.

Moreover, from one date to another, the composition of the dataset varies according to crop
development changes. This is why there actually existed no common validation set for the whole series
(only four sampling locations). The differences due to spatial arrangement and soil type composition
(Table 3) were assumed negligible between dates. Common datasets of 26 and 40 sampling locations were
found for only seven or five dates respectively, but were not used, having debatable representativeness.

In further works, it could be interesting to handle a common dataset for model comparison,
as well as maximize bare soil coverage, by assessing strategies for mosaicking several images into
multidate mosaics [63]. Although performances proved higher for spring, it is noticeable that our
dataset contained one winter date and one autumn date only: a number of acquisitions were discarded
because of high cloud coverage at these seasons. A further work would consist of handling more
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winter and autumn dates, and for this purpose, deep learning techniques could be tested for such
an extended time series.

5. Conclusions

The choice of acquisition date is crucial for achieving an acceptable SOC prediction performance
from S2 images. SOC prediction performance indeed varies with acquisition date. It depends on
a number of factors, amongst which soil roughness exhibited the most significant influence in this study.
The agricultural operations that influence soil surface roughness need to be taken in to account, along
with the agricultural practices leading to crop residues and the main rainfall events. SOC prediction
performances proved higher for spring dates with low surface roughness, along with those with no
crop residues and no preceding rainfall events. Our study also highlights the benefit of S2/S1 synergy
for topsoil property monitoring and opens perspectives for the further use of Sentinel-2 into multidate
mosaics for digital soil mapping. Deep learning techniques could also be tested for an extended time
series that would contain more winter and autumn dates.
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