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Abstract. Surface Soil Moisture (SSM) is a fundamental information in various
research contexts. The monitoring of soil moisture variations can be performed
through an accurate use of sensors calibrated and distributed over the study areas.
Also, remote sensing techniques can be used to estimate SSM, analyzing wide
areas automatically. Starting from previous studies about the response of capacitive
soil moisture sensors (WaterScout SM100) installed in the study area of Ceriana-
Mainardo (Liguria, Italy), the present work aims to investigate the correlation
between ground-based soil moisture data and reflectance extracted from Sentinel-
2 images in a study area characterized by sparsely vegetated surfaces. Despite S-2
limitations due to sensitivity to atmospheric obstacles, they provide very effec-
tive monitoring of vegetation conditions, thanks to the Red Edge bands. In fact,
Reflectance — Soil Moisture correlation analysis highlighted a better response for
Red Edge 2, Red Edge 3, Broad Near Infrared and Near Infrared bands, being
the vegetation cover spectral response an indirect indicator of soil moisture in
the investigated depths. The best correlation is found referring to soil moisture at
10 cm depth and considering the mean reflectance of the four mentioned bands.
This kind of dependency allows to have a quite good correlation (R% =0.56, RES
STD=3.3%0 (m3/m3), MAE=2.1%6 (m3/m3 )), comparable with the accuracy
of the ground soil moisture sensors (3% 0), hence useful to extract spatially dis-
tributed information of Volumetric Water Content (0 [m3 /m3 %]) from S-2 images.
The results of the analysis appear encouraging. The workflow, implemented on an
area mostly characterized by complex cultivations, could be replicated on other
vegetated land uses in presence of field soil moisture data in the study area.
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1 Introduction

Knowledge of Soil Moisture (SM) (typically referred to the upper meter depth) is use-
ful in several research fields, particularly in hydrological balances [1-3] and precision
agriculture [4], but also in the analysis of the mechanical behavior of partially saturated
soils on slopes susceptible to surface landslides [5, 6]. It can be distinguished in Surface
Soil Moisture (SSM, referring to the first 5-10 cm depth from ground level) and Root
Zone Soil Moisture (RZSM, referring to depths between 50—-100-200 cm) [7, 8]. SSM
estimate (typically expressed in Volumetric Water Content, & [m3/m3%]) can be car-
ried out using sensors (direct measurements) installed in the ground or remote sensing
techniques.

Soil moisture sensors, often integrated in monitoring networks consisting of many
measuring points (nodes), provide information on the volumetric soil water content
locally. Such systems differ based on sensor complexity, accuracy and cost. Some typical
examples of soil moisture sensors are gamma-ray transmission, electrical resistance, soil
heat flux, time-domain reflectometry (TDR), and frequency-domain reflectometry (FDR)
[9, 10]. However, capacitive sensors are more suited for automated applications because
of their more straightforward data output, the reduced power consumption, and the lower
costs [11].

In order to obtain a spatially distributed estimate of SSM, remote sensing products
derived by multispectral optical or microwave radar images, that differ mainly in spatial
resolution and sensitivity to atmospheric obstacles [ 12], can be used. Copernicus Sentinel
mission, developed by the European Commission and the European Space Agency for the
Copernicus Global Earth Observation Project, have been providing Earth Observation
(EO) products for almost a decade. The Sentinel-1 (S-1) imaging system operates in
the C-band and has four imaging modes, providing technical support for long-term
monitoring of a given region due to its dual polarization capability, short revisit period,
and fast processing of products [13]. Sentinel-2 (S-2) satellite carries a high-resolution
MultiSpectral Imager (MSI) with 13 spectral bands, three of which are specialized Red
Edge bands, particularly effective for monitoring vegetation healthy state [14]. Several
studies have relied on the combined use of S-1 and S-2 products to assess surface soil
characteristics such as water content, but also organic carbon and total nitrogen [15-
17]. However, in this work, because of the marked presence of low vegetation, i.e.
herbaceous and shrub species in the study area, classified in the Land Cover cartography
[18] as complex agriculture, only the potential of S-2 is investigated. Moreover, since the
vegetation can be considered homogeneous in the study area, its spectral response can
also be considered homogeneous, simplifying the analysis, as described in the following.

The analyzed study area is Ceriana-Mainardo (IM), in the western side of the Lig-
urian Region, in Italy. The site has been monitored placing in field a network of capacitive
sensors (WaterScout SM100), because the area was subject to shallow landslides induced
by changes in soil moisture. This occurred, for example, during intense rainfall in 2018,
causing road disruption and substantially isolating the population, that was then evac-
uated from their houses for safety reasons. In such cases, the analysis of the evolution
of soil moisture (in the upper meter depth) over time could be useful to assess when
conditions become stable again, allowing people to return to their houses.
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This paper aims at defining an expeditious methodology for large-scale and high
spatial resolution estimate of Surface Soil Moisture, based on the integration of direct
ground-based measurements and S-2 multispectral images. The combined use of these
resources could lead to a detailed estimate of spatial-temporal variation of SSM, useful
for the implementation of geotechnical models for shallow landslide analysis.

The specific goals of the present work can be summarized as follows:

e Correct functionality assessment of the ground-based soil moisture monitoring net-
work; this crucial phase aims to establish the ground-truth, necessary to correlate the
satellite images reflectance with the soil moisture measurements.

e Definition of the Reflectance — SM correlation at different multispectral bands,
and determination of the spectral bands providing the statistically best correlation
(evaluated based on the highest coefficient of determination R? values from linear
regressions).

e Creation of SM maps from multispectral images, here proposed with reference to
homogeneous land uses.

2 Study Area and Ground-Based Data

The Ceriana Mainardo site is one of five landslide areas selected in the Ad-Vitam project
(Analysis of the Vulnerability of the Mediterranean Alpine Territories to natural risks),
financed within the Interreg V-A France—Italie, ALCOTRA 2014-2020. The aim was to
increase the resilience of territories affected by rain-induced shallow landslides through
the implementation of a forecasting system based on low-cost environmental monitoring
that would provide near-real-time data of slope moisture conditions referred to the first
meter of depth [19]. The installation of a monitoring network in this area made it possible
to obtain a volumetric soil water content dataset, characterized by sufficient continuity
over three years of observation (2020-2021-2022), on the basis of which it was possible
to perform analyses on the correlation between soil moisture and multispectral satellite
images.

2.1 Soil Moisture Monitoring Network: Characteristics and Reliability Analysis

The soil moisture monitoring network installed at the Ceriana-Mainardo site (Fig. 1)
is composed of five measurement nodes (C1, C2, C3, C4 and C5), each equipped with
four WaterScout SM100 sensors placed at depths of approximately —10 cm, —30 cm,
50 cm and —80 cm. The nodes are connected to a Retriever and a Modem for remote
transmission of soil moisture monitoring [20] (Fig. 2).

In order to improve ground-based measurement reliability- soil moisture sensors
were calibrated on the basis of the soil-specific characteristics of the area. The adopted
calibration procedure is simplified and operative, as it does not properly take into account
the soil porosity (for the results refer to [20, 21]). However, the monitoring network was
verified to be capable of detecting the infiltration of water into the ground following a
rainfall. This analysis was realized in Mendatica (Liguria, Italy), another site selected
in the Ad-Vitam project, by analysing the correlation between precipitation variations
(mm/h) and the volumetric water content 6 (m>/m3%) recorded by the four sensors along
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Fig. 2. (a) Soil moisture monitoring network installed in Ceriana-Mainardo. (b) Soil Moisture
vertical installation mode. (¢) A measurement node (C2) in complex agriculture Land Cover.

the vertical, forming a measurement node (called M1). Figure 3a shows an example of
temporal evolution of rainfall and soil moisture measurements at the four analysed
depth in January 2021. The cross-covariance (Matlab command xcov(x,y) [22]) between
rainfall (x) and 6 (y) shifted (lagged) in time, was calculated. As expected, a higher
similarity between rainfall and soil moisture is evident in the shallower sensors, with
maximum Pearson’s coefficient (p) positioned at short lags (3 h). Deepest sensors show
a decrease of the Pearson’s coefficient (p), with a progressive delay of the peaks (10 cm
depth: 3 h, 30 cm depth: 5 h, 50 cm depth: 6 h, 80 cm depth: 8 h), as shown in Fig. 3b
for the rainfall event occurred in January 2021.

The correct functionality of the soil moisture monitoring network can be considered
verified. Such an analysis makes it possible to conclude that the soil moisture dataset
obtained by the described monitoring network can represent the ground-truth for fur-
ther analyses. The four soil moisture datasets (concerning the four considered depths)
relative to the Ceriana-Mainardo network were organized in terms of a daily median.



Surface Soil Moisture Estimate by Integration of Optical Remote Sensing 7

M1

A=-10cm — C=-50cm EERAIN
[=—B=-30cm =—D=-80cm E

/.
——

§ e ;Zf/ T

£ ———— |
|I|I||I =

304012021 12100 31012021 00:00 30172021 1240C MAZ2027 00:00
t [dd'mmyyyy hh:min]
()
N M1
08 : L -
As-10cm — Ba-300m —Ca-50cm = D=-8lem

2 4 B 8 10 12 14 18 8 20
lag [h]

(b)
Fig. 3. (a) Rainfall and soil moisture referred to M1 node (Jan. 30-31, 2021). (b) Correlation

between rainfall and soil moisture referred to M1 node (Jan. 30-31, 2021) (y-axis: Pearson’s
correlation coefficient p).

The considered time window includes the years 2020, 2021 and 2022, as it was dur-
ing this period that the monitoring network operated most with the lowest number of
interruptions.

3 Multispectral Images Analysis

3.1 Dataset Preprocessing

Sentinel-2 (S-2) A/B multispectral images were used in the present analysis. Auto-
matic download of the Bottom of Atmosphere (BOA), clear sky satellite images was
performed through the free script (GNU General Public License) SAme-Day SAtellite
DAta Mosaics (SADASADAM) [23]. It uses the python package EODAG, distributed
by the Earth Observation Data Access Gateway project [24], to search and download
data, and the software FORCE (Framework for Operational Radiometric Correction for
Environmental monitoring) for atmospheric correction, cloud detection, resampling and
mosaic creation. Clouds are detected and eliminated, leaving only clear, usable image
data. The main inputs include the coordinates of user-defined bounding box, the tempo-
ral extent and the desired percentage of cloud cover. The elaborated images, relative to
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the S-2 bands at 10 m and 20 m native spatial resolution, as shown in Table 1 [25, 26],
were resampled at 10 m resolution by SADASADAM [27].

Table 1. S-2 Multispectral bands processed by SADASADAM

Number | Sentinel-2 band | Band Center wavelength | Original spatial
number (nm) resolution [m]
1 2 Blue 490 10
2 3 Green 560 10
3 4 Red 665 10
4 5 Red Edge 1 705 20
5 6 Red Edge 2 740 20
6 7 Red Edge 3 783 20
7 8 Broad 842 10
Near-Infrared
(BNIR)
8 8a Near-Infrared 865 20
(NIR)
9 11 Short Wave 1610 20
Infrared 1 (SIR1)
10 12 Short Wave 2190 20
Infrared 2 (SIR2)

3.2 Processing Workflow

The adopted workflow is here presented:

1.

Automatic extraction of the pixel values from the multispectral images at the selected
five points relating to the measurement nodes of the soil moisture monitoring network
(see yellow dots in Fig. 2a), organizing data in a unique dataset considering the
vegetation as homogeneous in the study area.

. Correlation of the reflectance (derived from the ratio of pixel values to a scaling

factor of 10.000) with the soil moisture measurements relative to the day of satellite
image acquisition. In particular, the multispectral images are referenced to a given
time and day, while the ground-based soil moisture data are processed (as described
in Sect. 2.1) to obtain daily median values. Four Reflectance — Soil Moisture datasets
were thus obtained, one for each of the considered depths (—10 cm, —30 cm, —50 cm
and —80 cm).

. Outlier removal steps:

a) for each individual multispectral band, an initial scatter plot was created with
reflectance values on the x-axis and soil moisture on the y-axis; hence, an initial
linear regression was created.
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b) The linear regression was shifted up and down by two times the standard deviation
of the reflectance, so to define a tolerance range outside of which the data are
rejected. The cleaned dataset is therefore obtained (green points in Fig. 4).

c¢) A further cleaning was applied, defining a tolerance range of amplitude equal to
the standard deviation of the previously cleaned dataset, multiplied by a factor of
1.

4. Calibration and validation of the correlations: the Reflectance — Soil Moisture datasets
were randomly divided into two datasets. 70% of data was used for the defini-
tion of the Reflectance — Soil Moisture relationship calibration, considered as linear
(because polynomial regression did not significantly improve the correlation in terms
of increasing coefficient of determination RZ), while 30% was used for its validation
and for calculation of the statistical parameters RES STD (Residual Standard Devia-
tion) and MAE (Mean Absolute Error). An example of this phase is shown in Fig. 5
in the following section.

Band Blue - Spatial resolution: 10m - Soil Moisture Depth: 10 em

REFLECTANC
5 3

8 [m"3/m"3 * 100]

Fig. 4. Application to the blue band of outlier removal phase: First Reflectance — Soil Moisture
dataset in blue points, linear regression in continuous red line, upper and lower linear regressions
in dashed red lines, second reflectance dataset inside the range in green points (color figure online).

The described workflow was defined with the aim of investigating the correlations
between different bands of multispectral images and soil moisture. The multiplicative
factors of 2 (first iteration) and 1 (second iteration) used in outlier removal were chosen
on the basis of Chebyshev Theorem [28].

4 Results

4.1 Reflectance — Soil Moisture Correlation

The processing workflow was applied to each of the available multispectral bands and
to all reference depths. During the analysis, it has been noted that too low soil moisture
values (<20% 0) are not always well represented by the Reflectance — Soil Moisture
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correlations. According to this observation, the results reported in Tables 2, 3, 4, and 5
are related to soil moisture values above 20% 0. The best results in terms of correlation
between reflectance and soil moisture are obtained for the Red Edge 2, Red Edge 3,
Broad Near Infrared and Near Infrared bands at the reference depth of 10 cm, since R?
values are higher under these conditions. Moving deeper into the soil, the correlations
result weaker, as might be expected (see Tables 2, 3, 4, and 5).

Table 2. Statistical parameters obtained from the calibration (on 70% of the cleaned dataset) and
validation (on 30% of the cleaned dataset) analyses of the Reflectance — Soil Moisture correlation
for each band at a depth of 10 cm.

DEPTH: 10 cm

BAND RZ (70% dataset) | RES STD (30% dataset) [%] | MAE (30% dataset) [%]
BLUE 0.20 4.88 4.09
GREEN 0.27 4.48 3.85
RED 0.17 4.83 4.12
RED EDGE1 |0.23 4.88 4.19
RED EDGE2 | 0.47 3.85 3.12
RED EDGE3 | 0.50 3.65 2.96
BNIR 0.48 3.30 2.85
NIR 0.46 3.55 3.06
SIR1 0.20 4.59 3.87
SIR2 0.10 4.92 4.19

Table 3. Statistical parameters obtained from the calibration (on 70% of the cleaned dataset) and
validation (on 30% of the cleaned dataset) analyses of the Reflectance — Soil Moisture correlation
for each band at a depth of 30 cm.

DEPTH: 30 cm

BAND R? (70% dataset) | RES STD (30% dataset) [%] | MAE (30% dataset) [%]
BLUE 0.17 4.54 3.60
GREEN 0.16 4.45 3.32
RED 0.16 4.11 3.23
RED EDGE1 |0.13 4.60 3.67
RED EDGE2 |0.36 4.36 3.61
RED EDGE3 |0.37 3.86 3.09
BNIR 0.36 4.47 3.61
NIR 0.37 4.23 3.40
SIR1 0.24 4.16 3.19

(continued)
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Table 3. (continued)

DEPTH: 30 cm
BAND R2 (70% dataset) | RES STD (30% dataset) [%] | MAE (30% dataset) [%]
SIR2 0.13 4.39 3.26

Table 4. Statistical parameters obtained from the calibration (on 70% of the cleaned dataset) and
validation (on 30% of the cleaned dataset) analyses of the Reflectance — Soil Moisture correlation
for each band at a depth of 50 cm.

DEPTH: 50 cm

BAND R2 (70% dataset) | RES STD (30% dataset) [%] | MAE (30% dataset) [%]
BLUE 0.14 4.65 3.75
GREEN 0.01 5.16 4.23
RED 0.03 4.34 3.55
RED EDGE1 |0.01 5.00 6.06
RED EDGE2 |0.13 5.07 4.46
RED EDGE3 | 0.25 5.15 4.44
BNIR 0.25 4.65 3.98
NIR 0.22 4.64 4.09
SIR1 0.01 4.65 3.93
SIR2 0.00 5.46 4.60

Table 5. Statistical parameters obtained from the calibration (on 70% of the cleaned dataset) and
validation (on 30% of the cleaned dataset) analyses of the Reflectance — Soil Moisture correlation
for each band at a depth of 80 cm.

DEPTH: 80 cm

BAND R?2 (70% dataset) | RES STD (30% dataset) [%] | MAE (30% dataset) [%]
BLUE 0.15 4.33 3.53

GREEN 0.12 4.85 3.86

RED 0.15 4.33 3.55

RED EDGE1 |0.10 4.37 3.63

RED EDGE2 |0.19 4.65 3.73

RED EDGE3 | 0.20 4.39 3.55

BNIR 0.23 4.16 3.36

NIR 0.23 4.69 3.72

(continued)
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Table 5. (continued)

DEPTH: 80 cm

BAND R2 (70% dataset) | RES STD (30% dataset) [%] | MAE (30% dataset) [%]
SIR1 0.20 4.49 3.64

SIR2 0.12 4.54 3.75

Figure 5 shows the calibration and validation phase for the Red Edge 3 band referred
to 10 cm depth. Table 6 reports the linear parameters for the calibration in Fig. 5a, while
Table 7 shows the statistical parameters of the validation in Fig. 5b. Moreover, the t-test
[29] was applied so to quantify how much the Observed-Estimated Soil Moisture linear
regression (green line in Fig. 5b) is distant from the bisector (blue line in Fig. 5b). Table 8
shows the t-test results; note that the t-test for slope (Ity,|) and the t-test for intercept (ltq!)
are about 6 times the t-value. Even though Red Edge3 band, that is highly correlated
with soil moisture (10 cm depth) (R2 = 0.5), the difference between the regression line
Observed-Estimated Soil Moisture and the bisector is significant.

The Reflectance — Soil Moisture correlation for Red Edge 3 band (blue line in Fig. 6)
is plotted together with the regression lines at the other analyzed depths in Fig. 6. They
do not change significantly with increasing depth (Table 9), except for that concerning
the 80 cm depth (green line in Fig. 6).

Band Red Edge 3 - Spatial resolution: 10 m - Soil Moisture depth: 10 cm Band Red Edge 3 - Spatial resolution: 10 m - Soil Moisture depth: 10 em

8 [mA3fmA3 * 100]
ESTIMATED 8 [m"3/m"3 * 100]

25 ~
\ 0
0 20 25 30 35 40 45
0 10 0 30 4 50 OBSERVED 8 [m*3im*3* 100]
RERLECTANCE [%] 30% OF THE CLEANED DATASET
-70% OF THE CLEANED DATASET -OBSERVED - ESTIMATED SO1L MOISTURE LINEAR REGRESSION
REFLECTANCE (RED EDGE 3} - SOIL MOISTURE CORRELATION BISECTOR
(@) (b)

Fig. 5. (a) Reflectance — Soil Moisture (Depth: 10 cm) correlation for Red Edge 3 band: the
regression line is in red. (b) Validation of Reflectance — Soil Moisture (Depth: 10 cm) correlation
for Red Edge 3 band: the regression line is in green, the bisector of the plan is in blue (color figure
online).
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Table 6. Reflectance — Soil Moisture (—10 cm) correlation for Red Edge 3 band (Fig. 5a)

Red Edge 3 band (—10 cm)

Equation: 6[%] = a - REFLECTANCE[%] + b

Dataset Number of data a

R2

70% of the cleaned dataset (SM > 20% 0) 337 —0.60

44.87

0.50

Table 7. Validation of Reflectance — Soil Moisture (—10 c¢m) calibration for Red Edge 3 band

(Fig. 5b).

Red Edge 3 band (—10 cm)

Dataset Number of data

RES STD

MAE

30% of the cleaned dataset (SM > 20% 0) | 140 3.65

2.96

0.46

Table 8. Regression t-Test (95% confidence level) on
Observed-Estimated Soil Moisture linear regression
with respect to the Bisector (green and blue lines in

Fig. 5b).

Red Edge 3 band (—10 cm)

It Itg! t

11.6 11.5 1.98

Band Red Edge 3 - Spatial resolution: 10 m - Soil Molsture>20% &

8 [m*3/m*3 * 100]

2

5 \
20
1] 5 10 15 0 25 an 35 40 45 50
REFLECTANCE [%]
~REFLECTANCE (RED EDGE 3) - SOIL MOISTURE (DEPTH: 10cm) CORRELATION
~REFLECTANCE (RED EDGE 3) - SOIL MOISTURE (DEPTH: 30cm) CORRELATION

~REFLECTANCE (RED EDGE 3) - SOIL MOISTURE (DEPTH: 50cm) CORRELATION
=REFLECTANCE (RED EDGE 3) - SOIL MOISTURE (DEPTH: 80cm) CORRELATION

Fig. 6. Reflectance — Soil Moisture correlation for Red Edge 3 band at four analyzed depths.
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Table 9. Regression t-Test (95% confidence level) on
Pixel Values — Soil Moisture correlations (Red Edge 3
band) referred to 30 cm, 50 cm, 80 cm depth with respect
to Reflectance — Soil Moisture correlation (Red Edge 3
band) referred to 10 cm depth

Depth 30 cm 50 cm 80 cm
[tm! 0.52 1.29 3.67
Itq! 3.01 1.74 1.95

t 1.97

Spectral signature analysis at different soil moisture levels was performed, relative
to 10 m depth soil moisture data. Soil moisture was expressed in terms of relative degree
of saturation S(%) = 0; — Omin Ouiax — Omin® * in order to divide soil moisture value in
classes (Class 0: 0% < S < 20%, Class 1:%0% < S < 40%, Class 2: 40% < S < 60%,
Class 3: 60% < S < 80%, Class 4: 80% < S < 100%). The general trend confirmed a
decrease in reflectance as soil moisture increases, as shown in Fig. 7. The analysis also
highlighted the difficulty of representing low levels of soil water content; in fact, class
0 is inconsistent with the trend in particular in the center part of the spectral signature,
referred to the four mentioned bands best correlated with soil moisture.

Ceriana-Mainardo - SENTINEL-2 - RES. 10 m - Soil Moisture depth: 10 ¢m - Land use: complex cultivations

5 A A CLASS 0 (5: 0%-20%)

£30 4 CLASS 1 {5: 20%-40%]

ey i )
L ]

§ 25 *BD CLASS 2 (S: 40%-60%)

= ® ® CLASS 3 {S: 60%-80%)

520 -

-

- = CLASS 4 (S: B0%-100%)

=1
L]
°

0 500 1000 1500 2000 2500
WAVELENGTH [nm]

Fig. 7. Spectral signature variation related to soil moisture (depth: 10 cm)

4.2 Soil Moisture Information from Multispectral Images

The analysis of the dependencies between reflectance and soil moisture for the different
multispectral bands at the different depths led to the selection of the wavelengths (Red
Edge 2, Red Edge 3, Broad Near Infrared, Near Infrared) that correlate best with the
variation in soil moisture, and of the reference depth best correlated with the bands
(depth: 10 cm). Consequently, the proposed model can be considered valid only for
Surface Soil Moisture estimate.

An even stronger Reflectance — Soil Moisture correlation is obtained considering
the reflectance resulting from the mean of the four bands mentioned above, excluding
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soil moisture values below 20% 6. This result is due to the removal of high frequencies
determined by the mean value of the four mentioned bands. Calibration and validation
of this model are shown in Fig. 8.

Wisan Band Aed Edge 2, Red Edgo 3, 8-Moar Intrared, Near infrared - Spatial resalution Mean Band Red Edga 2, Red Edge 3, B-Near infrarad, Near Infrared -
10 m - Solf Moésture depth 10 cm Spatial reselution: 10 m - Sail Maisture depth: 10 em
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Fig. 8. (a) Reflectance — Soil Moisture correlation for Mean Band (Red Edge 2, Red Edge 3,
Broad Near Infrared, Near Infrared): the regression line is in red. (b) Validation of Reflectance —
Soil Moisture dependency for Mean Band (Red Edge 2, Red Edge 3, Broad Near Infrared, Near
Infrared): the regression line is in green, the bisector is in blue (color figure online).

The coefficients of the Reflectance — Soil Moisture correlation for Mean Band (Red
Edge 2, Red Edge 3, Broad Near Infrared, Near Infrared) are reported in Table 10. RES
STD and MAE values, reported in Table 11, are similar to the accuracy of the WaterScout
SM100 ground soil moisture sensors (3% 9). t-test results (Table 12) show how well
the Observed-Estimated Soil Moisture linear regression approximates the bisector. The
present correlation allows the extraction of the SSM information at 10 cm depth relative
to complex cultivations land cover, as shown in Fig. 9.

Table 10. Reflectance — Soil Moisture (—10 cm) correlation for Mean Band (Red Edge 2, Red
Edge 3, Broad Near Infrared, Near Infrared).

Mean Band (Red Edge 2, Red Edge 3, B-Near Infrared, Near Infrared)

Equation: 0[%] = a - REFLECTANCE[%] + b

Dataset Number of data a b R?
70% of the cleaned dataset 302 —-0.7 47.10 0.56
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Table 11. Statistical parameters obtained from the validation of Reflectance — Soil Moisture
(—10 cm) correlation for Mean Band (Red Edge 2, Red Edge 3, Broad Near Infrared, Near
Infrared).

Mean Band (Red Edge 2, Red Edge 3, B-Near Infrared, Near Infrared)
Dataset Number of data RES STD [%] MAE [%] R?
30% of the cleaned dataset 130 3.3 2.1 0.52

Table 12. Regression t-Test (95% confidence level)
on Observed-Estimated Soil Moisture linear regression
(green line in Fig. 8b) with respect to the Bisector (blue
line in Fig. 8b).

Mean Band (Red Edge 2, Red Edge 3, B-Near
Infrared, Near Infrared)

It Itg! t
2.4 25 1.98

NODES NODES
Soil Moisture (=10 cm dapth) (3 /m3 * 100}
B
21% " 20% 0%
= O5M Standard

Mean Band Reflectance (Red Edge 1 Red Edge 3, B-Near Infrared, Mear Infrared)
0

(@

Fig. 9. (a) Map representing the mean pixel values resulting from Red Edge 2, Red Edge 3, Broad
Near Infrared and Near Infrared. (b) Soil moisture map (—10 cm depth, referred to complex cul-
tivation land cover mask) obtained through the correlation in Table 10 and applying the presented
workflow.

5 Conclusions

This research investigates the dependency between reflectance of multispectral Sentinel-
2 images and volumetric soil water content (6 [m3/m3%]1) variations over the Ceriana-
Mainardo study area at four different depths in the first meter of soil from ground level.
The analysis was developed based on the combination of two datasets, one consisting
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of field measurements (considered as ground truth) of soil moisture performed using a
monitoring network with capacitive sensors, the other represented by Sentinel-2 A/B
multispectral images, automatically downloaded, cleared of clouds and resampled to a
spatial resolution of 10 m using the SAme-Day SAtellite DAta Mosaics (SADASADAM)
software. Although the study area is not characterized by bare soil, but by sparsely
vegetated surfaces and complex cultivations (consisting mainly of low vegetation, i.e.
herbaceous and shrub species), the results of the analysis appear encouraging.

Firstly, the spectral signature obtained at different levels of soil moisture is consistent
with the literature [30, 31], which indicates the Near Infrared bands as having the highest
reflectance for a vegetated surface (Fig. 7). Moreover, excluding the lowest moisture
values (<20% 0), reflectance decreases as soil moisture increases, again confirming
literature [32, 33].

Despite the presence of (low) vegetation on the study area, a dependency between
reflectance (acquired by multispectral images) and soil moisture is manifest. It can be
argued that vegetation, in this case, acts as an indirect indicator of soil moisture. The
inverse proportionality between reflectance and soil moisture is confirmed by the results
obtained in the correlation analysis (Figs. Sa, 6, and 8a).

The combination of the Red Edge 2, Red Edge 3, Broad Near Infrared and
Near Infrared bands in their mean value led to the definition of a sufficiently strong
Reflectance — Soil Moisture correlation (R2 =0.56, RES STD =3.3% 0, MAE =2.1%
0). Interestingly, the RES STD and MAE values are similar to the accuracy of the Water-
Scout SM100 ground soil moisture sensors (3% 0) [34]. Moreover, results reported in
Table 12 suggest that soil moisture values estimated with the model in Table 10 are very
close to observed soil moisture, since Ity and Itgl are a little more than one time the
t-value (1.2-1.3).

This workflow has been implemented on an area mostly characterized by complex
cultivations, but it can be replicated on other land uses, depending on the presence of field
soil moisture data, properly installed and calibrated, in the study area for the initial model
calibration. Such a procedure provides a method for the automatic SSM estimate on a
large scale and with high spatial resolution, providing useful information for engineering
but also, for example, agricultural applications.
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