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ARTICLE INFO ABSTRACT

In this study, is presented a new methodology for retrieving surface soil moisture (SSM) under conditions of
partial vegetation cover based on the synergy between Sentinel-1 Synthetic Aperture Radar (SAR) and Landsat
Operational Land Image (OLI) data. To remove the effect of vegetation on SSM retrieval, the Landsat OLI spectral
index is applied to build a model for the vegetation water content estimation. The model is substituted into the
original water-cloud model, and thus a modified water-cloud model with a spectral index is built. Additionally,
an SSM estimation model is developed based on the modified water-cloud model. The technique was tested at
two experimental sites in the UK and Spain on which reference data of SSM are acquired operationally by ground
observational networks. In overall, the key findings of our study were: (1) For a vegetation-covered surface, the
normalized difference water index (NDWI) obtained from the 1.57-1.65 pm band reflectance data was the most
suitable for removing the effects of vegetation cover on soil water content estimation; (2) Compared to the
Sentinel-1 VH polarization, the backscattering coefficient at VV polarization was more suitable for soil moisture
retrieval and obtained a higher accuracy; (3) The developed model could be used to retrieve SSM under vege-
tation cover with a high accuracy that indicates the correlation coefficient (R) between the estimated and
measured soil moisture was 0.911 and that the root mean square error (RMSE) was 0.053 cm3/cm3; (4) The
model can be used to retrieve regional SSM with a high spatial and temporal resolution. Our methodology for
deriving SSM offers a number of advantages for many practical applications and research alike and its use by the
wider community remains to be seen.
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1. Introduction estimation, drought monitoring and prediction (Bolten et al., 2010;

Pablos et al., 2017; Whyte et al., 2018). At a regional scale, soil

Surface soil moisture (SSM), defined as the content of water con-
tained in the first 0-5 cm of the soil layer, is an important parameter in
the field of atmospheric science and agricultural science (Hégarat-
mascle et al., 2002; Anagnostopoulos et al., 2017; Petropoulos et al.,
2018). In the field of atmospheric science, soil moisture is an important
variable in the study of seasonal climate evolution and prediction,
playing a key role in the quality and energy conversion between the soil
and atmosphere (Seneviratne et al., 2010; Torres-Rua et al., 2016). In
agricultural sciences, soil moisture is a key indicator for crop yield

moisture information is important for local agriculture and water
management. Moreover, at a global scale, soil moisture is of great value
for weather forecasting, climate change and monitoring floods (Leroux
et al., 2007; Piles et al., 2016). Soil moisture information is also in-
dispensable in the study of the land surface process and numerical
weather prediction, and it plays an important role in improving the
prediction results of regional and global climate models (Mao et al.,
2008). However, due to its large spatial heterogeneity and the high cost
of soil moisture observation equipment, it is very difficult to establish
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Fig. 1. Distribution of sampling points in the UK (top) and Spain (bottom).

high-resolution observation networks at regional and global scales (Lu
et al., 2014).

Retrieving soil moisture with Earth Observation (EO) technology
has been explored for more than, 30 years. The main methods em-
ployed are retrieving soil moisture from spectral information acquired
in the optical, thermal infrared and microwave (MW) domains of the
electromagnetic spectrum (Bao et al., 2014; Baghdadi et al., 2016;
Zhang and Zhou, 2016; Santamaria-Artigas et al., 2016). In the optical
methods, soil moisture is estimated via the computation of spectral
reflectance indices, linking the changes in the spectral characteristics
with the soil moisture content. Those methods are straightforward to be
implemented but can be easily affected by weather conditions. Most of
the thermal infrared methods estimate soil moisture through the soil
thermal characteristics, via the computation of parameters such as the
thermal inertia (Verstraeten et al., 2006). However, in an area with
high vegetation coverage, the soil radiation information is concealed by
the vegetation canopy, which will affect the accuracy of the soil
moisture estimation. Therefore, those methods are generally applicable
only for monitoring soil moisture in bare soil and sparsely vegetated
areas and under cloud-free conditions. However, microwave radiation
at longer wavelengths has a stronger penetrating ability, which is not
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affected by weather conditions and/or acquisition time. Therefore, MW
remote sensing, or the synergy of MW with information acquired in
other regions of the electromagnetic radiation spectrum, is considered
as one of the most promising avenues for SSM monitoring (Tian, 1991;
Petropoulos et al., 2014).

A new generation of Sentinel-1 satellites launched by the European
Space Agency (ESA), which operate in constellation, began to provide
near-real-time synthetic aperture radar data (SAR). These were the first
satellites to provide free near-real-time high spatial (5m x 5m) and
high temporal resolution (6 days) data. Based on the simulated
Sentinel-1 SAR data, Paloscia et al. developed an approach based on the
Artificial Neural Network (ANN) algorithm to conduct soil moisture
retrieval in Italy, Australia and Spain, and the results showed that such
high spatio-temporal resolution as that from Sentinel-1 data make soil
moisture real-time monitoring possible (Paloscia et al., 2013). He et al.
used multi-temporal Sentinel-1 SAR data to estimate SSM over agri-
cultural fields based on the alpha approximation approach (He et al.,
2016). The root mean square error (RMSE) of the estimated SSM was
0.06 cm®/cm®. Based on the latest Sentinel-1 data and the character-
istics of the surface parameters of the experiment area, Wang et al.
developed a soil moisture model over the oasis region using the AIEM
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model (Wang et al., 2017). However, the correlation coefficient be-
tween the measured and estimated soil moisture was only 0.76. Zeng
et al. studied the effect of different polarization combinations on soil
moisture estimation in different vegetation covers based on Sentinel-1 A
data using the support vector regression algorithm, and concluded that
only combined VV polarization with normalized difference vegetation
index (NDVI) can get high retrieval accuracy. However, the overall
effect was not ideal (Zeng et al., 2017). Based on multi-temporal Sen-
tinel-1 and Landsat 8 satellite images, Alexakis et al. used ANN algo-
rithm to estimate the top soil Soil Moisture Content, and coefficient of
determination (R?) values was between 0.7 and 0.9 (Alexakis et al.,
2017). The above studies are some of those already published ad-
vocating the promise and suitability of Sentinel-1 for the SSM retrievals
over partially vegetated areas. Yet, in most of the published studies,
accuracy in SSM retrievals has been reported low, especially over par-
tially vegetated areas, indicating the necessity of further work to be
conducted in this direction.

In purview of the above, the present study aims at developing a
technique that allows the combined use of Sentinel-1 SAR and Landsat
OLI data for SSM retrievals over partially vegetated areas. In order to
remove vegetation water content effects on SSM estimation, the Landsat
OLI spectral index is applied to establish an inversion model for the
vegetation water content estimation. The model is combined with the
original water-cloud model, and a modified water-cloud model with a
spectral index was built. Additionally, a soil moisture retrieval model is
developed based on the modified water-cloud model over vegetated
areas. The ability of our proposed method to provide spatiotemporal
estimates of SSM is also demonstrated herein using reference data from
the selected in-situ monitoring networks based in the UK and Spain.

2. Datasets and pre-processing
2.1. Study sites and ground measurements

To develop the soil water content estimation model under vegeta-
tion cover conditions, 2 study areas were selected with variant vege-
tation cover and terrain properties located in Wales and in Spain be-
longing to the Wales Soil Moisture Network (WSMN) (Petropoulos and
McCalmont, 2017) (Fig. 1) and REMEDHUS Network (Gonzalez-Zamora
et al.,, 2015) (Fig. 2) respectively. The two study areas are dominated by
plains, and the main surface types are agricultural land, natural vege-
tation, sparse vegetation (herbaceous plants), grassland, urban and
construction areas, permanent wetlands and water. Both sites are part
of in-situ monitoring networks and the data measured from each site are
distributed for free from the International Soil Moisture Network
(ISMN) (Dorigo et al., 2011). The ISMN was co-established by the
Global Energy and Water Exchanges Project (GEWEX), the Group of
Earth Observation (GEO) and the Committee on Earth Observation
Satellites (CEOS), and the observatory can provide global site soil
moisture data.

The soil volumetric moisture at the 0 to 5cm depth was obtained
from the in-situ monitoring networks. For the UK, soil volumetric
moisture data at four sites were acquired from January 1, 2015 to
December 31, 2016. For the Spanish sites, the SSM at 20 sites were
obtained covering the period from January 1, 2015 to December 31,
2015. The main information of the experimental sites is summarized in
Table 1.

2.2. Landsat 8 data acquisition and processing

To eliminate the effect of vegetation on the soil moisture estimation,
the Landsat 8 OLI data were used in this study. The OLI instrument
includes nine shortwave spectral bands, and the data used in this study
have the resolution of 30 m. The Landsat 8 images are provided at no
cost for global users through the data distribution website (https://
glovis.usgs.gov/) of the United States Geological Survey (USGS). To

78

Int J Appl Earth Obs Geoinformation 72 (2018) 76-85

avoid the effect of cloud contamination on data analysis, non-cloud or
less-cloud images were acquired. For the UK areas, eight images from
22 March, 7 April, 23 April, and 10 June 2015 as well as 20 January, 15
August, 31 August, and 2 October 2016 were acquired. For the Spain
areas, five images from 19 January, 8 March, 27 May, 14 July, and 30
July 2015 were acquired (Table 3). For the original images, a radio-
metric calibration was conducted, and the calibration equation is as
follows:

L = M Qea + AL €3]

Where L, is the radiation at the top of the atmosphere, M is the band-
specific multiplicative rescaling factor from the metadata, Q. is the
quantitative and calibrated standard product digital number value, and
A( is the band-specific additive rescaling factor from the metadata.

To reduce the atmosphere effect and obtain the reflectance data, the
atmosphere correction was conducted with the Fast Line-of-sight
Atmosphere Analysis of Spectral Hypercube (FLAASH) tool. Then, the
reflectance images were geometrically corrected, and a series of vege-
tation indices, such as Normalized Difference Vegetation Index (NDVI)
(Rouse et al., 1973), Enhanced Vegetation Index (EVI) (Huete et al.,
1994) and Normalized difference water index (NDWI) (Gao, 1996),
were calculated. In addition, the supervised classification method was
used to retrieve crop field cover under clear-sky conditions from OLI
images. The experiments in this study were conducted in the crop fields
under clear-sky condition.

2.3. Sentinel-1 SAR data acquisition and processing

In order to develop a methodology for SSM retrieval from SAR sa-
tellite images, we obtained thirteen images of Sentinel-1 SAR data in
this study. Sentinel-1 satellites are an important part of Global
Monitoring for Environment and Security (GMES), co-sponsored by the
European Commission and the European Space Agency. Sentinel-1
contains two satellites: the first satellite (Sentinel-1A) was launched on
3 April 2014, and the second satellite (Sentinel-1B) was launched on 25
April 2016. According to the data acquisition mode of the satellites,
5~40m resolution images can be obtained in all-weather conditions.
The revisit cycle of one satellite was 12 days, which decreased to 6 days
using two satellites. Sentinel-1 equipped with a C-band SAR sensor with
an operating frequency of 5.4 GHz has a multi-polarization imaging
capability. The Sentinel-1 imaging system has four imaging modes:
stripmap model (SM), interferometric wide swath (IW), extra-wide
swath (EW), and wave mode (WM), shown in Table 2. The data used in
this study were the S1 TOPS-mode SLC data from an interferometric
wide (IW) swath mode. The imaging model solves the scalloping effect
of wide synthetic aperture radar imaging and enhances the imaging
radiation performance, which provides more accurate extracted back-
scattering coefficients (Zeng et al., 2017).

In the UK areas, eight Sentinel-1 images from 24 March, 5 April, 22
April, and 9 June 2015 as well as 20 January, 14 August, 30 August,
and 2 October 2016 were acquired to ensure consistency in the acqui-
sition time between the Sentinel-1 SAR and Landsat-8 OLI data.
Similarly, in the Spain areas, five Sentinel-1 images from 20 January, 9
March, 26 May, 13 July and 31 July 2015 were acquired (Table 3). The
acquired SAR images are level-1B data, which need to be pre-processed
before being analyzed. To effectively eliminate the speckle noise while
preserving the edge information of the image, the Refined Lee filter
method was used (He et al., 2016; Lee et al., 1994). In addition, the
SARscape 5.2.1 tool was used to conduct the geocoding and radiometric
calibration to obtain the backscattering coefficient data of the experi-
ment area. The radiometric calibration was conducted based on the
following expression:

DN?
Ul? = 10log,, (A—;‘/)
o (2)
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Fig. 2. Flowchart for estimating the soil water content in vegetation-covered areas based on Sentinel-1 SAR and Landsat 8 OLI data.

Where o is the backscattering coefficient (dB); i and j represent the i-th 3. Methodology
row and the j-th column, respectively; DN;; is the digital number of the

SAR image; and A, is the calibration parameter.

A procedure of developing the methodology for SSM estimation is
illustrated in Fig. 2. First, in order to obtain SAR data for SSM esti-
mation, the acquired Sentinel-1 SAR images were processed, and the

Table 1
Summary of the main characteristics of the soil moisture in-situ monitoring sites used in this study.

Country Station Longitude Latitude Altitude(m) Vegetation cover type

UK Commins Coch 4.020556W 52.432222N 30 Agriculture / grassland
Commins Coch 4.021389W 52.432222N 31
Penglais 4.068333 W 52.422222N 114 Miscanthus
Penglais 4.070556 W 52.421389N 110

Spain Canizal 5.35861 W 41.1972N 720 Herbaceous
Carretoro 5.37972W 41.26611N 745 Herbaceous
Casa_Periles 5.3201 W 41.39508N 750 Herbaceous
Concejo_del Monte 5.24569 W 41.30126N 765 Herbaceous
El_Coto 5.42786 W 41.38251N 720 Herbaceous
El_Tomillar 5.48891 W 41.35004N 755 Herbaceous
Granja_g 5.35925 W 41.3069N 720 Herbaceous
Guarrati 5.43402 W 41.2905N 720 Herbaceous
La_Atalaya 5.39621 W 41.15011N 830 Herbaceous
La_Cruz_de_Elias 5.29868 W 41.28662N 795 Herbaceous
Las_Arenas 5.54714 W 41.37455N 745 Herbaceous
Las_Bodegas 5.47572W 41.18381N 900 Herbaceous
Las_Brozas 5.35734 W 41.44765N 675 Herbaceous
Las_Fritas 5.41224 W 41.20843N 835 Herbaceous
Las_Tres_Rayas 5.59056 W 41.27611N 870 Herbaceous
Las_Vacas 5.22361 W 41.34778N 770 Herbaceous
Las_Victorias 5.37267 W 41.42529N 740 Herbaceous
Llanos_de_la_Boveda 5.32977 W 41.35873N 790 Herbaceous
Paredinas 5.40964W 41.45703N 665 Herbaceous
Zamarron 5.54291 W 41.2404N 885 Herbaceous
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Table 2
Characteristics of the various imaging modes of Sentinel-1 SAR.
Model Incident angle /° Resolution Width /km
SM 20~45 5m X 5m 80
w 29~45 5m X 20m 250
EW 19~47 20m x 40m 400
MW 22~38 5m X 5m 20 x 20

backscattering coefficient images in experiment areas were obtained.
Then, the backscattering coefficients of each sample were extracted
according to the latitude and longitude coordinates. In addition, the
acquired Landsat 8 OLI images were processed, and the vegetation
index images covering the geographical extend of the experimental
areas were obtained. Then, the vegetation indices of each sample were
extracted according to the latitude and longitude coordinates.

To develop a semi-empirical model for the soil water content esti-
mation, the water-cloud model was used. There are two important
parameters in the water-cloud model. One is the vegetation water
content, which can be expressed by vegetation indices obtained from
Landsat 8 data. Another one is the soil backscattering coefficient, which
can be simply described by using a linear correlation with SSM. Then,
those expressions were substituted into the water-cloud model, and an
improved water-cloud model with a spectral index was built. In addi-
tion, a semi-empirical model for SSM estimation was built.

In this study, we obtained 8 satellite images in UK and 5 images in
Spain. Combined with in-situ measurement of the International Soil
Moisture Observation Network, 102 samples were obtained. These data
were grouped randomly. One group (51 samples) was used to fit the
coefficients of the semi-empirical model by a best-fitting method, and
another group (51 samples) was used to validate the model. The cor-
relation coefficient and root mean square error of the estimated SSM
were calculated to evaluate the accuracy of the soil moisture estimation
model. Finally, in order to verify the applicability of the semi-empirical
model, the model was used to map the soil moisture in the UK and
Spain.

3.1. Water-cloud model

The canopy backscattering model is an important tool for studying
the relationship between ground backscattering and soil moisture. To
better describe the backscattering of the soil and vegetation in vege-
tation-covered areas, the water-cloud model proposed by Attema and
Ulaby in 1978 was used in this study. The water-cloud model is based
on the radiation transport model, and the vegetation canopy is assumed
to be uniform horizontal clouds, thus ignoring multiple scattering. In
the water-cloud model, the total backscattering in the vegetation-cov-
ered areas can be simply described as two parts: one is the scattering
reflected directly from the vegetation canopy, and the second is the

Table 3
List of satellite and ground data acquired over study area.
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backscattering from the ground (Kumar et al., 2015). The model is re-
latively simple and practical in describing radar scattering mechanisms
in crop-covered areas. Therefore, this model has often been used to
estimate relevant information in vegetation-covered areas (Pierdicca
et al., 2013).For example, Attema & Ulaby used it to estimate soil
moisture in crop-covered areas (Attema and Ulaby, 1978).

The water-cloud model is expressed as:

o0 = cr‘?eg + T%2, 3)
Opg = AM, cos ()(1-T?) 4)
T? = exp(—2BM, sec (6)) (5)

Where ¢? is the total canopy backscattering coefficient (dB); a‘f’eg is the
vegetation backscattering coefficient; o2, is the soil backscattering
coefficient (dB). M, is the vegetation water content (kg/mz); T? is a
double attenuation factor for radar waves passing through vegetation;
6 is incident angle (°).

3.2. Vegetation water content estimation from the optical remote sensed
data

In the water-cloud model, the vegetation water content is one of the
most important parameters. In order to remove the influence of the
vegetation canopy on soil moisture estimation, the vegetation water
content needs to be acquired. Published studies indicated that the ve-
getation indices obtained from satellite data could be used for the ve-
getation water content estimation (Zhang et al., 2010). The vegetation
indices commonly used for vegetation water content estimation in-
cludes NDVI (Prakash et al., 2012), EVI (Bai et al., 2016) and NDWI
(Zheng et al., 2014). These vegetation indices were calculated as fol-
lows:

NDVI = Rnir—RgreD

Rnir + Rrep (6)
EVI = 25X Rir=Reep
NDWI = Rnir—Rswir

Rnir + Rswir ®

Where Ry is the reflectivity at the near infrared band; Rggp is the re-
flectivity at the red band; Rp g is the reflectivity at the blue band; Rgwir
is the reflectivity at the shortwave infrared band. In this study, the
vegetation indices obtained from Landsat 8 OLI data were used to es-
timate the vegetation water content in the study areas. Since the
Landsat 8 data has two shortwave infrared bands: SWIR1 (band range:
1.57-1.65um) and SWIR2 (band range: 2.11-2.29 um). In this study,
the two shortwave infrared bands were used to establish the NDWI
index: NDWI1 and NDWI2, testing their effect on soil moisture

country data type Time of acquisition data type Time of acquisition data type Time of acquisition

UK Sentinel-1 24 March 2015 Landsat 8 22 March 2015 In-situ 24 March 2015
Sentinel-1 5 April 2015 Landsat 8 7 April 2015 In-situ 5 April 2015
Sentinel-1 22 April 2015 Landsat 8 23 April 2015 In-situ 22 April 2015
Sentinel-1 9 June 2015 Landsat 8 10 June 2015 In-situ 9 June 2015
Sentinel-1 20 January 2016 Landsat 8 20 January 2016 In-situ 20 January 2016
Sentinel-1 14 August 2016 Landsat 8 15 August 2016 In-situ 14 August 2016
Sentinel-1 30 August 2016 Landsat 8 31 August 2016 In-situ 30 August 2016
Sentinel-1 2 October 2016 Landsat 8 2 October 2016 In-situ 2 October 2016

Spain Sentinel-1 20 January 2015 Landsat 8 19 January 2015 In-situ 20 January 2015
Sentinel-1 9 March 2015 Landsat 8 8 March 2015 In-situ 9 March 2015
Sentinel-1 26 May 2015 Landsat 8 27 May 2015 In-situ 26 May 2015
Sentinel-1 13 July 2015 Landsat 8 14 July 2015 In-situ 13 July 2015
Sentinel-1 31 July 2015 Landsat 8 30 July 2015 In-situ 31 July 2015
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retrieval.

Previous studies have shown that the relationships between the
vegetation water content and vegetation indices are linear (Jackson
et al., 2004; Chen et al., 2005; Huang et al., 2009), one-variable
quadratic (Maggioni et al., 2006; Yi et al., 2007; Jiang et al., 2015) or
exponential (Zheng et al., 2014; Cheng et al., 2014). Considering the
accuracy of the vegetation water content estimation and the simplicity
of the equation, in this study, one-variable quadratic model was used to
estimate the vegetation water content:

My = aVI?> + bVI + C (C)]

3.3. Building a soil water content estimation model

Previous studies have shown that there is a good linear correlation
between the soil backscattering coefficient and SSM (Zribi and
Dechambre, 2003; Mattia et al., 2006). Therefore, the soil back-
scattering coefficient ¢, can be described by soil volumetric moisture
SSM:

02 =cSSM + d (10)

In order to build SSM estimation model, Egs. (9) and (10) were
substituted into the water-cloud model. In addition, the term
exp(—2BM,sec(0)) was expanded with the Taylor approximation.
Finally, a semi-empirical model for the soil water content estimation
was developed:

SSM = kl + kza" + k3VI + k4V12 +k5VI3 +k6VI4 + k7UOSeCe
+ kgo"VIsecO + koo 'VIZsectd a1

Where SSM is soil volumetric moisture (cm®/cm?); o0 is the VH or VV
backscattering coefficients (dB) obtained from Sentinel-1 SAR data, VI
is the spectral index obtained from Landsat 8 OLI data. 6 is the SAR
incidence angle(®); k; ~ ko could be obtained by a best-fitting regression
method.

4. Results and discussion
4.1. Soil water content estimation from Sentinel-1 SAR data

The developed SSM estimation models were used to retrieve soil
moisture from Sentinel-1 SAR data combining the Landsat vegetation
indices. The agreement between the modeled SSM and the measured
soil volumetric moisture was evaluated on the basis of statistical me-
trics, namely the correlation coefficient (R) and the root mean square
error (Table 4). Table 4 shows the R and RMSE between the estimated
and measured SSM based on the 102 sample data.

Comparing the inversion results from Sentinel-1 VH and VV polar-
ization data, the accuracy of the soil moisture estimation from the VV
polarization data was significantly higher than that from the VH po-
larization data. For example, combining NDWI1, the experiments with
VV polarization data obtained higher SSM accuracy compared to with
VH data (VH: R = 0.807, RMSE = 0.074 cm®/cm?® VV: R = 0.911,
RMSE = 0.053 cm®/cm?®). A possible reason for this result is that the VV
backscattering coefficient is generally more sensitive to the change in

Table 4
Correlation and root mean square errors between measured and estimated soil
volumetric moisture values based on the 102 sample data.

R and NDVI EVI NDWI1 NDWI2
RMSE
VH R =0.699 R =0.754 R = 0.807 R =0.81
RMSE = 0.089 RMSE = 0.082 RMSE = 0.074 RMSE = 0.074
\A% R =0.755 R =0.853 R =0.911 R =0.894
RMSE = 0.085 RMSE = 0.065 RMSE =0.053 RMSE = 0.0595
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soil water content compared to VH polarization (Patel et al., 2006;
Chauhan and Srivastava, 2016).

Comparing the performances of the various vegetation indices in
SSM estimation, NDWI obtained the better result. This observation can
be explained by the fact that generally the SWIR channel is more sen-
sitive to the vegetation water content (Ceccato et al., 2002a, b). Com-
paring NDWI1 with SWIR1 (1.57-1.65um) and NDWI2 with SWIR2
(2.11-2.29 pym),the SSM estimation model with NDWI1 obtained a
higher accuracy, which is because the SWIR1 band data have a higher
correlation with vegetation water content (ELVIDGE and LYON, 1985).
As the SWIR1 band data can acquire more accurate vegetation water
content (Chuvieco et al., 2002), they can more effectively remove the
effect of vegetation on SSM estimation.

Based on the previous conclusion, the Sentinel-1 VV polarization
data and normalized difference water index obtained from Landsat 8
1.57-1.65 um band were selected to study the methodology for SSM
estimation. The coefficients k; ~ko in Eq. (11) were obtained by using
the best-fitting method based on the 51 training sample data. The de-
veloped SSM estimation model was as follows:

SSM = 0.539 + 0.0440, + 0.444NDWIT
+ 2.964NDWI? +11.15NDWI3 —33.75NDWI*—0.0080%, sect
+ 0.0160°NDWIsec6 + 0.03102,, NDWI3secO (12)

Based on Sentinel-1 and Landsat 8 data, the soil water content of
these sites were estimated by using Eq. (12). As seen in Fig. 3, the root
mean square error of estimated SSM is 0.052 cm®/cm?, and the corre-
lation coefficient between the estimated and measured soil volumetric
moisture is 0.917. The correlation between the estimated and measured
soil volumetric moisture was statistically significant at the 0.001 level.

4.2. SSM estimation model validation

In order to evaluate the accuracy of the semi-empirical model, a
validation experiment was conducted for soil moisture estimation. Eq.
(12) was employed to estimate SSM of another 51 validating sample
data. The in-situ measured soil volumetric moisture was used as re-
ference to calculate the root mean square error (RMSE) of the estimated
SSM. As seen in Fig. 4, the RMSE is 0.053 cm®/cm?, and the correlation
coefficient between the estimated and measured SSSM is 0.911. The
correlation between the estimated and measured soil volumetric
moisture was also statistically significant at the 0.001 level. The SSM
estimation accuracy is similar with other republished researches based
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Fig. 3. Scatter plot between the measured and estimated soil volumetric
moisture by the semi-empirical model based on the 51 training sample data. A
1:1 line is added in the plot.
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Fig. 4. Scatter plot between the measured and estimated soil volumetric
moisture by the semi-empirical model based on the 51 validating sample data.
A 1:1 line is added in the plot.

on Sentinel-1 data, of which the SSM RMSE is 0.059 cm®/cm® (Gao
et al., 2017). Compared to the republished research using a single sa-
tellite data (van der Schalie et al., 2017), the method by combing the
Sentinel-1 and Landsat data acquired a higher accuracy.

To compare the difference between the semi-empirical model and
empirical model, a linear empirical model between SSM and SAR data
was also developed by a regression method based on the 51 sample
data. The empirical model was also used to estimate the soil moisture of
the 51 validation sample data. As seen in Fig. 5, the correlation coef-
ficient between the estimated and measured SSM is 0.624, and the
RMSE of the estimated SSM is 0.098 cm®/cm?. The correlation between
the estimated and measured SSM was found as statistically significant at
the 0.05 level.

As seen in Fig. 5, the estimated SSM by the empirical model was
underestimated in the high soil moisture range, and overestimated in
the low soil moisture range. However, the estimated SSM by the semi-
empirical model was highly consistent with the measured value.
Therefore, compared with the empirical model, the semi-empirical

0.6
% R=10.624
S 0.5 RMSE=0.098
e N=51
N
2
g 0.4
g .
203 1 .
g . ¢ .
5 . ¢
> 0.2 AR . *
3 KT 2 *
Lzl > P’ 4
= . °
S Ay .
*g’ 0.1 10 :;'. .
= .
m
0 T T T T T
0 0.1 0.2 0.3 0.4 0.5 0.6

Measured soil volumetric moisture (cm?/cm?3)

Fig. 5. Scatter plot between the measured and estimated soil volumetric
moisture by the empirical model based on the 51 validating sample data. A 1:1
line is added in the plot.
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model reported a higher accuracy of SSM estimation.
4.3. The application of the semi-empirical SSM estimation model

The semi-empirical SSM estimation model was used to retrieve re-
gional surface soil moisture from the Sentinel-1 SAR and Landsat 8 OLI
data in the crop fields under clear-sky condition. Fig. 6 (a) and (b) are
the surface soil moisture maps in UK on March 22, 2015 (a), and in
Spain on January 20, 2015, respectively. As seen in Fig. 6(a), the soil
moisture is plentiful around the 4 sites in UK. The estimated soil vo-
lumetric moisture of the 4 sites are distributed from 0.3 to 0.5 cm®/cm?,
which are consistent with the in-situ measurement data (from 0.4 to
0.5 cm®/cm?®). As seen in Fig. 6(b), the field is slightly droughty around
the 20 sites in Spain. The estimated soil volumetric moisture is below
0.3 cm®/cm®. We also found similar results from the in-situ measure-
ment data, which showed the soil moisture of 20 sites is from 0.1 to 0.3
cm®/cm®. Therefore, it can be concluded that the soil moisture esti-
mated by the semi-empirical model was highly consistent with the
measured value. The semi-empirical model proposed in this study is
applicable for retrieving the SSM of the crop fields in a regional area.

5. Conclusions

The SSM estimation is more complex in a vegetation-covered region
compared with bare soil region. Therefore, removing the influence of
the vegetation layer on the radar backscattering coefficient, estab-
lishing reasonable vegetation scattering model and providing a model
with reasonable precision are the keys for soil moisture remote sensing
monitoring. In order to remove the effect of vegetation on SSM esti-
mation, this paper first developed a vegetation water content model
based on the normalized difference water index obtained from Landsat
8 OLI data. Then, by combining the water-cloud model and the new
generation Sentinel-1 SAR data, a semi-empirical model was developed
to estimate the soil water content over vegetated areas. The model
achieved accurate soil moisture retrieval in the UK and Spain. The main
conclusions of the present study are summarized as follows:

1) To effectively remove the effect of vegetation on the soil moisture
estimation, NDVI, EVI and NDWI were compared in this study, and
it was found that the NDWI built of the 1.57-1.65 um band was the
best for removing vegetation effect. The main reason is that SWIR1
channel was more sensitive to the vegetation water content.

2) Compared with the performances of the Sentinel-1 co-polarization
VV and cross-polarization VH data in SSM estimation, the VV po-
larization obtain a higher SSM estimation accuracy. For the cross-
polarized VH, the total backscattering contained much vegetation
scattering information. Therefore, vegetation cover has a significant
effect on SSM retrieval. However, the total backscattering at VV
polarization has more soil backscattering information, and the ve-
getation effect is lower. So the Sentinel-1 VV polarization mode can
obtain higher SSM estimation accuracy.

3) As the normalized difference water index obtained from Landsat 8
OLI data can be used to retrieve vegetation water content, we de-
veloped a modified water-cloud with NDWI. Based on the modified
water-cloud model, a surface soil moisture estimation model was
developed. The SSM estimation model obtained a high accuracy.
The correlation coefficient between the estimated and measured soil
volumetric moisture is 0.911, and the root mean square error of SSM
was 0.053 em®/cm® Compared to the empirical model (R = 0.624,
RMSE = 0.098), the semi-empirical model obtained a higher accu-
racy for soil moisture estimation. In addition, the estimated SSM
from Sentinel-1 SAR has higher spatial resolution compared to other
active microwave sensors, such as Soil Moisture and Ocean Salinit
(SMOS) and SMAP.

4) A regional soil moisture mapping for crop fields can be realized at
20 m resolution and with 6-days interval using the developed SSM
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Fig. 6. Soil moisture mapping in UK in March 22, 2015(a); Soil moisture mapping in Spain in January 20, 2015(b).

estimation model based on Sentinel-1 SAR data. The SSM map can
accurately indicate the draughty status in an area.

The SSM retrieval algorithm proposed in this study is simple and
straightforward to implement, and the estimated SSM has very sa-
tisfactory accuracy at a high spatial and temporal resolution. However,
the algorithm also has some limitations, which need to be addressed in
the future. On one hand, there is still some error introduced due to
ignoring the surface roughness and vegetation type. On the other hand,
Landsat 8 data used herein have a low temporal resolution due to a long
revisit cycle (16 days), so the high-frequency monitoring of an agri-
cultural drought is limited. However, the latest launched Sentinel-2
satellite provides a revisit cycle of 5 days. The data could be down-
loaded after December 16 2015, and it has a spectral band near 1.61 ym
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which can be used to estimate the vegetation water content. Thus, in
future work, the added value of Sentinel-2 providing high spatial and
temporal resolution data with the Sentinel-1 SAR data can be explored
to improve our ability to monitor agricultural drought and stress. In
addition, surface roughness and the vegetation style need to be con-
sidered in building the model when this approach is expanded globally.
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