remote sensing
Article

Soil Moisture Retrieval and Spatiotemporal Pattern
Analysis Using Sentinel-1 Data of Dahra, Senegal
Zhiqu Liu, Pingxiang Li * and Jie Yang
State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing (LIESMARS),
Wuhan University, Wuhan 430079, China; cozymelors@whu.edu.cn (Z.L.); yangj@whu.edu.cn (J.Y.)
* Correspondence: pxli@whu.edu.cn
Received: 16 September 2017; Accepted: 18 November 2017; Published: 21 November 2017

Abstract: The spatiotemporal pattern of soil moisture is of great significance for the understanding of
the water exchange between the land surface and the atmosphere. The two-satellite constellation
of the Sentinel-1 mission provides C-band synthetic aperture radar (SAR) observations with high
spatial and temporal resolutions, which are suitable for soil moisture monitoring. In this paper,
we aim to assess the capability of pattern analysis based on the soil moisture retrieved from Sentinel-1
time-series data of Dahra in Senegal. The look-up table (LUT) method is used in the retrieval with
the backscattering coefficients that are simulated by the advanced integrated equation Model (AIEM)
for the soil layer and the Michigan microwave canopy scattering (MIMICS) model for the vegetation
layer. The temporal trend of Sentinel-1A soil moisture is evaluated by the ground measurements
from the site at Dahra, with an unbiased root-mean-squared deviation (ubRMSD) of 0.053 m3 /m3 ,
a mean average deviation (MAD) of 0.034 m3 /m3 , and an R value of 0.62. The spatial variation is
also compared with the existing microwave products at a coarse scale, which confirms the reliability
of the Sentinel-1A soil moisture. The spatiotemporal patterns are analyzed by empirical orthogonal
functions (EOF), and the geophysical factors that are affecting soil moisture are discussed. The first
four EOFs of soil moisture explain 77.2% of the variance in total and the primary EOF explains 66.2%,
which shows the dominant pattern at the study site. Soil texture and the normalized difference
vegetation index are more closely correlated with the primary pattern than the topography and
temperature in the study area. The investigation confirms the potential for soil moisture retrieval and
spatiotemporal pattern analysis using Sentinel-1 images.
Keywords: soil moisture; Sentinel-1; spatiotemporal pattern; empirical orthogonal functions (EOF)

1. Introduction
Soil moisture is a key variable of the energy and water cycle in the ecological system; it also has
great significances in drought monitoring, meteorology, hydrology, and other application fields [1].
The spatiotemporal patterns of soil moisture and their evolution are controlled by the geophysical
parameters (e.g., topography, rainfall, soil texture, and vegetation) and are of great importance to the
understanding of the water exchange between the land surface and atmosphere [2,3]. When compared
with ground-based measurements, the remote sensing technique can capture the soil moisture
information of a large spatial extent within a snapshot, which is less time- and labor-consuming. Due to
their high sensitivity to soil permittivity and their flexible all-weather and all-time sensing abilities,
the use of microwave remote sensing for soil moisture retrieval has attracted much attention [4–7].
The on-going projects such as the Soil Moisture and Ocean Salinity (SMOS) mission [8], the Soil
Moisture Active Passive (SMAP) mission [9], the Advanced SCATterometer (ASCAT) [10], and the
Advanced Microwave Scanning Radiometer-2 (AMSR-2) [11] can provide near-daily soil moisture
products with spatial resolutions varying from 9 to 36 km, which is of benefit for large-scale studies.
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As a typical active microwave remote sensor, synthetic aperture radar (SAR) has a finer spatial
resolution than the passive microwave remote sensors [12,13]. SAR data have also been widely used
in soil moisture retrieval, especially for small-scale studies.
Soil moisture retrieval using SAR data is confronted with challenges. Apart from the soil
dielectric properties, the backscattering signal of SAR is also impacted by the soil roughness and
the parameters of the vegetation layer. The complex and non-linear relationship between the signal
and the surface properties makes soil moisture retrieval an ill-posed problem [14–16]. Previous studies
have found that using multi-frequency, multi-polarization, and multi-temporal observations can
improve the retrieval results [17–20]. Since 2014, the two-satellite constellation of the Sentinel-1
mission, as designed by the European Space Agency (ESA) has provided a six-day repeat cycle,
together with a high spatial resolution, large swath width, long-term continuity, and rapid data
dissemination [21]. With shorter revisit time, the Sentinel-1 mission is expected to reduce the ill-posed
retrieving using the time-series data. Methods such as change detection [22], Bayesian approach [23],
and Artificial Neural Nets (ANN) [24] have been developed for the Sentinel-1—before launching.
These researches conceived to process systematically the Sentinel-1 data and produce the soil moisture
products at 1 km resolution or less in near real time (NRT). After the official release of the Sentinel-1
data, Bai et al. [4] assessed the Sentinel-1A soil moisture over Tibetan Plateau using the look-up table
(LUT) of water cloud model (WCM) and advanced integrated equation model (AIEM), which reached
the root-mean-square deviation varying from 0.05 to 0.15 m3 /m3 in different stations; the authors
also investigated the effective roughness parameters and uncertainties in the LAI on soil moisture
retrieval. Alexakis et al. [25] tested soil moisture retrieving by ANN with multi-temporal Sentinel-1
and Landsat 8 images, yielding R2 values between 0.7 and 0.9, and the estimated soil moisture were
used for the hydrologic simulation of a flow event. Up to now, Sentinel-1 has shown its potential on
soil moisture retrieval, while the retrieving performances still need more evaluations. As the data
continue to accumulate, studies of soil moisture retrieval using Sentinel-1 data will increase and attract
more and more attentions.
The Sentinel-1 mission also provides us with an opportunity to investigate the spatiotemporal
patterns of soil moisture. Methods such as geostatistical analysis, wavelet analysis, temporal stability
analysis, and empirical orthogonal functions (EOF) analysis have been used to characterize and
analyze the spatial and temporal variability of soil moisture [26]. Among these different methods,
the EOF method can detect the spatiotemporal patterns of large multidimensional datasets by reducing
the dimensionality of the data sets while retaining most of the information. As a result, the EOF
method has been widely used in meteorology, geology, and hydrology [27]. However, previous
studies of the spatiotemporal patterns of soil moisture have generally focused more on ground-based
measurements rather than remote sensing datasets, as in situ point observation is considered as the
most straightforward and accurate approach [28,29]. The remote sensing datasets used in soil moisture
spatiotemporal studies are mostly from research-oriented field campaigns. Joshi and Mohanty [30]
used the EOF method to analyze the physical controls on near surface soil moisture variability at the
field scale during the Soil Moisture Experiments in 2002 (SMEX02) campaign, and found that 81% of
the total variability could be explained by the four EOFs that are related to soil texture, vegetation,
rainfall, and topography. Yoo and Kim [31] analyzed soil moisture patterns also by EOF in two field
sites during the Southern Great Plains (SGP) 1997 hydrology experiment and showed that the patterns
are mostly controlled by topography-related factors. Gaur and Mohanty [32] used wavelet analysis to
determine the contribution of biophysical factors to the redistribution of soil moisture across varying
ranges of scales with airborne soil moisture data collected during the SMEX02, SMEX04, and SGP1997
campaigns, and found that the dominant contribution differs with the study areas. Su et al. [33]
investigated the controls of precipitation and temperature on the Essential Climate Variable Soil
Moisture (ECV_SM) in the Tarim River basin of China and found that precipitation is a more important
factor than temperature in the controlling of soil moisture at a large scale. As the soil moisture
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spatiotemporal variability is determined by the complex interaction of various geophysical controls,
the subject still needs debating in further research.
The main objective of this study was to analyze the spatiotemporal patterns and the physical
controls of soil moisture derived from the Sentinel-1A data in the study site. A LUT method was
adopted to estimate soil moisture from the time-series Sentinel-1A images. When considering that
the number of ground-based measurements in the study site was not sufficient, we used the ongoing
microwave products to assist with the evaluation of the Sentinel-1A soil moisture at a coarse scale.
The EOF method was then conducted to derive the spatiotemporal patterns of the Sentinel-1A soil
moisture. The relationships between the spatiotemporal patterns and factors including topography,
soil texture, vegetation, and temperature were finally analyzed at last to investigate the contributions
to the soil moisture variability in our study site.
2. Materials and Methods
2.1. Study Area and In-Situ Measurements
Dahra is a town of commune status located in the Louga region of Senegal at roughly 264 km from
Dakar, with a center latitude of 15◦ 210 N and a center longitude of 15◦ 360 W. The region has a tropical
climate with pleasant heat throughout the year, with well-defined dry and humid seasons that result
from the northeast winter winds and the southwest summer winds. The dry season is from December
to April and the wet season is from roughly May to October. Located in the northwest part of the Ferlo
Basin, our study area, as shown in Figure 1, is a sandy pastoral region, where the predominant soil
types are red-brown sandy soils and ferruginous tropical sandy soils, which is covered by open shrub
steppes and grasslands. According to Tappan et al. and Cissé et al. [34,35], tree and shrub canopy cover
does not exceed 5% of the total area on average, and the pseudo-steppe consists of a discontinuous
herbaceous cover of annual grasses.

Figure 1. Information of the study area: (a) map of Senegal; (b) Google Earth image of the Dahra study
site; and (c) International Geosphere Biosphere Programme (IGBP) land-cover types of the study area.
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The in situ measurements of surface soil moisture were provided by the International Soil Moisture
Net (ISMN [36]), and measured by the ThetaProbe ML2x sensor. The precision of the volumetric
soil moisture is approximately ±1%. Together with precipitation and soil temperature, the values
were recorded with a 1-h interval at the study site from 4 July 2002 to 1 January 2016. Both the soil
temperature and the volumetric soil moisture from a depth of 5 cm at 19:00 UTC were used in the
experiment, which coincidence with the acquisition time of Sentinel-1A.
2.2. Remote Sensing Datasets
2.2.1. Sentinel-1A Dataset
Sentinel-1 is a C-band (5.4 GHz) imaging radar mission consisting of two polar orbiting
satellites. Sentinel-1A was first launched on 3 April 2014 followed by Sentinel-1B two years later.
From 2 March 2015 to 27 November 2016, 47 scenes of Level 1 Sentinel-1A (S1A) Ground Range
Detected (GRD) products were acquired in interferometric wide swath (IW) mode, with a swath
width of 250 km, a ground resolution of 5 × 20 m2 , dual polarization (VV-HV), and an incident angle
ranges from 31 to 46◦ . All of the observations are on descending orbits, which pass over the study
site at around 19:00 UTC. The acquired images were first radiometrically corrected to retrieve the
backscattering coefficients and then processed by a 7 × 7 refined Lee filter to suppress the speckle
noise. When considering the processing efficiency, the images were resampled to a 1-km pixel spacing.
Image registration was the last step.
2.2.2. Global Soil Moisture Products
To better evaluate the performance of the soil moisture retrieved by the Sentinel-1A dataset,
several typical microwave soil moisture products were selected for comparison and evaluation at a
coarse resolution, including SMOS, SMAP, ASCAT, and AMSR-2. To ensure that the different products
were compatible, the above products were resampled to 0.25◦ and were registered to the AMSR2 grid.
Launched on 2 November 2009, SMOS’s L-band Microwave Imaging Radiometer with Aperture
Synthesis (MIRAS) radiometer picks up microwave emissions from the Earth’s surface to map levels
of land soil moisture and ocean salinity. SMOS scans the global surface twice every three days at
6:00 a.m. (ascending) and 6:00 p.m. (descending) equatorial local crossing time [37]. The SMOS Level
3 daily soil moisture product with a resolution of 25 km on descending orbit was used in this study
(http://www.catds.fr/Products/Products-access).
SMAP was launched on 31 January 2015 with radar and radiometer sensors both in the L-band
at full polarization carried on the spacecraft. The instruments share a rotating 6-m mesh reflector
antenna on a platform in a 685-km sun-synchronous near-polar orbit, viewing the Earth’s surface at a
constant 40-degree incidence angle with a 1000-km swath width [38]. The mission intends to provide a
capability for the global mapping of soil moisture and landscape freeze/thaw state with a maximum
revisit time of three days. However, the radar sensor failed in July 2015. Therefore, only the SMAP
Level 3 passive soil moisture product with a resolution of 36 km at 6:00 A.M. local time was used in
this study (https://nsidc.org/data/smap/smap-data.html).
AMSR2, which continues the observations of AMSR-E, was launched on 18 May 2012 on the
Global Change Observation Mission (GCOM)-W1 satellite. It operates at multiple dual-polarized
frequencies ranging from 6.9 to 89 GHz in an ascending (13:30 local time) and descending (01:30 local
time) mode. When compared with AMSR-E, the new mission has a larger main reflector (2.0 m),
additional channels at the C-band (7.3 GHz), an improved calibration system, and an increased
reliability [39,40]. The AMSR-2 Level 3 soil moisture product in descending mode was used in this
study (http://gcom-w1.jaxa.jp/index.html).
The Advanced SCATterometer (ASCAT) is a radar instrument onboard the Meteorological
Operational Platform (Metop) series of satellites: Metop-A was launched in October 2006 and Metop-B
in September 2012; the third and last satellite (Metop-C) is expected to be launched in 2018 superseding
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Metop-A [41]. The radar operates in the C-band (5.255 GHz) at VV polarization and scans the Earth’s
surface in a descending (9:30 local time) and ascending (21:30 local time) mode. The ASCAT soil
moisture is estimated using the method developed by Technische Universität Wien (TU Wien) [42–44],
which provides a soil moisture fraction between completely dry conditions (0%) and full saturation
(100%) for the topsoil. The ASCAT Level 2 soil moisture product with a resolution of 25 km on
ascending orbit was used in this study (https://www.eumetsat.int/website/home/Data/Products/
Land/index.html). To allow for a comparison with the other products, the ASCAT measurements were
converted to volumetric soil moisture using the soil texture information.
2.2.3. Auxiliary Datasets
The auxiliary datasets that were used in the study included soil texture, temperature, elevation,
normalized difference vegetation index (NDVI), and land-cover classification datasets. The soil
texture information was obtained from the Harmonized World Soil Database (HWSD [45]) provided
by the Food and Agriculture Organization (FAO), which is a 30 arc-second raster database with
over 15,000 different soil mapping units that combines existing regional and national updates of soil
information worldwide. The bulk density and the fraction of clay and sand were extracted from the
database for the experiments, and registered to the Sentinel-1A images with a resolution of 1 km.
Temperature, NDVI, and land-cover classification information of the study site were extracted from
Moderate Resolution Imaging Spectroradiometer (MODIS) Level 3 products. The MODIS products
were the Terra surface temperature product of 1 km resolution, the Terra 16-day composite NDVI
product of 250 m resolution, and the combined International Geosphere Biosphere Programme (IGBP)
land-cover product of 500 m resolution. The Shuttle Radar Topography Mission (SRTM) [46] 90 m
digital elevation data were used to acquire the elevation information. All of the above auxiliary data
were resampled and registered to the Sentinel-1A images with a resolution of 1 km.
To help with the understanding of the following spatiotemporal analysis, statistical metrics,
and spatial distribution of the soil texture and elevation are shown in Table 1 and Figure 2, respectively.
The region is dominated by sandy soil, for which the maximum fraction of sand reaches as high as
94%. The fraction of clay in the soil is higher in the southeast and northeast. The terrain is relatively
flat with an average elevation of 46.2 m and a standard deviation of 12.9 m in the study site.
Table 1. The minimum (Min), maximum (Max), average (Mean), and standard deviation (SD) of the
elevation and soil texture in the study area.

Clay
Sand
Elevation

Min

Max

Mean

SD

4.0%
11.0%
1.0 m

63.0%
94.0%
85.0 m

13.2%
74.9%
46.2 m

11.3%
20.4%
12.9 m

Figure 2. Soil texture and DEM information of the Dahra study site: (a) the false-color map of soil
texture taking the sandy portion as red, the silty portion as green and the clayey portion as blue;
(b) Shuttle Radar Topography Mission (SRTM) DEM map.
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2.3. Soil Moisture Retrieving Algorithm
The LUT representation of a complicated forward model has been demonstrated to be an accurate
and fast tool for retrieval [47]. This approach is also applied in the SMAP mission as a baseline
algorithm for the radar observations [47], and it simplifies the forward model by the soil dielectric
constant, the soil surface roughness, and the vegetation water content due to the limited observation
channels. By adopting a fine interval of LUT axis, this approach avoids the rather complex retrieval
process of the numerical or analytical methods, while achieving similar retrieval accuracy and retaining
the same retrieval formula as the forward model. Therefore, we used the LUT approach to estimate
the soil moisture of the S1A images, which is similar to the baseline algorithm of the SMAP mission.
The approach is divided into the following two steps: Step one: Construct the simulated data cube.
In this study, the backscattering coefficients were simulated by the AIEM [48] and the Michigan
microwave canopy scattering (MIMICS) [49] model for the soil and vegetation layers, respectively.
Only the VV polarization was simulated for the data cube because the HV polarization is not well
simulated by the AIEM. The radar configurations in the forward models were a frequency of 5.4 GHz
and incident angles ranging from 30 to 46◦ , with an interval of 2◦ . Instead of characterizing the soil
roughness by just the root-mean-squared height (s), a discrete combination of s and correlation length
(l) was set as one axis of the data cube, where s ranged from 0.5 to 5 cm with an interval of 0.1 cm,
and the l ranged from 5 to 55 cm with an interval of 10 cm. The volumetric soil moisture ranged from
0.03 to 0.45 m3 /m3 , with an interval of 0.01 m3 /m3 , and was converted to the soil dielectric constant
using the Hallikainen method [50]. The vegetation factor was characterized by the vegetation water
content (VWC), which ranged from 0.02 to 3.6 kg/m2 .
Step two: Retrieve the soil moisture based on the LUT approach. The cost function is constructed
as follows:
2

2

0
0
0
0
Cmin (s, l, ε r1...N ) = (σvv
(t1 ) − σvv,datacube
(s, l, ε r1 , VWC1 )) + . . . + (σvv
(t N ) − σvv,datacube
(s, l, ε rN , VWCN )) (1)

0 and σ0
where σvv
vv,datacube are the backscattering coefficients of the VV polarization from the S1A images
and the data cube, respectively; and, ε r1...N are the soil dielectric constants of the S1A time-series.
In the function, VWC is estimated using a set of land-cover–based equations for the NDVI and stem
factors. The full details of the VWC estimation are available in the SMAP Vegetation Water Content
Ancillary Data Report [51]. Supposing that soil roughness s and l are time-invariant throughout the
observation period, then ε r1...N corresponding to the minimal value of the cost function are the desired
soil dielectric constants. The obtained dielectric constants were then converted to volumetric soil
moisture with the Hallikainen method using the soil texture information from the HWSD.

2.4. Evaluation Method
The S1A soil moisture was evaluated in both the temporal and spatial dimensions.
In-situ measurements are normally considered as the reference and are used in the evaluation of
the original 1-km resolution S1A soil moisture (S1A_1K) in the temporal dimension. When considering
that there is only one observation station in our study, the microwave products of SMAP, SMOS,
ASCAT, and AMSR2 were used in the evaluation of the S1A soil moisture in the spatial dimension.
Due to the differences in resolutions, an average of S1A_1K in the AMSR-2 0.25◦ grid (S1A_0.25) was
produced to match the coarse resolutions of the products in the evaluation. The root-mean-square
difference (RMSD), which signifies the closeness of two independent datasets representing the same
phenomenon, is the most commonly used error characterization in the evaluations of retrieved soil
moisture. As reported by Willmott et al. [52] and Pratola et al. [53], RMSD varies with the variability
within the distribution of the error magnitudes and with the square root of the number of data, as well
as with the mean average deviation (MAD). Due to the differences in spatial scale representativity
and the number of observations of the microwave soil moisture, the RMSD is generally affected by
bias. Therefore, in addition to MAD measuring the absolute deviation from the in situ reference and
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the Pearson’s correlation coefficient (R) for the correlation analysis, the unbiased root-mean-squared
deviation (ubRMSD) was also used in the evaluation to achieve a more reliable and comprehensive
estimation of the error. The metrics are formulated as follows, where ϑs and ϑsitu are the soil moisture
acquired from retrieval and in situ, respectively; N is the number of coincident observations:
∑ (ϑs − ϑs )(ϑsitu − ϑsitu )
R= q
2
2
∑ (ϑs − ϑs ) (ϑsitu − ϑsitu )
MAD =

1 N
|ϑs − ϑsitu |
N n∑
=1

v
u
u1 N
2
ubRMSD = t ∑ ((ϑs − ϑs ) − (ϑs − ϑsitu ))
N n =1

(2)

(3)

(4)

2.5. Spatiotemporal Analysis
EOF analysis was used in this study to characterize the soil moisture pattern. EOF analysis
decomposes a dataset into a series of orthogonal spatial patterns, which can be correlated with regional
characteristics, such as soil texture, vegetation fraction, and topography factors [26,54]. A dataset for
EOF analysis typically consists of a set of observations (e.g., soil moisture) for m locations that have been
observed n times. The dataset is described by a matrix X with dimensions (m × n). An eigenanalysis is
conducted using the covariance matrix of the dataset. The principal components (PCs) are given in the
columns of vector Ft , which is calculated using:
Ft = X T Et

(5)

where Et is obtained from the equation Rt Et = Lt Et with Rt = n1 XX T , Lt is the matrix containing
the eigenvalues and Et is the matrix containing the eigenvectors. The eigenvectors, which are also
called EOFs for simplicity, are treated as the spatial patterns in the analysis. The PCs describe how
aligned the spatial patterns are with the variability at each time point. As in principal component
analysis, the first EOF explains the largest portion of the total soil moisture variance, followed by the
second, third, and the remaining EOFs. The portion of the variance explained by an EOF is obtained by
dividing the respective eigenvalue by the sum of all the eigenvalues. To decide the reasonable number
of significant EOFs that are used in this study, a North test [55] for the statistical significance of each
EOF was conducted. A significance test with a 95% confidence interval was used to determine the
error range of the eigenvalues λi :
2 1/2
ei = λ i ( )
(6)
n
where n is the number of the time series. If the difference between the two adjacent eigenvalues is not
less than the error range above, the corresponding EOF is considered as effective.
To investigate the soil moisture patterns and their relationships with geophysical factors, all of
the time-varying observations, i.e., soil moisture, NDVI, and temperature datasets, were applied in
the EOF analysis. With each EOF representing a spatial pattern, the percentage of variance that an
EOF explains indicates the relative importance of this spatial pattern when compared with the others.
When associated with PCs, we can determine the relative importance of the corresponding spatial
pattern (EOF) over time: the higher the PC value, the more important the corresponding EOF at the
specific time. Finally, the correlation analysis was carried out between the EOFs of soil moisture and
the geophysical factors to study the controls on the retrieved soil moisture in this region.
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3. Results
3.1. Evaluation of Sentinel-1A Soil Moisture
3.1.1. Microwave Soil Moisture vs. In Situ Measurements
The temporal evolutions of the different soil moisture products and the daily accumulated
precipitation at the test site are shown in Figure 3. The wet and dry season in our study site can be
clearly identified by the precipitation and the in situ soil moisture: high values occur from July to
November and low values occur from December to June. In general, the microwave soil moisture,
including S1A, shows similar trends to the in situ measurements. SMAP and SMOS are the most
similar among all of the soil moisture products, and they also have a better agreement with the in situ
soil moisture over the whole period. ASCAT, AMSR2, and S1A_0.25 match the in situ measurements
well in the wet season, but they overestimate the soil moisture by about 0.03 m3 /m3 in the dry
season. The finer-resolution soil moisture, i.e., S1A_1K, shows a good agreement most of the time,
but shows some overestimations during the dry season. The correlation and error of the microwave
soil moisture products are shown in Table 2. High agreements with the in situ measurements can be
seen for SMAP, SMOS, and S1A_0.25, with R values of greater than 0.7 and a ubRMSE of less than
0.04 m3 /m3 , among which S1A_0.25 has the lowest ubRMSE of 0.018 m3 /m3 . S1A_1K has a ubRMSE
of 0.053 m3 /m3 , which is comparable with AMSR2 and ASCAT.

Figure 3. The total daily precipitation and temporal trends of the soil moisture measurements.
Table 2. The statistical metrics of the microwave soil moisture products vs. the in situ measurements.

ubRMSD
MAD
R
N

S1A_1K

S1A_0.25

SMAP

SMOS

AMSR2

ASCAT

0.053
0.034
0.62 *
21

0.018
0.035
0.78 *
21

0.038
0.025
0.77 *
100

0.029
0.024
0.79 *
149

0.052
0.043
0.65 *
224

0.047
0.055
0.41 *
252

* Significant at p < 0.05.

3.1.2. S1A Soil Moisture vs. Microwave Products
As the ground measurements were insufficient for spatial evaluation, a comparison with the
coarse resolution products was conducted to examine the performance of the S1A soil moisture using
S1A_0.25 maps. The first two columns in Figure 4 show the soil moisture of S1A_0.25, SMAP, SMOS,
ASCAT, and AMSR2, as averaged in the dry and wet seasons, respectively. All of the products show
higher soil moisture in the wet season, as expected. The SMAP and SMOS soil moisture show lower
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values than the other products, especially in the dry season. While the soil moisture of ASCAT and
AMSR2 appears to be homogeneous, the S1A_0.25 soil moisture shares a similar spatial pattern to
SMAP and SMOS, in that the southeast is higher than the northwest in both the dry and wet seasons.
In the dry season, the global products generally have soil moisture values of below 0.10 m3 /m3 ,
while the southeast of S1A_0.25 reaches 0.15 m3 /m3 . In the wet season, ASCAT and AMSR2 increase
by about 0.10 m3 /m3 over the whole region. The increment of SMAP and SMOS is more obvious in
the east, while S1A_0.25 shows a larger increment in the west side.
The latter two columns in Figure 4 show the ubRMSD and R values of the microwave products,
calculated with S1A_0.25 point by point. ASCAT, SMAP, and SMOS generally have ubRMSD values
of under 0.06 m3 /m3 , while AMSR2 shows higher values in the west. Among the products, SMAP
obtains the lowest ubRMSD, especially in the west, which shows the good temporal agreement with
S1A_0.25. The Pearson’s correlation coefficient (R) maps show similar results: the correlations between
SMAP and S1A_0.25 are higher than 0.8 in most of the pixels, followed by SMOS, with half of the
pixels showing high correlations. AMSR2 and ASCAT seem to be less correlated with S1A_0.25 as
the R values generally range from 0.2 to 0.6. The results indicate that the S1A soil moisture has better
agreements in both the spatial and temporal dimensions with SMAP and SMOS.

Figure 4. Comparison between S1A_0.25 and the microwave soil moisture. Column 1: the averaged
soil moisture in the wet seasons; Column 2: the averaged soil moisture in the dry seasons; Column 3:
the ubRMSD of the microwave products calculated with S1A_0.25 pointwise; Column 4: Pearson’s
correlation coefficient (R) of the microwave products calculated with S1A_0.25 pointwise.

3.2. EOF Analysis with Geophysical Data
Four EOFs of the S1A_1K soil moisture, two EOFs of the MODIS NDVI, and three EOFs of the MODIS
temperature remain significant after the North test. The EOFs and the corresponding PCs are shown in
Figures 5–7, respectively. The first four EOFs of the soil moisture explain 77.2% of the variance in total,
and the primary EOF alone captures 66.2%. The results indicate that the complex pattern of S1A_1K soil
moisture can be largely explained by a small number of underlying spatial structures. As the corresponding
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PC in Figure 6 shows no significant fluctuations, the first EOF of S1A_1K represents an averaged pattern of
soil moisture: higher values gather in the southeast and northeast corner, while the southwest part shows
lower values. EOF2 explains 6.2% of the total variance and is the dominant EOF in the wet seasons of 2015
and 2016, which indicates the pattern that higher soil moisture values in the northwest are more likely to
occur with the increase of precipitation. The third structure, EOF3, which shows a balanced distribution,
explains 2.9% of the total variance and dominates the soil moisture pattern immediately after the wet
seasons. EOF4 explains 1.9% of the total variance and also shows a relatively balanced distribution, but
only has a comparable dominance to EOF1 during the dry season and part of the wet season in 2015.
The primary EOF of the MODIS NDVI explains 98.3% of the total variance, which indicates that this
averaged pattern dominates over the whole period. Higher values tend to concentrate in the southwest of
the NDVI map. EOF2 of the NDVI only explains 0.6% of the variance and dominates the NDVI patterns
in September. The temperature pattern can also be largely explained by the primary EOF with 83.4%,
where the values show an increasing trend from the west to the east. This tendency is the opposite in the
second EOF, which explains only 3.0% of the variance. EOF3 of the temperature shows a descending trend
from the south to the north, and explains only 1.4% of the variance. As none of the three EOFs shows a
significant dominance over the observation period, the spatial pattern of temperature is more complex
than soil moisture and the NDVI.
The correlations between the EOFs of S1A_1K and geophysical factors were estimated by Pearson’s
correlation coefficients (R), and the results are shown in Table 3. For all of the EOFs of S1A_1K,
the correlations of EOF1 with the geophysical factors are obviously higher than the others, although none of
the correlations are particularly high. The results show that the percentage of clay and sand show relatively
higher correlations with SM_EOF1, and the EOFs of the NDVI take second place. Elevation appears to
have no significant correlations with the soil moisture patterns.

Figure 5. The significant EOFs of S1A_1K, NDVI, and temperature. (a) The primary EOF of S1A_1K,
with 66.2% of the total variance explained; (b) the 2nd EOF of S1A_1K, with 6.2% of the total variance
explained; (c) the 3rd EOF of S1A_1K, with 2.9% of the total variance explained; (d) the 4th EOF of S1A_1K,
with 1.9% of the total variance explained; (e) the primary EOF of NDVI, with 98.3% of the total variance
explained; (f) the 2nd EOF of NDVI, with 0.6% of the total variance explained; (g) the primary EOF of
temperature, with 83.4% of the total variance explained; (h) the 2nd EOF of temperature, with 3.0% of the
total variance explained; and (i) the 3rd EOF of temperature, with 1.4% of the total variance explained.
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Figure 6. The temporal evolution of corresponding principal components (PCs) for EOFs of S1A_1K.

Figure 7. The temporal evolution of the corresponding PCs for the EOFs of normalized difference
vegetation index (NDVI) and temperature.
Table 3. Pearson’s correlation coefficients (R)s between the empirical orthogonal functions (EOFs) of
S1A_1K and geophysical factors.

Clay
Sand
Elevation
NDVI_EOF1
NDVI_EOF2
Temp_EOF1
Temp_EOF2
Temp_EOF3

SM_EOF1

SM_EOF2

SM_EOF3

SM_EOF4

0.48 *
−0.49 *
0.08
−0.40 *
−0.42 *
0.28 *
−0.34 *
0.04

−0.08
0.10
−0.10
−0.10
−0.02
−0.11
0.18 *
−0.19 *

−0.09
0.10
−0.01
0.23 *
0.10
−0.16 *
0.16 *
0.08

−0.03
0.03
0.03
0.10
0.10
0.02
0.01
0.01

* Significant at p < 0.05.

4. Discussion
To better understand the spatiotemporal behavior, the evaluation of the S1A soil moisture should
be as thorough as possible. However, with only one soil moisture observation station in the study site,
the evaluation using the in situ measurements is limited in the spatial dimension. Therefore, comparisons
with four satellite soil moisture products were adopted in this study to further evaluate the S1A soil
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moisture, especially in the spatial dimension. Before this could be done, an assessment needed to be
undertaken to determine which of the products could better represent the in situ measurements. As is
shown in the results of Section 3.1.1, SMAP and SMOS are closer to the in situ soil moisture than ASCAT
and AMSR2. ASCAT has a higher ubRMSD in grassland than SMOS and SMAP [56–58], and more
fluctuations of ASCAT soil moisture are observed in desert regions [57]. Similar fluctuations can also
be seen in the temporal trend of Figure 3, especially in the dry season. AMSR2 has been reported [57]
to show some overestimation in dry regions, and shows a poor performance in semiarid areas when
compared with SMAP and SMOS. It also appears to largely disagree with SMAP in the soil moisture
spatial patterns [37,57,59], which is a phenomenon that is also observed in both the dry and wet seasons in
our study. SMAP and SMOS have been reported to be the most similar, exhibiting the lowest ubRMSD
values and the highest R values overall [57,60]. In this paper, SMAP and SMOS obtain ubRMSD values
of 0.038 and 0.029 m3 /m3 , respectively, and R values of 0.79 and 0.77, respectively, which are the lowest
ubRMSD values and the highest R values among all of the products. Combining the results of previous
studies [37,56–60], we can conclude that SMAP and SMOS are better indicators of in situ measurements for
the further evaluation of S1A soil moisture in the spatial dimension.
Although S1A_1K soil moisture is expected to be closer to in situ measurements because of the
spatial scale, S1A_1K does not perform as well as SMAP and SMOS. As the dominant land-cover class
at the Dahra site is grassland, the performance of S1A_1K could be mainly affected by the vegetation.
Figure 8 shows the evolution of the backscattering coefficients and NDVI of the Dahra site, where the
values in red circles correspond to severe overestimations of S1A_1K. While the NDVI is generally
low in the dry seasons, the marked backscattering coefficients are even higher than the values in
the wet seasons, which leads to the overestimations of S1A_1K. Nevertheless, S1A_1K reaches an
acceptable accuracy, with a ubRMSD of 0.053 m3 /m3 (RMSD of 0.061 m3 /m3 ), when compared with
other studies of soil moisture retrieval by Sentinel-1 images, where the RMSD of the Sentinel-1 soil
moisture has ranged from 0.05 to 0.15 m3 /m3 and the R value has ranged from 0.7 to 0.9. S1A_0.25
has a comparable high accuracy, although the deviations are largely eliminated by the averaging.
Both S1A_1K and S1A_0.25 show good agreements of temporal trend with the precipitation and
microwave products in 2016 when there are no in situ measurements. Meanwhile, S1A_0.25 shows a
similar spatial distribution to SMAP and SMOS in Figure 4, which indicates that the S1A soil moisture
can be considered as close enough to the real condition in the spatial dimension. The performances
of the S1A soil moisture not only proves the effectiveness of the retrieval method used in this study,
which does not need training or calibration, but it also shows the potential for retrieving soil moisture
using time-series Sentinel-1 data.

Figure 8. The backscattering coefficients of S1A and the NDVI at the Dahra study site. The red circles
correspond to overestimations of S1A_1K.
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After the evaluations in both the temporal and spatial dimensions, the spatiotemporal analysis
using the EOF method could be applied to S1A_1K. According to Figures 5a and 6, the primary pattern
of soil moisture distribution indicates that the southwest part is drier than the others, especially in the
wet seasons. This pattern has higher correlations with soil texture than the other factors and the wetter
pixels tend to have a higher fraction of clay, as shown in Figures 2a and 5a. The fraction of clay and
sand define the infiltration and water holding capacity of the soil, and a higher proportion of clay in
the soil will slow down the process of infiltration and hold more water content [32], which might be
the reason for the clayey pixels having higher soil moisture values when the precipitation increases
in the wet seasons. Since gravity is a driving force of the vertical flows of water into deeper levels of
the ground, the topographic complexity of the study area can be assumed to impact the soil moisture
pattern: for example, wetter locations tend to occur in the valley bottoms [61]. In this study site,
the elevation shows no significant correlation with the distribution pattern of soil moisture. The main
reason for this may be that the study area has a relatively smooth topography, which is not enough
to impact the local accumulation or evaporation pattern of soil moisture. The vegetation factor is
represented by the NDVI derived from MODIS. For a vegetated region, the vegetation layer covering
the ground will restrict the evaporation of soil moisture and intercept the input water by the leaf, but it
can also cause soil moisture loss by evaporation [32]. Medium but negative correlation is observed
between the primary EOF of soil moisture and the NDVI. The primary EOF of the NDVI is dominant in
the dry seasons and most of the wet seasons, with the pattern that higher values correspond to lower
soil moisture pixels in the southwest and lower values correspond to higher soil moisture pixels in the
other areas. This phenomenon may indicate that the loss of soil moisture is the dominant process in
the vegetation region of this study area, whether by the interception of rain or restraining of the water
into the soil through stem flow. Since the impact of vegetation on soil moisture is observed in Figure 8,
this conclusion needs further validations. As for the temperature, it is the key factor that influences the
loss of water by evaporation from soil or vegetation. However, the EOFs of temperature appear to have
no significant correlations with the distribution pattern of soil moisture. Although the explanation
rate of the primary EOF of temperature is rather high, no large differences in PC coefficients among
the EOFs are observed. This means that there is no dominant pattern of temperature in this study
area, which may result in the reduced contribution to soil moisture patterns. Previous studies have
generally considered that soil moisture spatial variability is mainly affected by meteorological forcings,
such as precipitation and temperature at the scale from 50 to 400 km [62–64], which is contradictory
to the result in our study. As reported by Seneviratne et al. and Wang et al. [27,65], the effect of
meteorological forcings on regional soil moisture spatial variability might become more important in
regions with larger climate gradients or more homogeneous soil textures. Therefore, further studies
are still necessary for the understanding of the geophysical controls on soil moisture patterns.
Although the ongoing microwave products were used for evaluation, we still cannot provide a
comprehensive evaluation of S1A soil moisture (especially at 1-km resolution) due to the difference
in the spatial resolution. The robustness of the retrieval algorithm that was used in this study can
be further investigated using soil moisture from a land surface model or a well-designed ground
sensor network as the reference. As long-term ground observations of soil moisture are increasing in
number [66,67], the optimization of the sensor network starts to attract more attention. The ground
measurements can be expected to represent the variability of the soil moisture in the study site [68].
Since the spatial and temporal soil moisture variability is affected by the heterogeneity of soil,
vegetation, and topography [26,69], the sensor network should also have the ability of capturing
the distribution of these factors. In our study area, the locations of additional sensors should be
selected according to the distribution of soil moisture, soil texture, vegetation, and land covers, because
the terrain is relatively flat and both the elevation and temperature have little impact on the patterns
of soil moisture. Apart from different types of soil texture and land covers, the locations of the sensors
could be selected with different soil moisture and NDVI levels, based on the primary spatial patterns
of S1A_1K and NDVI, shown in Figure 5a,e. Vachaud et al. [70] suggested that if the measurements
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of soil moisture at the field were repeatedly observed, certain locations could be identified as being
temporally stable. Thus, a sensor network with a temporal persistence of more than one year might
provide more reliable records when considering the seasonal changes of some meteorological and
geophysical factors (e.g., precipitation and vegetation, as shown in Figures 3 and 8). To identify the
representative locations for the validation of remote sensing soil moisture, temporal stability analysis
(TSA) has been widely used in previous research [71–73]. The basic principle of TSA is that a location
that demonstrates the ability to capture the mean of the field with a small bias (low mean relative
difference: MRD) and low variability (i.e., low standard deviation of the relative difference: SDRD)
would be a representative station [74]. Since the EOFs and the corresponding PCs of S1A_1K represent
different spatial patterns and their variability in the observation period, the EOF analysis might also be
able to characterize the temporal stability of soil moisture. Therefore, further evaluation of Sentinel-1
soil moisture based on a well-designed sensor network will be investigated in our future work.
5. Conclusions
In this study, the soil moisture at Dahra in Senegal was retrieved using S1A time-series data.
The LUT method was used for the retrieval, with the backscattering coefficients being simulated
based on the MIMICs and the AIEM. The evaluation of S1A soil moisture with regard to the temporal
trend and spatial variation was conducted based on ground measurements and microwave products,
respectively. The S1A soil moisture shows a good agreement with the temporal trend of ground
measurements at the Dahra site and shows a similar spatial pattern at a coarse resolution to SMAP and
SMOS, which are regarded as the best representatives of ground measurements among the microwave
products. Because of the insufficient ground measurements, the retrieving algorithm needs more
data to confirm its robustness over various land covers. Despite this, the preliminary results will
support further studies of Sentinel-1 for soil moisture monitoring. The EOF analysis was conducted to
investigate the spatiotemporal pattern of S1A soil moisture. For the geophysical control factors, it was
found that the local factors of soil and vegetation are more correlated with the primary soil moisture
pattern, while none of these factors have dominant controls on the soil moisture patterns in this area,
due to the complexity of the regional water cycle. The discussion in this paper confirms that it is
possible to retrieve and study the spatiotemporal patterns of soil moisture using time-series Sentinel-1
data, which will become more time continuous with the constellation of Sentinel-1A and Sentinel-1B.
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