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Sentinel-1 Backscatter Assimilation Using Support
Vector Regression or the Water Cloud Model

at European Soil Moisture Sites
Dominik Rains , Hans Lievens, Gabriëlle J. M. De Lannoy, Matthew F. McCabe ,

Richard A. M. de Jeu, and Diego G. Miralles

Abstract— Sentinel-1 backscatter observations were
assimilated into the Global Land Evaporation Amsterdam
Model (GLEAM) using an ensemble Kalman filter. As a forward
operator, which is required to simulate backscatter from soil
moisture and leaf area index (LAI), we evaluated both the
traditional water cloud model (WCM) and the support vector
regression (SVR). With SVR, a closer fit between backscatter
observations and simulations was achieved. The impact on
the correlation between modeled and in situ soil moisture
measurements was similar when assimilating the Sentinel data
using WCM (�R = +0.037) or SVR (�R = +0.025).

Index Terms— Data assimilation, radar backscatter, soil
moisture, support vector regression (SVR).

I. INTRODUCTION

SOIL moisture regulates the recharge in aquifers and influ-
ences runoff. Low values are associated with hydrological

droughts, whereas high values can influence flood occur-
rence [1]. Soil moisture also affects plant growth, albedo, the
emission of longwave radiation, and the partitioning of the
available energy. As such it has a pivotal influence on the
state of the biosphere [2].

Land surface models can provide spatiotemporally continu-
ous soil moisture estimates, with their accuracy depending on
model physics, resolution, and input data. Alternatively, soil
moisture can be retrieved from satellites, typically from pas-
sive microwave (radiometer) or active (radar) sensors [3]. The
Soil Moisture and Ocean Salinity (SMOS) and Soil Moisture
Active Passive (SMAP) missions, launched in 2009 and 2015,
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respectively, were the first specifically dedicated to monitor
soil moisture. Both satellites are in polar orbits and measure
the land-surface emission in the L-band, at resolutions of
˜

40 km, and with a repeat cycle of
˜

3 days [4], [5]. Soil
moisture can be retrieved using radar backscatter from e.g.,
the Advanced Scatterometer (ASCAT) [6] at similar spatial
resolutions than with SMOS and SMAP. However, higher res-
olution retrievals from backscatter are possible with synthetic
aperture radar (SAR) [7]. As such, the Sentinel-1 (S1) satel-
lites, launched in 2014 (S1A) and 2016 (S1B), have already
been used to retrieve soil moisture at e.g., pan-European
scale [8] and over agricultural areas in Europe [9].

Just like soil moisture from models, satellite retrievals have
their own uncertainties and drawbacks, including the reliance
on a number of ancillary data. The direct assimilation of
backscatter measurements into land surface models allows for
combining the strength of spatiotemporal continuous model
estimates with real-world observations in a consistent man-
ner [10]. Specific examples showing a positive effect of radar
backscatter assimilation on soil moisture simulations are given
by [7], [11]. To do this effectively, forward simulations are
required to map the surface state (e.g., vegetation, soil mois-
ture, and surface roughness) from the model to the observation
space (i.e., backscatter). An example of a forward operator,
frequently used to simulate backscatter, is the radiative-transfer
water cloud model (WCM) [12]. Here, we compare forward
simulations from a semiempirical WCM implementation using
a linear relationship between soil moisture and backscatter
to analogous forward simulations based on support vector
regression (SVR) [13]. We then show results from assimilating
two years of S1 backscatter into the Global Land Evaporation
Amsterdam Model (GLEAM) [14], [15], and the validation
using a range of soil moisture sites across Europe. The aim
of the study is therefore to study the potential of Sentinel-1
backscatter assimilation to improve modeled soil moisture, and
to analyze the added value of data-driven methods (such as
SVR) for forward simulations.

II. METHODOLOGY AND DATA

A. GLEAM Soil Moisture Estimates

GLEAM is designed to estimate land surface evaporation
and soil moisture from remote sensing data [14]. The soil
moisture is obtained from a multilayer water balance model
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and is computed for up to three soil layers, depending on the
land cover.

Although GLEAM is usually applied globally at 0.25◦
resolution, [16] showed that it is well suited for high-resolution
regional applications. Here, GLEAM v3 [15] was run at a
daily temporal resolution and a spatial resolution of 1 km at a
series of European soil moisture sites for the years 2018–2019
(with 2017 serving as a model-spinup period). The top-layer
(10 cm) soil moisture was used to compute the backscatter
simulations with either the WCM or SVR approach, enabling
the assimilation of S1 backscatter and consequent update of
the modeled top-layer soil moisture. Changes to the top layer
were then propagated to the deeper layers by the GLEAM
model itself.

Vertically uniform soil properties, such as wilting point,
field capacity and porosity, as well as land cover frac-
tions, were based on the setup by Martens et al. [16].
Regarding dynamic forcing, we used Clouds and the Earth’s
Radiant Energy System (CERES) net radiation [17], Multi-
Source Weighted-Ensemble Precipitation (MSWEP) v2 pre-
cipitation [18], and Atmospheric Infrared Sounder (AIRS)
v6 air temperature [19]. As a vegetation phenology descriptor,
GLEAM uses vegetation optical depth (VOD) from the Land
Parameter Retrieval Model (LPRM, [20]). However, for the
forward backscatter simulations with SVR or WCM, we used
higher resolution 1 km cubic-spline interpolated ten-daily leaf
area index (LAI) data retrieved from Proba-V observations
and produced by the Copernicus Global Land Service [21]
(see Section II-D).

B. Sentinel-1 Backscatter

We used ground range detected (GRD) S1 (A and B) obser-
vations from the Interferometric Wide Swath (IW) mode in
VV polarization for 2018–2019. VV polarization was chosen
over VH, as it is more sensitive to soil moisture [22]. Besides
the standard S1 processing steps (i.e., precise orbit file appli-
cation, thermal-noise correction, range-Doppler terrain correc-
tion, and radiometric calibration), systematic differences in the
observations of the same pixel due to acquisitions being taken
from different relative orbits were removed by bias correcting
the static long-term mean backscatter [8]. For this, a longer
data record was used (2014–2018) to allow for the computation
of robust statistics. Among other effects, this normalizes the
variation in backscatter caused by variable incidence angles,
azimuth angles, and ascending/descending tracks. The original
20 m spaced observations were then resampled to the 1 km
model resolution by means of averaging the backscatter in
the linear domain (i.e., not in decibel). S1 observations were
masked for freezing conditions (air temperature lower than
1.5 ◦C), snow cover (from the Interactive Multisensor Snow
and Ice Mapping System [23]), and precipitation events larger
than 40 mm/day. S1 outliers (larger/smaller than five standard
deviations based on individual pixel statistics) were also
removed.

C. Soil Moisture Measurements

To validate the soil moisture estimates from the GLEAM
open-loop run (without data assimilation), as well as the

impact of the S1 assimilation, in situ soil moisture measure-
ments over Europe for 2018–2019 were obtained from the
International Soil Moisture Network (ISMN, [24]). Only mea-
surements within the first 10 cm soil depth were considered.
In addition, soil moisture time series were individually quality
controlled and those with obvious errors, such as constant
values, were excluded (less than 5% of the data record). This
procedure resulted in a total of 139 sites with each one having
at least four months of soil moisture data for evaluation and
at least 100 S1 observations for assimilation. Around 40% of
these sites corresponded to croplands, 20% to tree cover, 15%
each to herbaceous cover and grassland, and 10% to urban
areas.

D. Water Cloud Model

In the WCM, the contribution from the soil can be esti-
mated with a physics-based model [22] or e.g., by linear
regression between backscatter and soil moisture [11]. Here,
we adopted the latter, which required the calibration of two
parameters that account for the sensitivity of the backscatter
to either soil moisture (C , the aspect parameter) or surface
roughness (D, the slope parameter). Two more parameters
are required to account for vegetation scattering (A) and
attenuation (B). In the WCM total backscatter σ 0 in decibel is
computed as the sum of the backscatter from the soil σ 0

soil and
vegetation σ 0

veg

σ 0 = σ 0
veg + t2σ 0

soil

with σ 0
veg characterized using a bulk vegetation descriptor V1

σ 0
veg = AV1 cos θ(1 − t2)

and the vegetation attenuation t2 estimated as

t2 = exp
−2BV2

cos θ

with V2, a second bulk vegetation descriptor. The linear model
to estimate bare soil backscatter is defined as

σ 0
soil = C + D SM1

with SM1 here referring to the upper 10 cm modeled soil
moisture from GLEAM. SM1 is expected to be temporally less
variable and potentially biased compared to the more shallow
soil layer actually observed by the S1 C-band. However, any
bias was resolved through the calibration process, which was
performed with data for 2018–2019 (the same time period as
for the assimilation) from an open-loop run (see Section II-F
for details on the ensemble generation). The calibration was
performed in backscatter space, whereas the assimilation was
evaluated in soil moisture space (see also [7], [11]). For both
V1 and V2, we used the cubic-spline interpolated ten-day LAI
retrievals from Proba-V. Using the temporally downscaled
product allowed to increase the sample size of training data
considerably, although other approaches of selecting the train-
ing data would certainly be possible. For θ , a fixed incidence
angle of 40◦ was assumed, which corresponds approximately
to the mean incidence angle of the normalized S1 observations.
The parameters A, B, C, and D were optimized at each site



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

RAINS et al.: SENTINEL-1 BACKSCATTER ASSIMILATION USING SVR OR THE WCM 3

within a possible parameter space of [0, 5], [0, 10], [−35, 0],
and [10, 60], respectively, [11]. The optimization focused on
minimizing the root-mean-square difference (RMSD) between
simulations and S1 VV observations [25]. For this, we chose
the trust region reflective (TRF) algorithm. Using differential
evolution optimization yielded very similar parameter values.
The entire 2018–2019 period was chosen for the calibration
to achieve a good generalization capability.

E. Support Vector Regression

As an alternative to the semiempirical WCM implementa-
tion described above, we explored the potential of SVR [13]
as a forward operator. It has been shown that SVR can
deal with the complex relationships between geophysical
variables and microwave observations by e.g., [26]. SVR is
capable of a high generalization and robustness in a variety
of different applications, as well as a limited complexity in
handling the learning phase. The SVR was trained to predict
backscatter from the same two-year open-loop ensemble mean
soil moisture and Proba-V LAI data used to calibrate the
WCM at each site, once again by minimizing the RMSD
between simulations and S1 observations. The hyperparameter
optimization was performed using grid-search and a fivefold
cross-validation to avoid overfitting. For the kernel parameter
γ and the cost parameter C , possible values of [0.001, 0.01,
0.1, 1, 10] and [0.001, 0.01, 0.1, 1, 10, 20, 30, 40, 50, 100]
were considered, respectively. The ε parameter, determining
the maximum allowable error, was set to 0.1. To facilitate the
regression, input data were mapped into a higher dimensional
kernel feature space by nonlinear mapping through a radial
basis kernel (RBF)

K (x, y) = exp(−γ ||x−y||2)
with x encompassing soil moisture and LAI and y being
the corresponding backscatter observations. In the training
phase, both soil moisture and LAI were rescaled to match a
distribution with zero mean and unit variance, preventing one
variable (here LAI) from dominating the predictions due to
a naturally larger variance. The same per-site scaling factors
were applied later when performing the forward simulations
during the data assimilation step.

F. Ensemble Kalman Filter

GLEAM was coupled to a deterministic ensemble Kalman
filter [27]. To allow for a reasonable estimate of the model
background error, GLEAM was run with 32 ensemble
members; perturbations were added to each member based
on [10]. Multiplicative log-normal perturbations (standard
deviation = 0.3) were added to the precipitation. Air temper-
ature was perturbed with additive normally-distributed noise
(standard deviation = 2.5 ◦C) and net radiation was per-
turbed using random normal multiplicative noise (standard
deviation = 0.3). Updates to the top-layer soil moisture were
applied at each site separately by multiplying the innovation
term (the difference between the local observation y and the

Fig. 1. For all ISMN sites: (a) R between GLEAM soil moisture and
S1 backscatter observations, as well as between the WCM or SVR forward
simulations and S1 backscatter. (b) RMSD between the WCM or SVR forward
simulations and S1 backscatter.

nonlinear backscatter forward simulations from each ensemble
member h(xb) with the Kalman gain K

xa = xb + K (y − h(xb))

with xa encompassing the soil moisture analysis for each
ensemble member and xb the soil moisture estimates prior
to data assimilation. The Kalman gain was computed as

K = P H ᵀ(H P H ᵀ + R)−1

where P is the uncertainty in soil moisture, H is the non-
linear forward operator h(xb) (WCM or SVR), and R is the
observation error variance. For this study, R was calculated at
each site based on the performance of the trained/calibrated
SVR or WCM (i.e., as the mean-square difference between
forward backscatter simulations and observations). The bias
was implicitly removed by training/calibrating the SVR and
WCM on a pixel-by-pixel basis.

III. RESULTS

A. Assessment of Forward Simulations

To assess the performance of SVR and WCM, we com-
pared the temporal Pearson correlation (R) between forward
simulations and S1 backscatter [Fig. 1(a)]. SVR results in
higher mean correlation (R = 0.59) than WCM (R = 0.44).
For reference, the correlations between GLEAM soil moisture
and S1 backscatter are also shown (R = 0.40). Given that
the relationship between forward simulations and observations
might be nonlinear, we also examine the performance of
SVR and WCM in terms of RMSD, which also acted as the
objective function in the training/calibration phase [Fig. 1(b)].
Overall, SVR again performs better than WCM (RMSD =
0.67 dB versus RMSD = 0.73 dB). It is worth noting that
for both sets of forward simulations, the average bias is
quasi-zero, yet the variance is noticeably lower (0.29 dB
for SVR, 0.25 dB for WCM) than for the observations
(0.80 dB). The overall better performance of SVR may relate
to its flexibility, i.e., not relying on a fixed model structure
or assumptions, such as a linear relationship between soil
moisture and backscatter. Fig. 2 shows example time series
of S1 backscatter and WCM and SVR forward simulations
for the SMOSMANIA Sabres (temperate cropland in southern
France) and REMEDHUS Las Vacas (semiarid cropland in
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Fig. 2. Example time series of S1 observations and forward simulations
from the WCM and SVR for (a) SMOSMANIA Sabres and (b) REMEDHUS
Las Vacas sites. LAI (green area) and GLEAM soil moisture (gray area) were
used to calibrate/train the WCM/SVR.

central Spain) sites. LAI and GLEAM open-loop soil moisture,
the variables used to calibrate the WCM and train the SVR, are
also shown. In general, the forward simulations are sensitive
to precipitation spikes and soil moisture depletion. WCM
simulations closely follow the soil moisture dynamics, while
SVR simulations resemble to a higher degree the backscatter
observations (see e.g., summer 2018). At the wetter Sabres
site, the spring dry-down is well captured by SVR but not
by WCM. However, both approaches struggle with replicating
the very low backscatter during spring, also across other sites,
suggesting an earlier seasonal dry-down than simulated. This is
partly due to the simulated top 10 cm being less variable than
the shallower soil layer observed by S1. Another reason might
be the 1 km ten-daily interpolated LAI product not reflecting
more localized vegetation dynamics.

B. Data Assimilation Impact

As a final step we assimilated the S1 observations into
GLEAM. Assimilation runs, using SVR and WCM forward
simulations, were compared to the open-loop and in situ soil
moisture at ISMN sites (see Section II-C).

Fig. 3(a) shows the assimilation impact on terms of �R,
i.e., the change in correlation between modeled and in situ soil
moisture measurements across ISMN sites. For the majority
of the 139 sites the assimilation improves the soil moisture
simulations, especially when using SVR (67% versus 60% for
WCM). Large changes, both positive and negative, are mostly
limited to validation sites with shorter available records.

Fig. 3. (a) Distribution of the assimilation impact (�R) for all considered
ISMN sites when using the WCM or SVR forward simulations. Temporal
subset of soil moisture time series for the open-loop run and both assimilation
experiments together with ISMN soil moisture for (b) Acqui Grandcal and
(c) SMOSMANIA Sabres.

The overall impact of both SVR and WCM is, however, small
(�R = +0.037 for WCM, and �R = +0.025 for SVR).
We note that the validation was performed using all forecast
and analysis steps (not only when S-1 observations were
available). Improvements of such magnitude are consistent
with those reported by Lievens et al. [7]. As mentioned,
the observation error was directly based on the performance
of the WCM or SVR predictions. Overall lower observa-
tion errors for the SVR experiment, in combination with
smaller innovations due to the closer fit between forward
simulations and observations, resulted in smaller soil mois-
ture increments when compared to the WCM (0.005 m3/m3

versus 0.007 m3/m3).
To examine the results further, we highlight two particular

sites that demonstrate the faster dry-out of the soil moisture
observed by Sentinel-1. Fig. 3(b) shows the assimilation
impact on soil moisture for a temporal subset at the Acqui
Grandcal site (temperate tree cover). Here the ISMN in situ
measurements are taken at 1 cm depth and the mentioned
behavior is clearly visible. It is to a lesser extent visible at
the nearby SMOSMANIA Sabres site Fig. 3(c), where the
ISMN measurements are taken at 5 cm depth. In both cases,
the assimilation partly steers the modeled soil moisture toward
the in situ observations.

A detailed inspection of the assimilation impact across all
sites showed no relationship with mean LAI, land cover or
aridity (not shown). We therefore, attribute the differences
in data assimilation performance across the sites mostly to
the representativeness of point scale site measurements with
respect to the observations and model data.

IV. CONCLUSION

We explored the potential of SVR as an observation oper-
ator for the assimilation of Sentinel-1 (S1) VV backscatter
observations. To this end, GLEAM was run for 2018–2019 at
soil moisture validation sites across Europe. The forward
simulations from SVR yielded higher correlations with the
backscatter from S1 than those from the frequently-used



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

RAINS et al.: SENTINEL-1 BACKSCATTER ASSIMILATION USING SVR OR THE WCM 5

WCM. Likewise, the RMSD between forward simulations and
S1 backscatter was lower for SVR. Nevertheless, improve-
ments to the upper layer soil moisture simulations were modest
for both SVR and WCM experiments. This is in line with the
results of the S1 backscatter assimilation by Lievens et al. [7].
A reduction in the innovations with SVR resulted in smaller
increments, despite the smaller observation error calculated
from the fit between forward operator simulations and obser-
vations. It was also shown that both sets of forward simulations
underestimated the temporal variance of S1 backscatter. This
might be due the first model layer being thicker (10 cm)
than the penetration depth of the backscatter, or due to the
lower variability in LAI at the model pixel scale. A more
advanced selection of training data—e.g., using the same
amount of samples from specific land surface conditions, such
as soil moisture peaks and dry periods, or training/calibrating
the SVR and WCM per season—should be explored in the
future. Likewise, since [28] reported that the WCM can suffer
from seasonal biases, the consideration of time-dependent
errors could also be beneficial. Our findings show that data
driven machine learning approaches, such as SVR, can be a
viable alternative to semiempirical parameterized models with
a fixed structure when assimilating backscatter observations.
These approaches are capable of modeling high-dimensional
behavior, yet special attention must be paid to potential
overfitting which would merely replicate the observations and
result in no assimilation impact. Here, this was prevented
by training across two years with different LAI/soil moisture
regimes as well as through fivefold cross-validation. Nonethe-
less, machine learning methods should in no way hinder the
advancement of fully physical backscatter models but rather
support and complement their development.
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