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A B S T R A C T
A neural network (NN) soil moisture retrieval product computed from the synergy of AMSR-E brightness
temperature and ASCAT backscatter observations is evaluated against in situ soil moisture observations
from the International Soil Moisture Network (ISMN). The skill of the NN retrieval is compared to that of
the ESA-CCI soil moisture retrieval as well as modeled soil moisture ﬁelds from ERA-interim/land. The NN
retrieval is able to capture the observed soil moisture temporal variations with a station-average correlation and anomaly correlation of 0.45 and 0.35, respectively. For most ground stations the model obtained a
higher temporal correlation skill, with average correlation and anomaly correlation values of 0.53 and 0.46,
respectively. For stations in data-sparse regions, the NN retrieval showed a slightly better performance than
the model, illustrating the potential of soil moisture retrievals to inform models in data-sparse areas. A time
series analysis further showed that the retrieval is well able to capture soil moisture variability outside of
active precipitation phases, such as the soil moisture behavior during the dry down phase. Compared to the
ESA-CCI retrieval, the NN methodology obtained higher correlations, as a result of its ability to use the complementary information provided by the active and passive microwave sensors. A global evaluation of the
retrieval errors through a triple collocation analysis with SMOS and GLDAS soil moisture estimates showed
that the errors are high in energy limited regions, where the NN retrieval appears to be lacking input information. In the data-sparse regions of Africa and South America, the triple collocation analysis conﬁrmed the
higher skill of the NN retrieval compared to the model.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
The importance of soil moisture as a key variable in terrestrial
hydrology and land-atmosphere interactions has long been recognized and extensively discussed in the literature (e.g Assouline,
2013; Bateni and Entekhabi, 2012; Corradini et al., 1998; Gentine et
al., 2007, 2011; McColl et al., 2017; McDowell, 2011; Sevanto et al.,
2014). As a result, considerable efforts have been made to generate soil moisture products from satellite observations that fulﬁll the
community requirements of global coverage at high temporal resolution (daily to weekly). These efforts have culminated in the recent
launches of two missions dedicated to soil moisture observation, the
European Soil Moisture and Ocean Salinity (SMOS) mission and the
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National Aeronautic and Space Administration’s Soil Moisture Active
Passive (SMAP) mission. The instruments aboard both satellites operate at L-band (1.4 GHz) frequency in the microwave range, which
reﬂects the fact that microwave instruments are most sensitive to
soil moisture variations (Dobson and Ulaby, 1986; Schmugge et al.,
1986) and that low frequency instruments can penetrate deeper in
the soil while being less sensitive to vegetation attenuation. Prior
to the launch of SMOS and SMAP, soil moisture retrievals had been
performed using non-dedicated instruments. These included mostly
microwave based retrievals in the X- and C-band (Owe et al., 2001,
2008; Wagner et al., 1999), but soil moisture products have also been
computed using infrared (Hain et al., 2009) or visible (Stoner, 1980)
data, or from a combination of different frequency sensors (Aires et
al., 2005; Kolassa et al., 2013, 2016; Liu et al., 2011).
Most microwave satellite soil moisture retrievals use a physical
retrieval approach, such as the inversion of radiative transfer models
(RTM), which explicitly formulate the physical relationships linking satellite observations and the surface soil moisture state (e.g.,
Kerr et al., 2012; O’Neill et al., 2015; Owe et al., 2001). This requires
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accurate knowledge of these physical relationships and any lack of
understanding or misrepresentation of these processes can introduce
additional uncertainties in the retrieval product (Naeimi et al., 2009;
Parinussa et al., 2011). Furthermore, RTM inversions require ancillary data to parameterize the physical relationships and to account
for other surface contributions to the satellite signal, such as the
vegetation state or the surface temperature (Wigneron et al., 2003).
Typically, satellite observations at other frequencies, such as visible
or infrared data, are used, however, these are limited in their temporal and spatial availability due to their sensitivity to cloud cover.
Another option is to use ancillary data from land surface models
(LSMs) (O’Neill et al., 2015), but from a data assimilation (DA) perspective, it is preferable to develop satellite soil moisture products
that are not dependent on models other than the DA system model
(e.g., Maggioni and Houser, 2017).
Here, we propose a neural network (NN) algorithm to retrieve
surface soil moisture from microwave satellite observations only.
NNs are calibrated to simulate the statistical relationship between
satellite observations and the surface soil moisture state and thus
do not require accurate knowledge of the physical processes or
their parameterization (Aires et al., 2005; Kolassa et al., 2013, 2016;
Rodriguez-Fernandez et al., 2014). Additionally, NNs do not rely
on explicit information regarding the state of the other surface
variables. Instead, NNs are able to account for the various surface
contributions even when this information is only contained implicitly in the microwave satellite observations. In the ﬁrst part of this
study (Kolassa et al., 2016), we investigated how to optimize the
pre-processing of the satellite observations to help the retrieval
algorithm to de-convolute the different surface contributions and
maximize the soil moisture information content extracted from the
observations. Here, the objective is to assess the skill of such a
microwave-only soil moisture retrieval product and compare it to
that of other microwave retrieval products.
Our NN retrieval algorithm is calibrated using satellite inputs
from the Advanced Scanning Microwave Radiometer (AMSR-E) and
the Advanced Scatterometer (ASCAT) and target soil moisture data
from the ERA-interim/land reanalysis. As a result of the non-localized
calibration, the NN yields soil moisture estimates in the space of the
target model (i.e. with the same global bias and range of variability)
with spatial and temporal patterns that are driven by the satellite
observations (Jimenez et al., 2013). This means that the NN soil moisture product will not be fully independent of the model, which limits
its use for applications that require this (Loew et al., 2013). However,
Jimenez et al. (2013) showed that at the regional scale, the NN is able
to correct for errors in the model data. Additionally, the NN retrieval
has two advantages with regard to data assimilation applications.
First, since the retrieval product and model are expressed in the same
space and are globally unbiased with respect to each other, the NN
approach can be used to improve the bias correction when assimilating a soil moisture retrieval. Second, the NN approach can be used to
identify areas of disagreement between the model and the satellite
observations and thus areas where there is a potential to improve
the model through the assimilation of the satellite observations. Both
of these properties make a NN retrieval very advantageous for soil
moisture retrieval assimilation. In this study, we will use the NN to
identify areas of potential improvement from a retrieval assimilation,
whereas investigating the effectiveness of the NN bias correction is
beyond the scope of this study.
In summary, we aim to answer three questions here: (1) what
is the skill of a microwave-only soil moisture retrieval product, (2)
how does the NN retrieval approach compare to other soil moisture retrieval products and (3) where and when do microwave soil
moisture retrievals have the potential to inform land surface models. To address the ﬁrst question, we evaluate the AMSR-E/ASCAT NN
soil moisture retrieval against in situ observations from the International Soil Moisture Network (ISMN) (Dorigo et al., 2011). To address
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the second question, we compare the skill of the NN retrieval product against that of the ESA-CCI SM soil moisture retrieval product
(Liu et al., 2011), which also uses AMSR-E and ASCAT observations,
but different retrieval algorithms. This is implemented by evaluating the ESA-CCI SM data against the ISMN. The third question is
addressed by comparing the skill of the NN retrieval against that of
the ERA-interim/land soil moistures which were used to train the
NN retrieval. A skill comparison based on an evaluation against the
ISMN observations allows us to identify the phases of the soil moisture behavior for which the retrieval has the potential to inform
the model in a few locations. For a global comparison of the NN
retrieval product and model skill, we also implement a triple collocation (TC) analysis to estimate the errors in all products, using
additional soil moisture information from SMOS and the Global Land
Data Assimilation System (GLDAS).
The paper is organized as follows. Section 2 introduces the
datasets that are used in this study, including a presentation of the
soil moisture product, a summary of the NN retrieval methodology
and the various evaluation data sets. Section 3 then discusses the
methodologies and metrics used to evaluate the soil moisture product. Section 4 presents the results of the evaluation against the ISMN
and the comparison against the ESA-CCI and ERA-interim/land skill.
Also presented are the results of the TC error estimation for the NN
retrieval and the model. Finally, Section 5 summarizes the conclusions that can be drawn from this analysis and provides perspectives
and implications for future studies.
2. Data
2.1. Neural network soil moisture retrieval
The soil moisture retrieval presented here is computed from
the synergy (i.e. the observation level merging) of active and passive microwave observations using a statistical neural network
algorithm. The following sections discuss the satellite observations
and their preprocessing, the retrieval algorithm, and the retrieval
product.
2.1.1. Satellite data
The NN soil moisture retrieval uses the synergy of active
microwave observations from the Advanced Scatterometer (ASCAT)
and passive microwave observations from the Advanced Microwave
Scanning Radiometer (AMSR-E).
The ASCAT instrument (Figa-Saldaña et al., 2002) is a C-band
(5.3 GHz) active microwave scatterometer ﬂying aboard the MetOp
satellite. Daily surface backscatter observations are provided with a
1–2 day revisit time for the period August 2007 until present. The
backscatter observations have a resolution of 25 km and are also provided as a re-sampled product with a 12.5 km sampling distance.
Here, we used the 25 km resolution product. The surface backscatter
is a composite of the response from the soil and the overlying vegetation with the vegetation contribution increasing for high vegetation
water content values (Ulaby et al., 1982). The soil penetration depth
of ASCAT is typically around 1–2 cm, but can be signiﬁcantly larger
for very dry soils (Troch et al., 1996).
The AMSR-E instrument was a passive microwave radiometer
ﬂown aboard the Aqua satellite between 2002 and 2011 with a revisit
time of 1–2 days. Daily brightness temperatures were observed at
6.9, 10.7, 18.7, 23, 37 and 89 GHz at vertical and horizontal polarizations (Kawanishi et al., 2003) with the spatial resolution ranging from
6km×4 km (at 89 GHz) to 74km×43 km (at 6.9 GHz). For the NN soil
moisture retrieval, the 6.9, 10.7, 18.7 channels of AMSR-E at horizontal and vertical polarization were used due to their sensitivity to soil
moisture and the 37 GHz channel served to account for the surface
temperature. The other AMSR-E channels are too sensitive to atmospheric contamination to be feasible for a soil moisture retrieval.
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The typical emitting layer of the soil moisture sensitive channels is
around 1–2 cm, whereas the 37 GHz channel is mostly sensitive to
the skin layer. For all channels the penetration depth increases signiﬁcantly for very dry soils (Kawanishi et al., 2003; Prigent et al.,
1999).
Kolassa et al. (2016) used the AMSR-E and ASCAT observations
to compute a daily microwave-only soil moisture retrieval in order
to fully capitalize on the microwave instrument soil moisture sensitivity without being subject to the limited availability of ancillary
data (e.g. unavailability of infrared or visible data in cloudy conditions) and uncertainties in the representation and parameterization
of physical processes. Instead, the NN algorithm is calibrated using
model data, which drives the NN estimates’ global bias and dynamic
range. To account for other contributors to the satellite signal (i.e.
surface temperature, vegetation and surface roughness) Kolassa et al.
(2016) used the fact that 1) the information regarding all surface
contributions is inherently contained in the satellite signal and 2) a
NN algorithm does not require explicit information on the physical processes linking the different surface contributions in order to
account for them. The satellite data were thus preprocessed with different methods to either highlight the soil moisture signal or one
of the other surface contributions. For the AMSR-E brightness temperatures, these preprocessing methods included the average of the
day and night overpass, the difference of the day and night overpass
and the Microwave Polarized Difference Index (MPDI). The ASCAT
backscatter observations were preprocessed by interpolating them
to a common incidence angle and by rescaling them locally to obtain
a backscatter temporal index (BTI). The differently preprocessed
datasets served as separate inputs to the NN retrieval algorithm.
All satellite observations were projected to an equal area grid
with an equatorial resolution of 0.25◦ . Pixels with snow cover and
frozen soil were removed using the Interactive Multisensor Snow
and Ice Mapping System (IMS) Daily Northern Hemisphere Snow and
Ice Analysis (National Ice Center, 2008). Additionally, a Radio Frequency Interference (RFI) ﬁltering using the spectral index approach
proposed by Njoku et al. (2005) was applied to the AMSR-E 6.9 GHz
and 10.7 GHz channels.
2.1.2. Retrieval algorithm
In Kolassa et al. (2016) we used a neural network retrieval
algorithm to estimate daily surface soil moisture from the synergy
of active and passive microwave observations. Following Cybenko
(1989), a fully connected feed-forward model (Bishop, 1995) with
one hidden layer was trained using a classical back-propagation
training algorithm (Rumelhart and Chauvin, 1995) and a LevenbergMarquardt approach (Levenberg, 1944; Marquardt, 1963) for updating the NN weights. The hidden layer contained 15 neurons, which
we found to be the simplest NN able to converge to a solution for a
soil moisture estimation (results not shown).
In a ﬁrst phase the NN was trained to simulate the relationship
between the satellite input data and the surface soil moisture state.
The training dataset was generated by sampling the preprocessed
satellite observations introduced in Section 2.1.1 globally in space
and time, such that all locations and seasons are equally represented.
As a result, a total of ∼1.5 million data points - representing one
thousandth of the complete satellite data set - were used for training.
Modeled surface soil moisture ﬁelds from ERA-interim/land served
as the target data during the training phase.
The training data set was split into three subsets: (1) the calibration data, (2) the validation data and (3) the test data. The calibration
data constitute 60% of the training data and are used to calibrate the
NN weights. The validation data constitute 20% of the training data
and are used to detect an over-ﬁtting of the NN to the target data. On
each iteration, we compute the error between NN estimate from the
validation data and the target soil moisture. A continuous increase in
this error indicates and over-ﬁtting of the NN to the calibration data

and the training is stopped (‘early-stopping’). The test data constitute the remaining 20% of the training data and are used after the NN
training to assess the NN ﬁt.
In the second phase, the complete set of preprocessed satellite
observations was provided as input to the trained NN and corresponding daily estimates of surface soil moisture were computed.
Details regarding the NN methodology, the composition of the training dataset as well as the NN training are discussed in Kolassa et al.
(2016).
2.1.3. Retrieval product
The retrieval product spans the period June 2002 until September 2011. Daily mean estimates of volumetric surface soil moisture
[m3 m −3 ] are provided on an equal area grid with a 0.25◦ spatial
resolution at the equator.
Soil moisture retrievals are computed for each point with at least
one available satellite dataset, such that the ﬁnal product contains
estimates computed from only AMSR-E data, only ASCAT data or a
combination of both. Information on which sensors are used in the
computation is provided alongside with the retrieval product. From
June 2002 until August 2007, only AMSR-E observations are available, so the retrieval product is computed from passive microwave
observations only. For the AMSR-E/ASCAT overlap period of August
2007 to September 2011, data from both instruments are used as
input.
The satellite data are ﬁltered for frozen soil and snow cover as
well as potential RFI (see Section 2.1.1), so that no soil moisture estimates are computed for these points. Two additional post-retrieval
quality ﬂags are applied to the soil moisture estimates here: 1) a
dense vegetation ﬂag based on a leaf-area-index (LAI) climatology
from MERRA (Rienecker et al., 2011) and 2) a ﬂag for high topographic complexity based on the topography index provided with the
TU Vienna soil moisture product (Wagner et al., 2013).
A soil moisture estimate is computed whenever satellite observations are available, however, only data points that were not part of
the training set have been used in the evaluation presented here.
2.2. Evaluation data
2.2.1. In situ data (International Soil Moisture Network)
In situ soil moisture observations from the International Soil
Moisture Network (ISMN) - hosted at the Technical University of
Vienna (Dorigo et al., 2011) - are used to evaluate the NN retrieval
product. The data are provided by different measurement networks
across the globe and are collected and standardized at TU Vienna.
However, the measurement depth, measurement interval, coverage,
station density and measurement method depend on the contributing network and are summarized in Table 1.
Most of the networks listed in Table 1 are located in North America and Europe, which are data-rich regions that are typically well
observed and models tend to be well calibrated here. Of particular interest in this study are the networks located in data-sparse
regions, such as the AMMA and CARBOAFRICA networks in Africa or
the IIT network in India. For these regions it is likely that the satellite
observations will have the highest potential to improve modeled soil
moisture.
The climate and land cover characteristics of the networks are
variable. Some of the networks included span a large area (e.g. SCAN,
USCRN or AWDN), and thus include a number of different climate
regions and land cover types. Other networks, such as REMEDHUS or
CARBOAFRICA, are more localized and typically represent the same
climate and land cover conditions across all stations. The range of
characteristics across the various stations could be used to assess the
NN retrieval skill for different climate regions or land cover classes.
However, because of their different measurement characteristics, the

J. Kolassa et al. / Remote Sensing of Environment 195 (2017) 202–217

205

Table 1
Overview of the characteristics of the ISMN contributing networks.
Network name

Location

# stations

Depth [cm]

Sensor

Range [m3 m −3 ] (accuracy)

AMMA
ARM
AWDN
CAMPANIA
CARBOAFRICA
FLUXNET (US)
FMI
GTK
HOBE
HSC
ICN
IIT
MAQU
MOL
OZNET
REMEDHUS
SASMAS
SMOSMANIA
SCAN
USCRN

Benin, Niger, Mali
USA
USA (Nebraska)
Italy
Sudan
USA
Finland
Finland
Denmark
Korea
USA (Illinois)
India
China
Germany
Australia
Spain
Australia
France
USA
USA

6
29
50
2
1
2
24
7
32
1
19
1
20
2
38
24
14
21
181
115

5
2
10
30
5
7.5
2
10
5
5
5
10
5
8
5
2.5
2.5
5
2
5

CS616
Water Matric Potential Sensor 229L SMP1
ThetaProbe ML2X
ThetaProbe ML2X
CS616
ThetaProbe ML2X; Moisture Point PRB-K
ThetaProbe ML2X
CS616
Decagon 5TE
Hydraprobe Analog (CR800)
Stevens Hydra Probe
Water Scout SM100
ECH20 EC-TM
TRIME-EZ
EnviroSCAN; CS616; Stevens Hydra Probe
Stevens Hydra Probe
CS616; Stevens Hydra Probe
ThetaProbe ML2X
Stevens Hydra Probe
Stevens Hydra Probe

0–0.5 (±0.025)
0.25–0.45 (±0.01)
0–0.5 (±0.02–0.05)
0–0.5 (±0.02–0.05)
0–0.5 (±0.025)
0–0.5 (±0.02–0.05)
0–0.5 (±0.02–0.05)
0–0.5 (±0.025)
0–0.5 (±0.03)
–
0–0.5 (±0.03)
0–0.5 (±0.01)
0–1 (±0.01–0.025)
0–0.4 (±0.02); 0.4–0.7 (±0.03)
0–0.5 (±0.01); 0–0.5 (±0.025); 0–0.5 (±0.03)
0–0.5 (±0.03)
0–0.5 (±0.025); 0–0.5 (±0.03)
0–0.5 (±0.02–0.05)
0–0.5 (±0.03)
0–0.5 (±0.03)

observations from different in situ networks are not necessarily comparable and thus other techniques, such as the triple collocation
analysis discussed in Section 3.3, are used here to evaluate the NN
retrieval for different climate regions and land cover classes.
More networks than the selection presented in Table 1 are available for our study period. However, we imposed a minimum data
point requirement in the evaluation (see Section 3), which was never
met by some networks and they were dropped from the study.
2.2.2. ESA-CCI soil moisture retrieval product
The European Space Agency (ESA) Climate Change Initiative (CCI)
soil moisture retrieval product provides daily estimates of volumetric soil moisture from a combination of independent active and passive microwave sensors. For the study period (2002–2011), ESA-CCI
uses the same sensors as the NN retrieval (AMSRE and ASCAT) with
some additional active and passive microwave sensors when available. However, in contrast to the NN retrieval, the data from both
sensors are not combined in a data fusion approach, but are merged
at the retrieval level. The ASCAT based soil moisture retrieval product from the TU Vienna (Wagner et al., 1999, 2013) and the AMSR-E
retrieval product from the VUA (Owe et al., 2008) are merged a posteriori in an uncertainty-weighted averaging approach (Liu et al.,
2011). Unlike the NN retrieval, the ESA-CCI product only merges
retrievals based on the descending AMSR-E and ASCAT overpasses
(the morning overpasses), for which the difference between the soil
and canopy temperature is minimized. In this study, we use version 2.0 of the ESA-CCI product. The ESA-CCI and the NN retrieval
are using a similar set of microwave sensors as inputs (even though
the ESA-CCI product uses additional sensors and only descending
overpass observations), a comparison of both products provides an
indication of the NN retrieval algorithm skill compared to other
retrieval algorithms.
The ESA-CCI estimates are provided as daily volumetric soil moisture measurements with a spatial resolution of 25 km. For the evaluation analysis, these data are projected onto the equal area grid of the
NN retrieval using a nearest neighbor interpolation. Only soil moisture estimates with the ‘recommended’ quality ﬂag were retained for
the evaluation.
2.2.3. SMOS soil moisture retrieval product
The Soil Moisture and Ocean Salinity (SMOS) mission has been
launched in November 2009 to observe surface soil moisture using
an L-band (1.4 GHz) interferometric radiometer. Here, we use the
daily SMOS Level 3 surface soil moisture retrieval product provided

on the Equal-Area Scalable Earth Grid (EASE) 25 km grid. For our
study, the SMOS data were mapped onto the NN retrieval grid using
a nearest neighbor interpolation and were used as an input to the
triple collocation analysis.
2.2.4. GLDAS modeled soil moisture
The Global Land Data Assimilation System (GLDAS) Noah Land
Surface Model Level 4 product is simulated from the Noah 2.7.1
forced with data from NOAA/GDAS atmospheric analysis ﬁelds,
NOAA Climate Prediction Center Merged Analysis of Precipitation
(CMAP) ﬁelds, and downward shortwave and longwave radiation
ﬁelds from the Air Force Weather Agency’s AGRicultural METeorological modeling system (AGRMET). Output ﬁelds as 3-hourly estimates on a 0.25◦ × 0.25◦ grid for the period 02/2000 until present.
Here, we use GLDAS surface soil moisture estimates that have been
mapped to the NN retrieval grid through a nearest neighbor interpolation and aggregated to daily soil moisture averages. The GLDAS
surface soil moisture data are used as one of the datasets in our triple
collocation analysis.
3. Evaluation methodology
The NN soil moisture retrieval is evaluated against in situ soil
moisture observations and remotely sensed soil moisture. All metrics
have been computed using data points for which all data sets were
available.
3.1. Evaluation with in situ observations
In situ data from the International Soil Moisture Network are
used to evaluate the soil moisture products from the NN and ESA-CCI
retrievals, as well as the ERA-interim/land estimate. The evaluation
is performed by estimating the temporal and anomaly correlation
of the two retrievals and the model with respect to the in situ
observations in each location. Additionally, the spatial correlation
with respect to the in situ observations is computed across in situ
networks covering more than 10 different satellite pixels. Details
regarding the evaluation metrics are provided in Section 3.2.
An evaluation against direct soil moisture observations from
ground stations is very valuable, but there are several limitations
to a comparison between in situ data and a satellite retrieval. Most
importantly, the spatial scales represented by the in situ data (point
measurement) and the satellite product (∼700 km2 ) are highly different (e.g. Gruber et al., 2013). Considering that soil moisture is a
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spatially very heterogenous ﬁeld, this means that even for a perfect
retrieval product, the small scale variations observed in the ground
data might have little direct correspondence with the satellite observations (Crow et al., 2005; Miralles et al., 2010). For the cases where
several in situ stations fall within one satellite pixel, the contributions from all stations are averaged before the evaluation in order
to mitigate the effect of spatial heterogeneity and the representativeness error (Cosh et al., 2004). However, for most networks only
one station falls within each satellite pixel and the representativeness error cannot be mitigated. The difference in spatial scales can
also lead to differences in the soil moisture dynamic range, since soil
moisture variations at a single point tend to be larger than those of
the average soil moisture state over a large area. Additional discrepancies arise from the fact that in situ observations are generally taken
at depths deeper than the satellite instrument penetration depth (10
centimeters compared to 2 centimeters) and since the soil moisture
proﬁle in the upper soil layers can be very steep, this can potentially
lead to large differences. Finally, in situ stations capture a limited
number of land covers and climate regimes that is not representative of the global distribution. As a result, conclusions drawn from an
evaluation against in situ observations cannot readily be transferred
to larger spatial scales.
3.2. Evaluation metrics
Several correlation metrics are used to evaluate the skill of the
NN soil moisture retrieval against in situ soil moisture observations
and GPCP precipitation data. These evaluate the retrieval skill at
capturing the relative soil moisture behavior, such as the temporal
evolution or spatial patterns, but they are also subject to the issues
with the evaluation methodology discussed in Section 3.1. These
metrics also do not permit any assessment of the absolute soil moisture values, as for example an RMSE or other error metrics would.
The reason for this is that the NN soil moisture product and the two
reference datasets (i.e. the in situ soil moisture and the precipitation observations) represent either different variables or the same
variable at very different scales. As discussed in Section 2.2.1 the
ISMN observations are representative of very different spatial and
depth scales than the retrieval products. The GPCP precipitation data
represents a different component of the terrestrial water cycle altogether. As a consequence, an error metric comparing the absolute
values has reduced meaning. For this reason, a conscious decision
has been made here to only use correlation metrics that permit an
evaluation of the NN soil moisture temporal evolution and spatial
patterns while removing the effect of different variances possibly
due to heterogeneities and depth differences.
Spatial correlation Rs : The purpose of the spatial correlation is to
assess the retrieval ability to capture the spatial patterns of the
reference dataset (which can be the in situ data or the GPCP precipitation estimates). At each time step we compute the Pearson
correlation coeﬃcient between the map of retrieved soil moisture and the reference data map yielding one correlation value
per day. A spatial correlation is only computed if at least 10 data
points are available at a given time step. Computing a spatial
correlation with respect to the in situ data is diﬃcult, because
of the different spatial scales represented by the satellite and
ground station data. While absolute values cannot be compared,
the aim here is to assess the retrieval’s ability to capture the relative surface soil moisture spatial pattern on a regional scale. For
this reason, spatial correlations with the in situ observations have
been computed across all stations in a network. For networks
with a station density suﬃcient to have several stations per satellite pixel, this metric is more dependable. For better comparison,
a mean spatial correlation is computed as the average of all daily
spatial correlations with a signiﬁcance level of more than 95%.

Temporal correlation Rt : The temporal correlation is used to
determine the retrieval skill at capturing the soil moisture temporal variability. It is a location-dependent metric computed at
the pixel level. For each pixel the Pearson correlation between the
time series of retrieved soil moisture and the reference data is
computed, yielding one correlation map per retrieval. In order to
ensure a robust metric, a temporal correlation is only computed if
at least 100 data points are available at a given location. For comparison purposes, a mean correlation value is computed as the
average of all correlations with a signiﬁcance higher than 95%.
Anomaly correlation Ranom : To compute the anomaly correlations, the mean seasonal cycle has been removed from the NN soil
moisture and the reference data at each location to obtain a time
series of daily anomalies. The correlations are then computed as
the Pearson correlation coeﬃcient of the soil moisture anomaly
time series and the reference data anomaly time series in each
location, yielding one correlation map. To better compare the data
quantitatively, a mean correlation value has been computed as
the average of all correlations with a signiﬁcance in excess of 95%.
Time series: Time series of the NN soil moisture, the in situ soil
moisture, ERA-interim/land soil moisture, the ESA-CCI retrieval
product and the GPCP precipitation observations have been plotted for a number of in situ locations to better understand the
metric values obtained and to assess the potential causes for
discrepancies between the retrieval and the reference data. The
locations were selected such that areas with good, medium and
poor performances of the NN retrieval were represented. To preserve clarity and better analyze the observed behavior, the time
series plots were truncated to show 1 or 2 years only.

3.3. Triple collocation analysis
The evaluation against the in situ observations provides a spatially limited assessment of the NN retrieval skill that covers a limited
number of climate regimes and land cover types. To estimate the
NN retrieval skill at the global scale, we apply a triple collocation
(TC) analysis (Stoffelen, 1998), which yields a global map of the
NN retrieval error variances. Triple collocation has successfully been
applied in a number of studies to globally evaluate soil moisture
retrieval errors from a set of independent estimates (e.g. Draper et
al., 2013; Lei et al., 2015; Scipal et al., 2008). For comparison, we
also apply TC to the ESA-CCI and ERA-interim/land soil moisture and
compare the resulting error estimates to those of the NN retrieval.
Triple collocation locally resolves the linear relationships
between three soil moisture datasets in order to estimate the spatial
error distribution of each dataset. One of the assumptions made is
that the errors in all three datasets are independent. This assumption
is not met for the NN retrieval, ESA-CCI and ERA-interim/land,
since the three datasets are too dependent (the NN retrieval and
ESA-CCI data are based on the same satellite instruments and the
ERA-interim/land is used to train the NN retrieval). Hence the TC
analysis cannot be applied to the [NN, ESA-CCI, ERA-interim/land]
triplet. Instead, we introduce two additional soil moisture datasets,
a retrieval based on SMOS brightness temperature observations and
modeled soil moisture from GLDAS. The SMOS retrieval product is
based on L-band (1.4 GHz) observations from a multi-angular interferometric system that is signiﬁcantly different from the AMSR-E or
ASCAT instruments. The GLDAS model uses a different land surface
scheme and forcing data than ERA-interim/land and noteworthy differences between the models exist (Decker et al., 2012). It is thus
reasonable to assume that the (unknown) errors of all datasets used
in combination in the TC analysis are uncorrelated. To investigate
the validity of this assumption, we computed the cross-correlations
between all datasets after removing their seasonal cycle (by subtracting the 30-day moving average at each location and time). Similar
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average correlations for all dataset combinations with values on
the order of 0.3 to 0.4 (not shown) indicate that no two datasets
are signiﬁcantly more correlated with each other than with another
dataset. This suggests that the error structures of no two datasets
are more highly correlated either. While these results do not provide conclusive proof, they do indicate that the errors structures of
all datasets are relatively uncorrelated and thus the assumption of
error independence is deemed valid.
The TC is applied three times to a dataset triplet consisting
of the SMOS retrieval product, the GLDAS model and either the
NN retrieval product, the ESA-CCI retrieval product or the ERAinterim/land model. We use the extended triple collocation (McColl
et al., 2014) to estimate the error variance of each dataset in their
respective space (instead of using one dataset as the reference) as
well as a correlation with respect to the unknown truth. To obtain
an error estimate that captures the errors relating to all soil moisture temporal variabilities, we have decided to estimate the TC based
on the raw soil moisture time series (as opposed to anomaly time
series). The error variance and correlation were only estimated for
locations with at least 10 data points that were common to all
datasets and a bootstrapping with 100 samples was applied for a
robust error estimation.

4. Results and discussion
4.1. Evaluation with in situ observations
This section presents the evaluation of the NN and ESA-CCI
retrievals as well as the ERA-interim/land soil moisture ﬁelds against
ISMN in situ observations.
4.1.1. Temporal correlations
Fig. 1 shows the mean temporal correlations between the ground
stations of each network and the soil moisture estimates from the
NN retrieval, the ESA-CCI retrieval and ERA-interim/land. The correlations for the NN retrieval vary strongly depending on the soil
moisture network, with a minimum of 0 for GTK, a maximum of
0.77 for AMMA and a mean of 0.45. The highest skill is obtained in
regions with a strong seasonal cycle - such as Africa (AMMA, CARBOAFRICA) and India (IIT) - or with a low vegetation cover as in
Australia (OZNET). The corresponding skill metrics for ESA-CCI are
lower, with a minimum correlation of −0.17 for GTK, a maximum
correlation of 0.75 for FLUXNET and a mean value of 0.37. Given that
for the most part ESA-CCI and the NN retrieval use the same input
satellite data, this skill difference can be attributed to particularities of the two retrieval algorithms. The NN approach implements
a data fusion technique that optimally combines the satellite data
before the soil moisture estimation. ESA-CCI employs an a posteriori combination approach, computing two separate soil moisture
retrievals from the two sensors and subsequently merging these in
an uncertainty-weighted averaging step. As shown by Aires et al.
(2012) and Kolassa et al. (2013, 2016), a data fusion approach is
better able to exploit the complementary information provided by
different satellite instruments. This is the most likely explanation for
the performance discrepancy between the two retrievals observed
here.
Another factor is the nature of the retrieval algorithm itself. The
NN approach does not explicitly formulate the physical processes
linking the satellite observations to the soil moisture state and is
thus not subject to potential uncertainties in our knowledge of these
processes or their parameterization.
Finally, the NN retrieval uses information from the ascending and
descending overpass of AMSR-E and ASCAT and their relative magnitude, whereas the ESA-CCI product is based on descending overpass
observations alone and uses additional satellite instruments. While
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the descending (morning) overpass is typically considered more suitable for soil moisture retrievals, the additional information from the
ascending overpass might beneﬁt the NN retrieval product.
Overall, the ESA-CCI retrieval product skill at the in situ locations tends to be lower than what has been found in previous studies
(e.g. Albergel et al., 2013; Dorigo et al., 2015; Draper et al., 2009;
Gruhier et al., 2009; Wagner et al., 2007). In particular, Albergel et al.
(2013) who investigated the skill of the ESA-CCI retrieval and ERAinterim/land over the SCAN, SMOSMANIA, REMEDHUS, OzNET and
MAQU networks, found generally higher skill for both products. An
investigation of the time series at various in situ stations showed that
after applying the recommended quality ﬂag and the quality control described in Section 3 the number of data points in the ESA-CCI
time series (and all other datasets as a result of the cross-screening)
was greatly reduced. While the stricter quality control should retain
higher quality data and thus result in an increased correlation, the
reduced number of data points can cause the correlation estimation
to be less robust. It appears that this is the reason for the different
metrics obtained here compared to there studies.
The green circles in Fig. 1 show the temporal correlations
obtained with ERA-interim/land soil moistures. These range from a
minimum of 0.17 for the HOBE network to a maximum of 0.88 for
MOL-RAO with a mean value of 0.53. At the HOBE sites, the model
signal was found to be very ﬂat, which suggests that there may be
an issue with the soil parameterization or the snow scheme of the
model in this region. Overall, the model shows a better skill at capturing soil moisture temporal variations than either of the retrieval
products. There are a number of explanations for this behavior.
First, the model has a signiﬁcant advantage because it uses GPCP
precipitation data as an input and has the precipitation history
embedded into it, which is useful for inferring the current soil moisture state. The retrieval on the other hand relies on instantaneous
satellite observations and does not use past information. As a result,
in regions where good precipitation data (e.g. from rain gauge networks) is available, it is very diﬃcult for a retrieval to outperform a
Land Surface Model (LSM) forced with observed precipitation. Even
a simple LSM, indicating whether it rained or not, could obtain a
good temporal soil moisture correlation and the ERA-interim/land
model used in the comparison here is one of the best LSMs currently available. Using precipitation data in a soil moisture retrieval
could help improve the retrieval quality, however, from an assimilation standpoint, precipitation and soil moisture information should
be kept independent. However, the low retrieval skill also shows that
in many regions the direct sensitivity of the satellite sensors to surface soil moisture is signiﬁcantly smaller than has previously been
assumed.
Second, the in situ comparison presented here favors the model
as a result of the location of the observation networks used. LSMs
tend to perform well in regions where many high quality soil moisture and rain gauge data are available, such as for example North
America or Europe, as they are thoroughly tested over these regions.
The areas where a retrieval can provide signiﬁcant new information and thus help to improve models are the data-sparse regions
like Africa or South America. However - because of their data-sparse
nature - these regions have very few soil moisture in situ stations
and so the retrieval cannot readily be evaluated with in situ observations because of the lack of measurements. In this evaluation, two
measurement networks located in Africa are available, AMMA and
CARBOAFRICA. For both of these the NN retrieval obtains higher correlations than the model (cf. Fig. 1), with values of 0.77 compared to
0.75 for AMMA and 0.73 compared to 0.71 for CARBOAFRICA. These
differences are small, but consistent and indicate that over datasparse regions the NN retrieval captures soil moisture information
complementary to that of the LSM. This is in line with the results
of the AMMA Land Surface Model Intercomparison Project (ALMIP;
Boone et al., 2009), which found deﬁciencies of land surface models
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Fig. 1. Temporal correlations Rt between the in situ data and the NN soil moisture retrieval (red squares), the ESA-CCI soil moisture retrieval (blue diamonds) and the ERA land
soil moisture (green circles). The last entry shows the mean across all networks weighted by the number of stations in each network. The error bars indicate the 95% conﬁdence
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over the AMMA sites. These results suggest that the NN has the ability to transfer information from data rich regions (such as the US)
to data-sparse regions (such as Africa) and thus the NN retrieval
could be assimilated to improve models and their forecasts in these
regions.
Third, the NN retrieval product is computed from microwave
observations alone and does not rely on any ancillary data. Instead,
the various pre-processing methods introduced in Kolassa et al.
(2016) are used to highlight the different surface contributions to the
satellite signal and help the retrieval to account for them. The higher
model skill across many in situ stations suggests that microwave
observations alone may not be suﬃcient to fully capture the soil
moisture signal and the NN retrieval is essentially lacking input
information. This seems to be location dependent, since the NN
retrieval product does perform well for example at the African sites,
so a global assessment of the NN product is required to determine
where additional input information is needed.
One of the major applications for remotely sensed soil moisture is the assimilation into LSMs and Numerical Weather Prediction
(NWP) models in order to improve their forecasting skill. As such, it is
important that the retrieval provides soil moisture information that
is complementary to the model. In that sense, the above correlation
values should be considered in combination with the retrieval capacity of providing complementary information to a LSM. As shown by
Reichle et al. (2008), satellite soil moisture assimilation can improve
model skill even if the skill of the retrieval itself is lower than that
of the open loop model. Indeed, even though the retrieval might not
capture the complete temporal soil moisture evolution as the model
does, it nevertheless captures an aspect of soil moisture variability
that is not contained in the model. Typically, this is the case for (1)
higher frequency soil moisture temporal variations, which tend to be
smoothed out in models, or (2) the soil moisture behavior during the
dry down phase.

4.1.2. Time series analysis
Fig. 2 shows time series plots for a number of stations as examples
of cases when the NN retrieval displays a good, average or poor skill
(as determined by the temporal correlations). The stations chosen
are part of the AMMA, CAMPANIA and AWDN networks respectively.
In addition, a fourth time series for a location in the REMEDHUS network is displayed. This network is one of the few that has high station
density, with six measurement locations within one satellite pixel on
average. It is then possible to average the observations from these
stations in order to obtain a time series that is more representative
of the signal received by the satellite. For the sake of plot clarity,
it has been decided to only plot the time series for 2 years of data
(2008/2009) for the AMMA, CAMPANIA and AWDN stations, and for
one year (2010) for the REMEDHUS station.
Fig. 2a shows the time series for the Wankama station in the
AMMA network, for which the NN retrieval, ESA-CCI and ERA
obtained temporal correlations of 0.74, 0.46 and 0.73 respectively.
Part of the good performance is due to the fact that the NN retrieval
correctly captures the pronounced soil moisture seasonal cycle with
its clear rainy season. High frequency soil moisture variations without correspondence in the in situ data are nonetheless observed
in the dry season. This could be an effect of instrument noise or
atmospheric attenuation of the satellite signal or possibly a result of
surface soil moisture variations not captured by the slightly deeper
ground observations. Generally, both retrieval products and the
model appear to overestimate the in situ soil moisture, despite the
fact that the retrievals have a smaller sensing depth than the in situ
sensor and the model has a deeper representation depth.
Fig. 2b shows the soil moisture time series for the Melizzano
station in the CAMPANIA network, for which the NN retrieval, ESACCI and ERA obtained a correlation of 0.47, 0.12 and 0.77, respectively. Both retrievals and the model show good skill at capturing
the ground data seasonal cycle. However, the higher frequency
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Fig. 2. Time series of NN retrieved soil moisture (red), ERA-interim/land soil moisture (gray), in situ soil moisture observations (blue), ESA-CCI retrieved soil moisture (green)
and GPCP precipitation (purple). The stations represent locations in which the NN retrieval skill is good (AMMA), medium (CAMPANIA) and poor (AWDN) at capturing in situ soil
moisture variability.

variability differs signiﬁcantly. The CAMPANIA observations are
collected at a depth of 30 cm, such that only soil moisture variations with a temporal scale of several days or more are represented
in the in situ signal (Salvucci and Entekhabi, 1994). The combination of good agreement in the seasonal cycle and poor agreement
in the higher frequency variability leads to the lower mean correlation values shown in Fig. 1. For the beginning of the time period,
both retrievals and the model underestimate the in situ soil moisture, whereas after July 2008 the NN retrieval and model capture the
absolute value of the in situ data well. From the in situ time series

it appears that some sensor drift or modiﬁcation may have been
happening in July 2008.
Fig. 2c shows the soil moisture time series for the Concord station in the AWDN network, for which the NN retrieval obtained a
low correlation of 0.32 and ESA-CCI and ERA obtained correlations of
0.42 and 0.36, respectively. While the higher frequency soil moisture
variations as a response to a precipitation event often correspond
well in the NN retrieval and the in situ data, there is large discrepancy in the seasonal cycle represented in both data sets. This is most
evident in March and April of each year, where the retrieval shows
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a soil moisture increase that only occurs several weeks later in the
in situ data. The AWDN network is located in Nebraska, which is
a highly agricultural region. The March/April period corresponds to
the initial growing season of most crops, during which irrigation is
typically applied. It is possible that the satellite observations, being
averaged over large areas, pick up this irrigation signal leading to
high soil moisture values in the retrieval. The in situ stations are
typically isolated and not located on agricultural ﬁelds, so that the
sensors capture only natural, irrigation-free soil moisture variability. Another explanation is the potential residual presence of snow in
the March/April period that has not been ﬁltered and could cause a
spike in the microwave data. Generally, all products are well able to
capture the absolute value of the observed soil moisture.
Fig. 3 shows the time series for the REMEDHUS network, where
several stations were available in each satellite pixel and their time
series have been averaged. The in situ time series in Figs. 3 and 2 are
thus representative of different spatial scales. For the period between
March and April 2010 the model and the NN retrieval product capture the general behavior of the in situ observations well. However,
the NN retrieval is very noisy compared to the model and in situ
observations. On the one hand, this is related to the similarity in
depths represented by the model and in situ soil moistures (7 cm and
5 cm respectively) compared to the satellite observations (1–2 cm).
However, the precipitation time series shows that the signatures in
the NN retrieval are not random, but correspond to small precipitation events. This indicates that these small precipitation events
cause a change in the surface soil moisture state (as captured by the
retrieval), which is not propagated to the deeper layers of the model
and in situ data. One option for a better comparison would thus be to
apply a temporal smoothing ﬁlter to the retrieval data. However, the
averaging window length would have to depend on the soil type and
soil moisture itself (Salvucci and Entekhabi, 1994).
The period of August through September 2010 (Fig. 3) is characterized by a long dry down phase. During this period, the model
displays an almost completely ﬂat soil moisture signal, while some
smaller scale variability can be observed in the retrieval and in situ
data. As discussed before, LSMs are very apt at capturing a wetting
of the soil, because they have access to the precipitation history.
This makes it diﬃcult for a retrieval to provide additional information regarding soil wetting. However, during a dry down phase,
the model skill is strongly driven by the quality of the evaporation
scheme implemented, which tends to be subject to large uncertainties (Jimenez et al., 2011). The retrieval is able to better capture

soil moisture [-]

NN SM

the soil moisture for these scenarios and can thus provide useful
information not contained in the model (Fig. 3). In fact, this information could prove useful in analyzing and improving LSM evaporation
schemes to represent a more realistic behavior.
The September/October 2010 period in Fig. 3 shows several
medium to strong precipitation events that are well captured by the
NN retrieval and the model, but show no corresponding soil moisture increase in the in situ data. The likely explanation for this is
that the precipitation events occurred over the satellite pixel, but
not in the exact locations of the in situ stations and are thus not
captured in these observations. This illustrates once more the diﬃculty of evaluating large scale satellite products against point-scale
ground observations of soil moisture, even when several stations are
available per pixel.

4.1.3. Anomaly correlations
The anomaly correlations between the retrieved and modeled
soil moisture and the in situ observations are summarized in Fig. 4.
Generally, an anomaly correlation could be computed for a smaller
number of networks, because our minimum data point requirement (see Section 3) applied to the estimation of the seasonal cycle
as well as the correlation computation. The NN retrieval obtains a
lowest and highest correlation value of 0.01 and 0.86 respectively,
with a mean anomaly correlation of 0.35. The respective values for
the ESA-CCI retrieval are 0.17, 0.54 and 0.21. The NN retrieval still
shows a better overall performance as a result of its ability to better exploit the complementary information provided by the active
and passive microwave instrument. However, the performance difference between both retrievals is less pronounced than for the
temporal correlations. This indicates that while the ESA-CCI retrieval
has diﬃculties in capturing soil moisture seasonal variations, it is
able to largely reproduce high frequency variabilities. This is in line
with previous studies (e.g. Draper and Reichle, 2015) showing localized issues in the soil moisture seasonal cycle of the AMSR-E LPRM
retrieval, which is one of the constituents of ESA-CCI.
Generally, the skill of the ESA-CCI and ERA-interim/land products
is lower than what Albergel et al. (2013) found in a comparable study.
As discussed before, this appears to be an artifact of the data quality
control implemented here that removes more data points than the
quality control of Albergel et al. (2013). Nevertheless, assessment of
the relative skill of the three soil moisture products investigated here
is valid, since the quality control applied is identical for all datasets.
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The absolute values of the temporal and anomaly correlations for
the NN soil moisture are very similar, indicating that the retrieval is
equally able to capture soil moisture seasonal as well as daily (short
term) variabilities. For some stations, especially in semi-arid regions,
the anomaly correlations are even higher than the temporal correlations. This demonstrates that the NN retrieval is particularly suited
for capturing the instantaneous response to precipitation events in
these regions.
Regarding the anomaly correlations, the performance of both
retrieval products is closer to that of the model than for the temporal correlations, and for some stations the retrievals are even yielding
higher correlations than the modeled soil moisture. This illustrates
that the retrieval captures the higher frequency soil moisture variations well, in particular the behavior during the dry down phase, and
is able to provide independent information not captured by LSMs.
In the context of data assimilation the better seasonal information
from the model and better short term information from the retrievals
could be merged to yield an optimal soil moisture product.
4.1.4. Spatial correlations
Fig. 5 shows the spatial correlations with respect to the in situ
data for the NN retrieval, ESA-CCI and ERA-interim/land. Due to
the constraints on the number of data points required to compute
a signiﬁcant correlation, a correlation could only be computed for
7 of the ground networks. Compared to the model the retrieval is
able to better capture the soil moisture spatial patterns for two
networks, OZNET and MAQU, which are both characterized by stations with moderate vegetation cover. In these regions, the satellite
observations have a more direct sensitivity to soil moisture.
The spatial performance of the ESA-CCI retrieval is mostly lower
than that of the NN retrieval. As discussed before, this is most likely
an effect of the different synergy strategies implemented by both
products and the resulting better ability of the NN retrieval to use the
complementary ASCAT and AMSR-E information.

For the remainder of the in situ networks, the NN retrieval spatial
skill is lower than that of the model. However, as discussed earlier,
a precipitation-independent retrieval with a lower skill can nevertheless be able to improve the model skill in a data assimilation
context, because it can provide independent information not available to the model. In particular, retrievals tend to better capture
ﬁner scale spatial patterns compared to LSMs, which are often spatially smoothed out as a result of the large scale forcing data used.
In this context, the NN retrieval has an additional advantage over
other retrieval products, since it provides soil moisture estimates in
the model framework. For other satellite products, the data need to
be bias corrected and matched to the model dynamic range. This is
typically implemented through a pixel-level CDF-matching approach
that has the side-effect of discarding the spatial information of the
retrieval data (Reichle and Koster, 2004). Since the NN soil moisture is already expressed in the model frame, no global bias between
the NN estimates and the target data exists. Local biases can still
be present, but these correspond to differences in the observed and
modeled soil moisture state, rather than instrument or calibration
biases.
Fig. 6 shows the spatial correlations for the same networks but
separated according to the different seasons. The ability of the NN
retrieval to capture the soil moisture spatial patterns at a given network can vary signiﬁcantly throughout the year. On the one hand
this is related to the variable number of data points available to
compute the correlation as a result of the screening for snow cover,
frozen soils and dense vegetation. On the other hand, the spatial
correlation is impacted by changes in the soil moisture sensitivity of the microwave sensors due to changes in e.g. the vegetation
cover. Generally, the relative performance of the three soil moisture
products is maintained throughout the year, with the modeled soil
moisture having the highest skill at most stations, followed by the
NN retrieval product and the ESA-CCI product. Spatial correlation
differences between ERA-interim/land and the NN retrieval product
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appear to be smallest in spring and summer, indicating that the
reduced data availability in winter has a strong impact on the spatial
correlations.
4.2. Triple collocation results
To assess the skill of the NN retrieval product, the ESA-CCI
retrieval product and the ERA-interim/land modeled soil moisture
at a global scale, we applied a TC analysis for each soil moisture
dataset separately. Soil moisture estimates from the SMOS retrieval
and GLDAS model were used as the additional two TC input datasets
in order to ensure independence of the errors. For all soil moisture
datasets, we estimated the error standard deviation and correlation
with the truth in each location.
To ensure that the error estimates from the three dataset triplets
are comparable, we ﬁrst investigated the consistency of the error
estimates obtained for SMOS and GLDAS (not shown here), which
are the two datasets that are common to each triplet. Only very
minor differences between the SMOS and GLDAS errors estimated
from each triplet were found and thus the error estimates for the
NN retrieval product, the ESA-CCI retrieval product and the ERAinterim/land were considered comparable despite the fact that they
were estimated in three separate TC analyses.
Fig. 7 shows maps of the error standard deviation s for the NN
retrieval product, the ESA-CCI product and the model, and Fig. 8
shows the corresponding maps for the coeﬃcient of determination.
We have decided to map the coeﬃcient of determination R2 rather
than the correlation coeﬃcient in order to mitigate the sign ambiguity that can occur for TC correlation estimates (McColl et al., 2014).
Generally, all three soil moisture datasets have similar spatial structures and magnitudes in terms of the errors and the coeﬃcient of
determination. Both the errors and the R2 -values seem to scale with
soil moisture variability, with high values where this soil moisture
signal is strong (e.g. the transition zones) and low values where the
soil moisture signal is small and noisy (e.g. arid regions).
The NN retrieval product has lower errors and higher R2 than
the ESA-CCI or model soil moisture in Southern Africa and Southeast

Amazonia. The NN retrieval errors are also lower over high-latitude
boreal regions, however, the coeﬃcients of determination of all three
products are comparable in this region. This suggests that the NN
retrieval product has lower random errors than the model at high
latitudes.
Generally, the retrieval obtains higher R2 and lower errors than
the model over all of Africa and South America, which supports our
previous ﬁnding that the NN retrieval is well able to capture the soil
moisture signal in these data sparse regions. This means that through
the assimilation of the NN retrieval product, land surface models
can be informed and improved in regions where they are not well
calibrated due to a lack of ground observations.
Over the Eastern US, the NN retrieval product has higher errors
and lower R2 compared to the ESA-CCI retrieval and the ERAinterim/land model. The East-West split in the NN retrieval R2 -values
over the US suggests that the surface temperature effect is not
suﬃciently accounted for, despite the attempt to highlight this contribution in the input data (see Kolassa et al., 2016). The ESA-CCI and
ERA-interim/land products also show a lower skill in the Eastern US
compared to the West, but the split is much less pronounced than
for the NN retrieval. This suggests that in energy limited regions,
microwave observations alone are not suﬃcient to retrieve soil
moisture with a NN approach.
The NN retrieval also has high errors and low R2 -values over
the US corn belt, where it is capturing the irrigation signal (see
Section 4.1.2). GLDAS does not model the irrigation process and
SMOS has been found to not capture the irrigation signal very well
over the US (Kumar et al., 2015). It is thus possible that the high NN
retrieval errors in the corn belt are an artifact of the TC favoring the
datasets that are more similar (SMOS and GLDAS in this case).
Overall, the TC analysis shows a very similar performance of
the two retrieval products and the model soil moisture. The NN
retrieval is slightly better at capturing the soil moisture signal over
data sparse regions such as Africa and South America and thus has
a strong potential there to inform a model through data assimilation. In energy-limited regions the NN retrieval has a lower skill than
the ESA-CCI retrieval product and the model, probably because the
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Fig. 6. Same as Fig. 5, but separated according to season. Shown are the spatial correlations for (a) December–January–February, (b) March–April–May, (c) June–July–August and
(d) September–October–November.

surface temperature contribution to the satellite signal is not well
accounted for.
5. Conclusions and perspectives
In this study a neural network soil moisture retrieval, based on
the synergy of ASCAT active and AMSR-E passive microwave observations, has been evaluated against in situ soil moisture observations
from the International Soil Moisture Network. The performance of
the NN retrieval was compared to the respective performance of the

ESA-CCI retrieval product and modeled surface soil moisture ﬁelds of
ERA-interim/land. For a global error assessment, a triple collocation
analysis was applied to all three soil moisture products, using SMOS
and GLDAS soil moistures as additional inputs to the TC algorithm.
The NN based retrieval captures the observed in situ spatial and
temporal soil moisture variations well, with a mean temporal correlation, anomaly correlation and spatial correlation of 0.46, 0.35 and
0.21, respectively. For most ground stations the NN retrieval yields
a better performance than the ESA-CCI retrieval product computed
from a similar sensor combination. These results support previous
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Fig. 7. Error standard deviation (s) estimated from TC for (a) the NN retrieval product, (b) the ESA-CCI retrieval product and (c) the ERA-interim/land modeled soil moisture.
White areas correspond to regions where less than 10 common data points were available and no error was estimated.

ﬁndings that data fusion retrieval algorithms, which merge data
from different sensors at the observation level, are better able to
exploit the complementarity of these observations than algorithms
that merge data at the retrieval product level.
Regarding the temporal correlation with the ground data, the NN
retrieval generally obtained lower values than the ERA-interim/land
model. This is largely related to the fact that the model has more
information on the current and past meteorology and has been
thoroughly tested in regions with a high number of in situ stations. It could be shown that in data-sparse regions, such as Africa,
the retrieval is better able to capture soil moisture temporal variations and can thus provide valuable independent information to

land surface models. Additionally, an analysis of soil moisture time
series showed that the NN retrieval better represents the soil moisture behavior during the dry down phase and would thus be useful
for improving our understanding of land surface processes, in particular the heat and energy exchange between the land and the
atmosphere.
A triple collocation analysis showed that at the global scale,
the errors of the NN and ESA-CCI retrieval products and the ERAinterim/land model have very similar spatial structures and magnitudes. The NN retrieval had a higher skill than the model over Africa
and South America, underlining the potential of the retrieval product to inform a model in these data sparse regions. A lower skill of
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Fig. 8. Same as Fig. 7, but for the coeﬃcient of determination R2 .

the NN retrieval compared to the model in the energy-limited Eastern US suggested that the NN retrieval performance in these regions
could be improved through the use of some ancillary data to account
for the surface temperature.
While the results presented here show that, on their own, satellite retrievals have diﬃculties competing with the performance of
land surface models at capturing soil moisture temporal variations,
it was also shown that the retrievals capture valuable independent
soil moisture information not captured by the models. In particular
in data sparse regions as well as during the soil dry down phase, the
retrieval is able to provide important independent information on
soil moisture temporal behavior. Considering spatial patterns, where
the retrieval is often able to outperform the model, the importance

of the independent information provided by satellite observations
becomes even more signiﬁcant. This is of particular importance
in a data assimilation context, where the localized CDF-matching
bias correction typically implemented tends to remove the retrieval
spatial structures.
The natural next step is thus to merge the information provided by models and satellite retrievals in a data assimilation
scheme (Aires et al., 2005). The NN based retrieval has the particular advantage of providing soil moisture ﬁelds compatible with
those of a model and can thus reduce the need for a bias correction before assimilation. Since traditional bias correction methods
tend to signiﬁcantly alter the spatial patterns of the assimilated satellite product, the assimilation of a NN retrieval has the potential to
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capitalize more on the independent information provided by satellite
observations.
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