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Abstract—This study investigates the quality of Advanced Scatterometer (ASCAT) surface soil moisture (SSM) retrievals with respect to other SSM products derived from the passive Soil Moisture
and Ocean Salinity (SMOS) mission and two reanalysis datasets,
i.e., the JRA-55 and the ERA-Interim. In particular, the purposes
of this study are to 1) characterize the global error structure of the
satellite products, 2) understand the spatiotemporal variability of
SSM at global scale, and 3) investigate in which areas the assimilation of satellite data may add value to reanalysis. For these purposes, we applied standard statistical methods as well as triple collocation analysis (TCA) for estimating signal-to-noise ratios (SNR).
In line with previous studies, we ﬁnd large and spatially variable
biases between all four datasets, but overall spatiotemporal dynamics as reﬂected in Hovmöller diagrams agree well. With the
exception of arid and semiarid environments, ASCAT performs
better than SMOS in terms of both its correlation with the models
and the SNR. As a result of TCA, we recognize the potential areas
for assimilation of ASCAT data, characterized by a high SNR of the
satellite data compared to the models, to be the savanna regions in
Africa and Central Asia, southwestern North America, and eastern
Australia.
Index Terms—Advanced Scatterometer (ASCAT), data assimilation, soil moisture, Soil Moisture and Ocean Salinity (SMOS),
triple collocation.

I. INTRODUCTION
OIL moisture is one of the key components of the water cycle. Despite its total mass is small compared to other water
storages, it has a large effect in numerical weather prediction,
especially on surface temperature and humidity [1]. Because
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of the high spatiotemporal variability of soil moisture at small
scales [2], soil moisture is difﬁcult to monitor on regional to
global scales using in situ observations. This is because the
setup and maintenance of dense in situ networks capable of
reﬂecting large-scale soil moisture patterns well is challenging
and costly. Nonetheless, some regions in the United States, Europe, and Australia start to be well covered by in situ networks
[3], which are key to validating and further improving regional
to global-scale soil moisture datasets, which may be derived by
remote sensing, land surface modeling, and/or reanalysis.
From satellites, the most direct way of measuring soil moisture is via the use of active and passive microwave remote sensing instruments operating in the 1–10-GHz range [4]. Two satellite missions speciﬁcally designed for measuring soil moisture
are the Soil Moisture and Ocean Salinity (SMOS) mission of
the European Space Agency (ESA) launched in 2009 [5] and
the Soil Moisture Active Passive (SMAP) mission launched by
the National Aeronautics and Space Administration in 2016 [6].
Both SMOS and SMAP operate at L-band (1–2 GHz), whereas
after the early failure of the active measurement mode of SMAP,
both missions deliver now only passive microwave measurements at a resolution of about 40 km. Adding to the capabilities
of these two experimental missions, there are several operational active and passive microwave sensors, which provide soil
moisture measurements at C-band (4–8 GHz) and X-band (8–
12 GHz). One of these instruments is the Advanced Scatterometer (ASCAT), which is an active microwave sensor operated at
5.255 GHz ﬂown on board of the series of three METOP satellites. Like for its predecessor instrument, the scatterometer on
board of the European Remote Sensing Satellites (ERS), its primary mission objective is to monitor winds over the oceans. Yet,
given the long-term nature and quality of the ASCAT soil moisture products, the number of ASCAT soil moisture applications
has been growing steadily since the launch of the near real-time
(NRT) ASCAT soil moisture services in 2008 [7]. Wagner et al.
[8] formulated the soil moisture retrieval algorithm for the ERS1/2 scatterometer, and the authors of [9] and [10] adapted it for
use with the ASCAT.
One of the most important applications of the NRT ASCAT soil moisture data services is numerical weather prediction
(NWP). Motivated by a number of successful NWP assimilation experiments, several meteorological forecast centers have
already started to use the ASCAT soil moisture data for ver-
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TABLE I
MAIN CHARACTERISTICS OF THE SOIL MOISTURE PRODUCTS
Soil Moisture Products
ASCAT
SMOS level 3
(SMOSL3)
JRA-55

ERA-Interim

Spatial Resolution
25 km/12.5 km
sam-pling
0.25◦
∼
0.562◦
(640 × 320 Reduced
Gaussian)
∼
0.703 ◦
(512 × 256 Reduced
Gaussian)

Observation Time
09:30 (Descending) and 21:30 (Ascending) overpass (Local Solar Time)
06:00 (Ascending) and 18:00 (Descending) overpass (Local Solar Time)
6 hourly (Product data time interval)

6 hourly (Product data time interval)

iﬁcation and assimilation. The U.K. Met ofﬁce, for instance,
started to operate a nudging scheme-based assimilation system
in 2010 [11], which led to improved screen-level parameters
over the Tropics, in Australia and in North America. Also the
European Center for Medium-range Weather Forecasts
(ECMWF) implemented an assimilation system in 2010, which
is based on a simpliﬁed extended Kalman ﬁlter, and also showed
improvements of the screen-level parameters and the soil moisture forecasts [12].
The validation of remotely sensed soil moisture datasets is
often based on relative intercomparison with in situ data that are
considered as ground “truth” [13], [14]. However, the large-scale
mismatch of these measurement systems (point measurements
versus spatially integrating satellite footprints) gives rise to representativeness errors, which often exceed the actual retrieval
errors of the dataset under validation [15], [16]. Also, in situ
networks cover only a small fraction of the land surface and are,
therefore, not sufﬁcient for comprehensively validating satellite
datasets under all possible climate and land cover conditions
[3]. A common alternative is to compare satellite retrievals with
the output from land surface models [17], which might be similar in their spatial resolution and globally available, but contain
signiﬁcant modeling errors themselves and their quality is often
not well characterized [18].
Triple collocation analysis (TCA) [19], [20] is a method that
can mitigate these issues. It estimates the individual random
error variances or signal-to-noise ratios (SNR) of three spatiotemporally collocated datasets of the same geophysical variable without requiring any of them to be selected as supposedly
error-free reference. Furthermore, it can provide unbiased error
or SNR estimates even in the presence of representativeness
errors [20].
In this study, soil moisture retrievals from ASCAT and SMOS
as well as modeled soil moisture from ERA-Interim and JRA-55
are validated by means of TCA and the most common relative
performance intercomparison metrics, i.e., the correlation coefﬁcient (R), the bias, and the unbiased root-mean-square difference (ubRMSD) [21]. TCA assumptions are tested by investigating the consistency between satellite error estimates when
exchanging the third dataset (i.e., the land surface model) in the
triplet. Moreover, Hovmöller diagrams are calculated to investigate the spatiotemporal consistency of the datasets. Finally, we
investigate the potential of ASCAT and SMOS observation for
improving reanalysis data. This is, to our best knowledge, the

Sampling depth and units

Reference

∼

0–1 cm Degree of saturation
(%)
∼
0–3 cm Volumetric SSM
contents (m3 /m3 )
0–2 cm Volumetric SSM contents (m3 /m3 )

Bartalis et al.
(2007)
Kerr et al. (2012)
(2012)
Kobayashi et al.
(2015)

0–7 cm Volumetric SSM contents (m3 /m3 )

Dee et al. (2011)

ﬁrst study that 1) investigates global error properties of remotely
sensed and modeled soil moisture datasets by means of the SNR
following the suggestion of [20] and [22] and 2) applies TCA
on soil moisture estimates from the JRA-55 model.
Datasets are described in Section II and their main characteristics are summarized in Table I. Preprocessing steps and
methods are described Sections III and IV, respectively. Results
are shown in Section V.

II. DATASETS
A. Metop ASCAT Soil Moisture
The ASCAT is an active microwave radar (C-band,
5.255 GHz), and it is part of the payload on-board the series
of Meteorological Operational Platforms (Metop satellites) operated by European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT). The ﬁrst satellite (Metop-A)
was launched in October 2006 and the second one (Metop-B) in
September 2012. The third and last satellite (Metop-C) is currently scheduled for 2018. ASCAT is measuring the normalized
radar cross section from the Earth surface under various azimuth
and incidence angle combinations with a revisit time of one to
two days. The original purpose of the ASCAT instrument is to
monitor wind speed and direction over the ocean, but research
has shown that the data can also be used for land applications,
such as monitoring of soil moisture [9].
In this study, we use the Metop-A ASCAT DR2015 soil
moisture 12.5-km sampling data record provided by the EUMETSAT Satellite Application Facility (SAF) on support
to operational hydrology and water management (H-SAF,
http://hsaf.meteoam.it). The spatial resolution of the dataset is
25–34 km × 25–34 km sampled on an Earth-ﬁxed discrete
global grid with a regular spacing of 12.5 km × 12.5 km. The
unit of the relative surface soil moisture estimates is degree of
saturation, with 0% corresponding to dry and 100% to saturated
soil water conditions. If volumetric units are required, porosity
information can be used to translate degree of saturation (%)
to absolute units (m3 /m3 ). Global soil porosity information of
the top layer (0–0.40 m) derived from the Harmonized World
Soil Database (version 1.0) is available on the ESA-CCI website (http://www.esa-soilmoisture-cci.org) and has been used to
translate the Metop ASCAT surface soil moisture to absolute
units.
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Fig. 1. (a) Correlation (p ≤ 0.05), (c) bias (ERA-Interin – JRA-55), and (e) ubRMSD between ERA-Interim and JRA-55. (b) Correlation (p ≤ 0.05), (d) bias
(SMOS – ASCAT), and (f) ubRMSD between SMOS and ASCAT.

Only measurements from morning (descending) overpasses
have been used in this study following [8], [14], [23] which
reported that these seem to be more sensitive to soil moisture
changes, which might be explained by a stronger near-surface
and root-zone coupling during this time of the day [24].

de Traitement des Données SMOS (CATDS) [25]. The latter
makes use of a multiorbital retrieval technique and is projected
on the EASE grid. In our analysis, we make use of the SMOS
Level 3 (SMOSL3) surface soil moisture product, which has
been recently reprocessed using CATDS processor’s version
300 (DPGS version v620).

B. SMOS Soil Moisture
The SMOS mission started as ESA’s second Earth Explorer
Opportunity Mission and was launched in November 2009.
SMOS carries a single payload, an L-band (1.4 GHz) 2-D interferometric radiometer (microwave imaging radiometer using
aperture synthesis, MIRAS) measuring the microwave energy
emitted from Earth’s surface [5]. MIRAS consists of a central
structure and three deployable arms (Y-shape) with 69 equally
distributed antenna elements. In order to achieve a suitable spatial resolution to monitor SMOS, the antenna aperture has been
synthesized by the multitude of small antennas. The multiangular and full-polarization brightness temperature measurements
are used to retrieve surface soil moisture over landmasses with
a spatial resolution of 35–50 km and a revisit time of one to
three days.
The SMOS surface soil moisture product is provided in volumetric units (m3 /m3 ) and available either in swath geometry (Level 2) from ESA’s Data Processing Ground Segment
(DPGS) or in global mode (Level 3) from the Centre Aval

C. JRA-55 Reanalysis
The Japanese 55-year Reanalysis (JRA-55) is the second
global atmospheric reanalysis [26] produced by the Japan Meteorological Agency (JMA). It covers the period from 1958 to
present and is based on a four-dimensional variational analysis
(4D-VAR) for all periods. The land surface analysis in the JRA55 is an ofﬂine version of the JMA Simple Biosphere model
[27], [28]. Surface soil moisture is provided as degree of saturation, associated with the 0–2 cm (topmost) soil layer and
available 6 hourly on a spectral model grid at TL319 resolution
(approx. 55 km). Porosity data are applied using the vegetation
types from [29] along with a guideline given in [30].
D. ERA-Interim Reanalysis
ERA-Interim is the latest global atmospheric reanalysis produced by the ECMWF [31]. It covers the period from 1979 until
present using a 4D-VAR system with a 12 h analysis window
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Fig. 2. (a) Correlation (p ≤ 0.05), (c) bias (JRA-55 – ASCAT), and (e) ubRMSD between JRA-55 and ASCAT. (b) Correlation (p ≤ 0.05), (d) bias
(JRA-55 – SMOS), and (f) ubRMSD between JRA-55 and SMOS.

and the TESSEL land surface scheme [32], [33]. The surface
soil moisture data used in this study are associated with the
0–7 cm (topmost) soil layer and is available 6 hourly with a
spatial resolution of approximately 80 km (spectral T255).

the ubRMSD, which are deﬁned as follows:
σxy
R= 
σx2 σy2
bias = x̄ − ȳ

III. PREPROCESSING
Each dataset is resampled to a regular 1.25◦ × 1.25◦ grid using a nearest-neighbor search. The Generic Mapping Tool [34]
has been used for this purpose. Invalid satellite measurements
have been masked prior to the analysis. The Metop ASCAT soil
moisture values were ﬁltered using the attached processing ﬂag.
The SMOS L3 product includes a Data Quality Index (DQX)
and the probability of radio frequency interference (RFI). Retrievals were ﬁltered on days where the DQX equals the ﬁll value
and/or where the RFI-probability >10%. In addition, measurements of both ASCAT and SMOS have been ﬁltered out on
days where the soil temperature was less than 0◦ Celsius or
snow depth was larger than 0 cm (according to ERA-Interim estimates). The temporal period of analysis was January 2010 to
December 2013.

IV. METHODS
A. Standard Performance Metrics
Relative intercomparison between the datasets was performed
using the linear Pearson correlation coefﬁcient (R), the bias, and


ubRMSD =

1
((xi − x̄) − (yi − ȳ))2
n

(1)

(2)
(3)

where x and y are the spatiotemporally collocated datasets, n is
the number of data pairs, σxy is the covariance between x and
y, and σx2 and σy2 are the variances of x and y, respectively. The
overbar represents the temporal mean of a variable.
B. Hovmöller Diagram
A Hovmöller diagram represents the temporal evolution of
spatially continuous data. The abscissa shows the time and the
ordinate the dataset values averaged either over all latitudes or
over all longitudes [35]. Here, we use the longitudinal averages
for analyzing the consistency between the datasets in capturing
mean seasonal global soil moisture dynamics [36].
C. Triple Collocation Analysis
In this study, we apply TCA [19] to estimate the SNRs of
the datasets, which provide the most meaningful measure for
quality intercomparison [20], [22]. Their estimation is based on
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Fig. 3. (a) Correlation (p ≤ 0.05), (c) bias (ERA-Interim – ASCAT), and (e) ubRMSD between ERA-Interim and ASCAT. (b) Correlation (p ≤ 0.05), (d) bias
(ERA-Interim – SMOS), and (f) ubRMSD between ERA-Interim and SMOS.

a linear error model of the form
i = αi + βi θ + i

V. RESULTS AND DISCUSSION
A. Comparison Between JRA-55 and ERA-Interim
(4)

where i ∈ [X, Y, Z] are three spatially and temporally collocated datasets, θ is the unknown true soil moisture value, αi
and βi are systematic additive and multiplicative biases of
dataset i with respect to the true state, and i represents additive zero-mean random noise. Notice that the random errors
of the datasets are assumed to be mutually uncorrelated and
orthogonal (i.e., independent from the true soil moisture state).
Different direct and indirect representations of the SNR can
be estimated through TCA [20], [22], [37]. Here, we use the
logarithmic SNR as proposed by Gruber et al. [20], which is
estimated as

SNRi [dB] = 10 log


 2 2
σi2 σjk
βi σθ
− 1 = 10 log
(5)
σij σik
σ2i

where βi2 σθ2 represents the signal variance of dataset i, which
can be considered as its sensitivity to soil moisture changes,
and σ2i represents the random error variance. For a detailed
derivation of (5), we refer the reader to [20].

Fig. 1(a), (c), and (e) shows the correlation, the bias, and
the ubRMSD between ERA-Interim and JRA-55, respectively.
Almost all areas show strong positive correlation (∼0.6 on average), while the smallest values (<0.2) are observed in the
Sahara, from northern China to central and eastern Siberia, in
Alaska and over Greenland. ERA-Interim soil moisture estimates are slightly wetter (∼0.05 m3 /m3 ) in most areas, while it
is much wetter (more than 0.10 m3 /m3 ) in arid regions such as
from the Arabian Peninsula to northeastern China, southwestern parts of South America, Australia and South Africa. JRA-55
soil moisture estimates are wetter mainly in the Mississippi river
basin in the U.S., the Amazon region, and in areas east of the
Lena river.
Notice that ERA-Interim assimilates “SYNOP” observation
data (in particular 2 m temperature and humidity), whereas
no assimilation is performed in the JRA-55 model, which
might partly explain the observed differences between the
two models, in particular the large ubRMSD values. However, further investigation is required for an in-depth understanding of these differences, which is beyond the scope of this
paper.
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2013 Hovmöller diagrams for (a) JRA-55, (b) ERA-Interim, (c) ASCAT, and (d) SMOS.

B. Comparison Between Metop ASCAT and SMOS
Fig. 1(b), (d), and (f) shows the correlation, the bias, and the
ubRMSD between SMOS and ASCAT, respectively. Notice that
no estimates are available in large parts of Eurasia due to RFI
contamination in SMOS data. Tropical forests are also masked
as it is not possible to retrieve soil moisture in these regions. Almost all regions show positive correlations except for the Sahara
Desert and some parts of Canada. SMOS retrievals are consistently dryer in almost all regions with the largest differences
(>0.2 m3 /m3 ) being observed over high latitudes, which likely
results from a systematic soil moisture overestimation of ASCAT in those areas due to issues in the retrieval model parameter
estimation [38].
C. Comparison Between Reanalysis and Satellite
Soil Moisture
Fig. 2 shows the correlation, the bias, and the ubRMSD
between JRA-55 and the two satellite products, respectively,
and Fig. 3 shows the correlation, the bias, and the ubRMSD between ERA-Interim and the two satellite products, respectively.
ASCAT correlates well with both models with the highest
values (>0.8) occurring over Africa, India, the Indochina
peninsula, and southeastern Brazil and lower to slightly
negative correlations occurring over Siberia and arid regions,
most prominently the Sahara desert and the Arabian Peninsula.
In terms of the bias, ASCAT retrievals are wetter than both
JRA-55 (more than 0.10 m3 /m3 ) and ERA-Interim (more than
0.05 m3 /m3 ) in most high-latitude areas for the above described
reason and—compared to JRA-55—in most arid regions (about
0.05 m3 /m3 ). Notice that these biases might also partly result

from errors in the FAO porosity estimates, which were used
to convert ASCAT retrievals to volumetric units. Correlation
patterns for SMOS look quite similar but with lower magnitudes
(for both positive and negative correlations) and without the
strong negative correlation in arid regions. Moreover, SMOS
shows a strong dry bias in almost all regions when compared to
ERA-Interim, and also in northern latitudes as well as central
Africa and South America when compared to JRA-55.
D. Hovmöller Diagram
Hovmöller diagrams for all datasets are shown in Fig. 4. One
can see that all datasets generally resolve the same mean seasonal global soil moisture dynamics, for example, the distinct
seasonal changes around the equator which are related to Monsoon changes and the intertropical convergence zone. While
the overall patterns of all datasets agree well, ERA-Interim and
SMOS show a lower variability, and ASCAT and SMOS show
higher frequency components. The latter indicate a larger sensitivity to short-term events, probably because of their more
shallow sensing depth as opposed to the deeper-layer model
structure, which basically acts as a low-pass ﬁlter on surface
soil moisture dynamics. Notice that also the aforementioned
wet bias of ASCAT in high latitudes (> 60◦ N) is well represented in the Hovmöller diagram, most prominently in the
spring and early summer season.
E. Triple Collocation Analysis
Fig. 5 shows the TCA-based SNR estimates when using JRA55, ASCAT, and SMOS as triplet (left), and when using ERAInterim, ASCAT, and SMOS as triplet (right). The two individual
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Fig. 5. SNR [dB] estimates for (a) JRA-55, (c) ASCAT, and (e) SMOS (used together as triplet in TCA), and for (b) ERA-Interim, (d) ASCAT, and (f) SMOS
(used together as triplet in TCA).

SNR estimates for ASCAT and SMOS (see Fig. 5(c) and (d),
and Fig. 5(e) and (f), respectively) are in good agreement when
exchanging the model dataset, which can also be seen in Fig. 6.
Discrepancies are fairly random and can be attributed to estimation uncertainties due to limited sample size [39], which is conﬁrmed by the increasing spread with increasing latitude where
the number of observations decreases due to masking of frozen
and freeze/thaw conditions. This good agreement between the
individual SNR estimates indicates that TCA assumptions are
not violated.
Low SNRs for all datasets are observed in high latitude areas
and arid regions (less than −8.0 dB). These are expected since
these areas are known to be difﬁcult for spaceborne soil moisture
retrieval. Also, they are scarce in ground meteorological observations, which poses a challenge for land surface modeling and
reanalysis.
ERA-Interim performs slightly better (more than 2.0 dB) than
JRA-55 while showing very similar spatial SNR patterns overall. This may result from the use of very similar forcing data,
while ERA-Interim additionally assimilates “SYNOP” observation data (see Section V-A), which typically reduces random
errors and should, therefore, be reﬂected in the SNR.
ASCAT shows higher SNRs (more than 2.0 dB) than SMOS
in large parts of southern America, central and southern Africa,

and Europe. SMOS performs better mainly over Australia and
the western U.S. Overall, ASCAT seems to perform generally
better in more densely vegetated areas, whereas SMOS seems
to show a better performance in more sparsely vegetated regions. This is particularly striking as the lower frequency L-band
SMOS observations are commonly expected to be less sensitive
to vegetation coverage than the C-band ASCAT observations
[6]. However, results are consistent with other studies, which
found that active soil moisture retrievals seem to outperform
passive retrievals in more densely vegetated areas regardless of
the wavelength [40], [41]. This suggests that while microwave
frequency is important, there are also other factors that have
a strong impact on soil moisture retrieval accuracy, including
but not limited to the radiometric resolution, polarization, measurement geometry, and sensing principles (e.g., active versus
passive).
Notice that spatial SNR patterns for ASCAT and SMOS
slightly deviate from random error patterns shown in other
studies such as [41] as the SNR takes also the soil moisture
signal variability into account [20], [42]. Such differences can
be found, for instance, in areas north of the Sahel, where low
SNRs (less than −6.0 dB) are observed for both ASCAT and
SMOS, while retrievals are seemingly accurate when looking
into error variances only, or as another example in Brazil where
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Fig. 6. Comparison of SNR [dB] estimates for ASCAT (a) and SMOS (b) when using JRA-55 to ﬁll the triplet (x-axis) and when using ERA-Interim to ﬁll the
triplet (y-axis). Colors represent the latitude.

Fig. 7.

SNR [dB] differences: (a) ASCAT—JRA-55, (c) SMOS—JRA-55, (b) ASCAT—ERA-Interim, and (d) SMOS—ERA-Interim.

ASCAT shows very good SNR values (more than 8.0 dB), while
error variances are quite high.
Fig. 7 further shows the SNR differences between ASCAT and
the two land surface models, as well as SMOS and the two land
surface models. ASCAT outperforms the modeled datasets in
northern regions, eastern Australia, central and southern Africa,
large parts of South America, and the central US. SMOS shows
higher SNRs (more than 3.0 dB) than the modeled datasets
especially in large parts of Australia, some parts in southern
Africa and southern America, and the more western parts of
the U.S. In most of these regions, the model forcing data has
a signiﬁcantly reduced station density, which may explain the
observed superiority of the satellite observations there.
Notice that these SNR differences carry important information about the potential utility of the satellite datasets for
data assimilation. The purpose of data assimilation is to improve the quality of model estimates whenever observations are

available. The weight that is given to a model estimate and
an observation during an update step is directly determined
by their respective random error variance, while systematic
errors are usually corrected for by rescaling the observations
into the model space. Therefore, differences between the SNRs
of the model and the observation dataset, as shown in Fig. 7,
can provide an indication about the potential skill improvement when assimilating these observations as was already found
by Draper et al. [42].
Consequently, the largest skill improvements are expected in
regions where the SNRs of the observations exceed those of
the model (e.g., large parts of Africa and Southern America
for ASCAT, or large areas in western Australia for SMOS).
Regions with an opposite sign in the SNR differences (i.e.,
higher SNRs for the model than for the observations) might
still beneﬁt from assimilating the observations, yet there may
be a physical boundary when the SNR drops below 0 dB,
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which represents the point where the noise variance starts to
exceed the signal variance. Assimilating such observation will
probably no longer add information to the model estimates.
However, further research is needed to quantitatively assess the
relationship between absolute and relative SNR magnitudes and
the actual skill gain upon assimilation.
VI. CONCLUSION
In this study, we investigated the performance of spaceborne
soil moisture retrievals from ASCAT and SMOS against two reanalysis datasets (JRA-55 and ERA-Interim) by means of classical intercomparison metrics (i.e., correlation coefﬁcients, biases,
and unbiased root-mean-square differences) as well as SNR estimates gleaned from TCA. Results indicate good consistency
among the two satellite products and the two model datasets.
Largest differences are observed in tropical forests, arid regions,
and high latitudes (i.e., areas with long frozen periods). SNR
differences between modeled and satellite-based soil moisture
estimates were used to locate areas where large improvements in
modeling skill can be expected upon assimilation of the satellite
observations. In general, ASCAT seems to be more promising
for data assimilation than SMOS. Future research will include
the quantitative assessment of the relationship between SNR
properties and the utility for data assimilation.
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