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A series of satellite-based passive and active microwave instruments provide soil moisture retrievals spanning
altogether more than three decades. This offers the opportunity to generate a combined product that incorpo-
rates the advantages of both microwave techniques and spans the observation period starting 1979. However,
there are several challenges in developing such a dataset, e.g., differences in instrument specifications result in
different absolute soil moisture values, the global passive and active microwave retrieval methods produce
conceptually different quantities, and products vary in their relative performances depending on vegetation den-
sity. This paper presents an approach for combining four passive microwave products from the VU University
Amsterdam/National Aeronautics and Space Administration and two active microwave products from the
Vienna University of Technology. First, passivemicrowave soil moisture retrievals from the ScanningMultichan-
nel Microwave Radiometer (SMMR), the Special Sensor Microwave Imager (SSM/I), and the Tropical Rainfall
Measuring Mission microwave imager (TMI) instruments were scaled to the climatology of the Advanced
Microwave Scanning Radiometer — Earth Observing System (AMSR-E) derived product and then all four were
combined into a single merged passive microwave product. Second, active microwave soil moisture estimates
from the European Remote Sensing (ERS) Scatterometer instrument were scaled to the climatology of the
Advanced Scatterometer (ASCAT) derived estimates. Both were combined into a merged active microwave
product. Finally, the twomerged products were rescaled to a common globally available reference soil moisture
dataset provided by a land surfacemodel (GLDAS-1-Noah) and then blended into a single passive/active product.
Blending of the active and passive data sets was based on their respective sensitivity to vegetation density.While
this three step approach imposes the absolute values of the land surface model dataset to the final product, it
preserves the relative dynamics (e.g., seasonality and inter-annual variations) of the original satellite derived
retrievals. More importantly, the long term changes evident in the original soil moisture products were also pre-
served. The method presented in this paper allows the long term product to be extended with data from other
current and future operational satellites. The multi-decadal blended dataset is expected to enhance our basic
understanding of soil moisture in the water, energy and carbon cycles.

© 2012 Elsevier Inc. All rights reserved.
1. Introduction

Passive and active microwave satellites have been shown to
provide useful retrievals of near-surface soil moisture variations at re-
gional and global scales (e.g., Hutchinson, 2003; Jackson et al., 2002;
Lakshmi et al., 1997; McCabe et al., 2005; Njoku et al., 2003; Owe
et al., 2008; Pellarin et al., 2009; Shi et al., 2010; Wagner et al., 1999,
2003). A series of satellite-based passive microwave sensors with a
potential for soil moisture retrieval at a global scale have been
available for several decades, including the Scanning Multichannel
mental Engineering, University
5779.
.edu.au (Y.Y. Liu).

rights reserved.
Microwave Radiometer (SMMR) onboard Nimbus-7 (1978–1987), the
Special Sensor Microwave Imager (SSM/I) of the Defense Meteorologi-
cal Satellite Program (since 1987), the microwave imager from the
Tropical Rainfall Measuring Mission (TRMM) (since 1997), the Ad-
vanced Microwave Scanning Radiometer — Earth Observing System
(AMSR-E) onboard the Aqua satellite (2002–2011), and more recently,
the Soil Moisture and Ocean Salinity (SMOS since late 2009) and the
Aquarius (Le Vine et al., 2007). From the active microwave aspect,
the first global satellite-observed soil moisture product was acquired
by the scatterometers (SCAT) onboard the European Remote Sensing
satellites (ERS-1/2) from 1991 to 2011, and the Advanced Scatterom-
eter (ASCAT) onboard theMeteorological Operational satellite program
(MetOp) launched in October 2006. In forthcoming years, numerous
new satellite missions with microwave instruments are scheduled for
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launch (e.g., Soil Moisture Active Passive (SMAP, Entekhabi et al.,
2010), AMSR-2 on the first Global Change Observation Mission for
Water research (GCOM-W, http://www.jaxa.jp/projects/sat/gcom_w)
and the Argentine Microwaves Observation Satellite (SAOCOM,
http://www.conae.gov.ar)). The primary characteristics of these new
satellite missions lie in (1) lower observation frequencies (e.g., SMOS,
SMAP and SAOCOM) and (2) enhanced instrumental accuracy
although the observation frequency is the same as AMSR-E (e.g.,
AMSR-2). Both characteristics are expected to lead to higher signal-
to-noise ratio and consequently soil moisture retrievals with higher
accuracy (Albergel et al., 2012; Parrens et al., 2011).

Various retrieval algorithms have been developed for surface soil
moisture estimation from microwave satellite observations (e.g.,
Jackson et al., 2002; Njoku et al., 2003; Owe et al., 2008; Wagner
et al., 1999; Wen & Su, 2003). The algorithm developed by VU Univer-
sity Amsterdam in collaboration with the National Aeronautics and
Space Administration (VUA-NASA) can be used for all bands in the
passive microwave domain (Owe et al., 2008) to provide soil mois-
ture retrievals derived from different passive microwave instruments.
The change detection algorithm developed by Vienna University of
Technology (TU-Wien) has been applied on ERS-1/2 and ASCAT
(Bartalis et al., 2007; Wagner et al., 1999) and provides a global
satellite-based active microwave soil moisture product from early
1991 onward.

A number of previous studies used in situ observations to evaluate
the performance of these remotely sensed soil moisture products
(Albergel et al., 2009; Brocca et al., 2010, 2011; Ceballos et al., 2005;
Draper et al., 2009; Gruhier et al., 2010; Mladenova et al., 2011;
Rudiger et al., 2009; Wagner et al., 2007). These studies suggest that
the VUA-NASA passive microwave products show good agreement
over bare to sparsely vegetated regions, but decreasing performance
with increasing vegetation cover, a feature it has in common with
other passive microwave retrieval algorithms. The TU-Wien active
microwave products present good agreement over moderately vege-
tated regions. As a result, the performances of VUA-NASA passive and
TU-Wien active microwave products are rather similar over the
regions with low to moderate vegetation density. Over densely vege-
tated regions, e.g., tropical forests, neither product can provide rea-
sonable surface soil moisture estimates as the dense canopy masks
out the signals emitted from the soil surface (for passive observa-
tions) or scatters back the active radiation before it can reach the
soil surface (for active observations). In addition to evaluation against
in situ measurements, Scipal et al. (2008) and Dorigo et al. (2010)
applied the triple collocation approach (Parinussa et al., 2011a;
Stoffelen, 1998) to three global soil moisture products with independent
error characteristics: VUA-NASA passive microwave, TU-Wien active
microwave and model simulated soil moisture. Results of these
studies confirmed that VUA-NASA passive microwave products have
lower uncertainties than the TU-Wien active microwave products
over sparsely vegetated regions while the latter performs better over
moderately vegetated areas. The studies show that their errors are
comparable over regions with low to moderate vegetation density.

Several studies demonstrated the feasibility and advantages of
blending observations from different satellite sensors to obtain im-
proved products in various fields, e.g., snow estimates (Foster et al.,
2011), ocean color (Maritorena et al., 2010), atmospheric tempera-
ture (Christy et al., 1998), sea surface temperature (Guan &
Kawamura, 2004) and vegetation (Gobron et al., 2010). Given the
fact that both VUA-NASA and TU-Wien products provide long term
global soil moisture estimates and have varying quality related to
vegetation cover, combining them into a single product is expected
to generate a satellite derived soil moisture product that combines
the advantages of either product. However, there are several issues
that need to be resolved before accomplishing this objective. First,
no single satellite covers the entire period. Second, the currently
available VUA-NASA passive and TU-Wien active microwave products
are conceptually different: that is, they provide a product expressed
in terms of volumetric soil moisture (m3 m−3) and degree of satura-
tion (dimensionless), respectively, which prevents merging them
directly. Third, the accuracy of passive and active microwave products
varies as a function of vegetation cover, making the selection of the
better retrieval a nontrivial task, particularly where both products
have comparable performances.

As a first step toward a long term global soil moisture dataset that
combines the advantages of both passive and active microwave
products, Liu et al. (2011a) developed an approach for merging the
VUA-NASA AMSR-E and the TU-Wien ASCAT products. Prior to merg-
ing the AMSR-E and ASCAT soil moisture values were rescaled against
GLDAS-1-Noah soil moisture using a cumulative distribution function
(CDF) matching technique (Liu et al., 2009; Reichle & Koster, 2004) in
order to adjust them to the same range and distribution. Although
this imposed the absolute values of GLDAS-1-Noah product on the
rescaled satellite products, it preserved the relative dynamics of the
original satellite derived products. Comparison with in situ measure-
ments indicated that where the correlation coefficient between
rescaled AMSR-E and ASCAT was higher than 0.65, using both passive
and active retrievals in the merged product increased the number of
observations while minimally changing the accuracy of the single
soil moisture products. These areas agreed closely to “transition
regions” between sparsely and moderately vegetated regions. In
these areas, both AMSR-E and ASCAT were used in the final merged
product. In the other areas, depending on vegetation density, either
the AMSR-E or ASCAT product was used. Therefore, the final merged
product carries the relative dynamics of the original soil moisture
retrievals and increases the number of observations over “transition
regions”.

The current paper extends the work of Liu et al. (2011a) by devel-
oping a method to merge soil moisture estimates from six historical
and present passive and active microwave soil moisture datasets
into a single dataset. Details about the VUA-NASA passive microwave,
TU-Wien active microwave, GLDAS-1-Noah simulated products, and
in situ soil moisture measurements used in this study are provided
in Section 2. Section 3 demonstrates the approaches of merging four
passive microwave products into one dataset, merging two active
microwave products into one dataset, and then blending both into
the final product. Section 4 evaluates the blended product against in
situ measurements and discusses the influences of data manipulation
on the blended product. The last section summarizes the approach
developed in this paper and puts forward suggestions for further
research.

2. Data sources

Soil moisture products used in this study include passive micro-
wave retrievals by VUA-NASA (Owe et al., 2008), active microwave
retrievals by TU-Wien (Wagner et al., 1999), simulations from
GLDAS-1-Noah (Rodell et al., 2004) and in situ measurements.
Major characteristics of relevant passive and active microwave
instruments and GLDAS-1-Noah model are presented in Table 1.

2.1. Passive microwave products (VUA-NASA)

The VUA-NASA algorithm, based upon the Land Parameter
Retrieval Model (LPRM) of Owe et al. (2008), can be applied for all
frequencies in the microwave domain. In the context of our study, it
uses the horizontal and vertical polarization brightness temperatures
of the 6.6/6.9 GHz (C-band), 10.7 GHz (X-band) and 19.3 GHz (Ku-
band) channels, and the vertical polarizations of the 36.5/37 GHz
(Ka-band) channel which all instruments have in common. In the
algorithm, the land surface temperature is estimated from Ka-band
brightness temperature (Holmes et al., 2009). Subsequently, the veg-
etation optical depth (VOD) and soil dielectric constant are derived

http://www.jaxa.jp/projects/sat/gcom_w
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simultaneously (Meesters et al., 2005). The VOD is a dimensionless
parameter that can be interpreted as being directly proportional to
vegetation characteristics (primarily vegetation water content, but
also structure, salinity, and temperature), varying with wavelength
of the sensor, and viewing angle (Jackson & Schmugge, 1991;
Kirdyashev et al., 1979). Finally, the soil moisture content (m3 m−3)
is solved from the dielectric constant using the Wang–Schmugge
model (Wang & Schmugge, 1980). It should be noted that VUA-
NASA soil moisture and vegetation optical depth products are not
available when the land surface temperature is below zero or under
snow conditions, which are determined according to Holmes et al.
(2009).

In this study we only use soil moisture retrievals and vegetation op-
tical depth acquired by night time overpasses (specified as
occurring between 19:00 and 08:00 local time), as near surface land
surface temperature gradients are normally reduced at night and
more robust retrievals are obtained (De Jeu, 2003; Owe et al., 2008).
The C-, X-, and Ku-band soil moisture estimations represent the top
few millimeters to centimeters of the soil, depending on the wave-
length and soil wetness (Kuria et al., 2007). A strong effect of radio fre-
quency interference (RFI) on the AMSR-E C-band retrievals is observed
over the United States, Japan, the Middle East and other limited areas
(Njoku et al., 2005). Over regions with strong to moderate RFI in the
C-band soil moisture retrievals from AMSR-E X-band were used in-
stead (see Li et al., 2004 for the definition of strong and moderate RFI).

2.2. Active microwave products (TU-Wien)

MetOp is a sun synchronous polar orbiting satellite at an altitude
of approximately 800 km. The ERS satellites had similar orbits and
local overpass times, i.e., MetOp roughly 1 h earlier than ERS. SCAT
onboard ERS and ASCAT onboard MetOp operate at similar frequen-
cies (i.e., 5.3 GHz C-band) and share a similar design principle.
Three antennas on the side of the ERS SCAT ground track with a
500-km swath width, oriented to broadside and ±45° of broadside,
make sequential observations of the backscattering coefficient of
each point of interest from three directions. Compared with SCAT on-
board ERS, ASCAT has three antennas on each side of its track and
thus doubles the swath width (i.e., 1100 km).

The ERS SCAT data coverage is variable spatially and temporally
because of conflicting operations of the synthetic aperture radar
(SAR) onboard ERS. In addition, due to the failure of the gyroscope
of ERS-2, the distribution of scatterometer data was temporarily dis-
continued from January 2001 (Crapolicchio & Lecomte, 2005). In
June 2003, two onboard tape recorders became unusable, which
caused the loss of global coverage and limited data availability to
regions where direct contact with ground receiving stations was
possible, i.e., Europe, North Africa and North America. In September
2011 ERS-2 was switched off. MetOp ASCAT has a consistent global
coverage since late 2006.

Soil moisture estimates are provided by a change detection
algorithm originally developed for SCAT onboard ERS (Wagner et
al., 1999) and applied to ASCAT with minor adaptations (Naeimi et
al., 2009). Soil moisture variations are adjusted between historically
lowest (0%) and highest (100%) values, producing a time series of
relative soil moisture for the topmost centimeters of the soil. Unlike
the passive microwave observations, the active microwave signal
has hardly any sensitivity to soil temperature and thus soil moisture
retrievals from both ascending and descending overpasses were
used in this study. A frozen soil and snow cover mask was applied
to the active data sets. Masking was based on the ERA-Interim reana-
lysis product, which is the latest global atmospheric reanalysis pro-
duced by the European Centre for Medium Range Weather Forecasts
(ECMWF), covering the period since 1979 (Dee & Uppala, 2009;
Simmons et al., 2007a,b; Uppala et al., 2008). Both passive and active
soil moisture products were resampled into a 0.25° regular grid and
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daily averages were calculated if a grid cell had more than one value
per day.

2.3. Land surface model product (GLDAS-1)

A soil moisture product from the GLDAS-1-Noah land surface
model with 3-hour temporal interval and 0.25° spatial resolution is
available for 2000 onward (ftp://agdisc.gsfc.nasa.gov/data/s4pa/).
The model is forced by a combination of NOAA/GDAS atmospheric
analysis fields, spatially and temporally disaggregated NOAA Climate
Prediction Center Merged Analysis of Precipitation (CMAP) fields,
and observation-based downward shortwave and longwave radiation
fields derived using the method of the Air Force Weather Agency's
Agricultural Meteorological system (Rodell et al., 2004).

In Noah, the vertical profiles of sand and clay are taken into
account by using a four-layered soil description with a 10-cm thick
top layer. Soil moisture dynamics of the top layer are governed by
infiltration, surface and sub-surface runoff, gradient diffusion, gravity
and evapotranspiration.

The original unit of Noah soil moisture is kg m−2 which was
converted to volumetric soil moisture (m3 m−3) for this study. Essen-
tially, the Noah soil moisture is only used to provide a reasonable
range/distribution of daily soil moisture variations, which will be
illustrated and elaborated in Section 3. In this study, we used the soil
moisture simulations of 0:00 UTC to represent daily value. Another
option is to take the average of all Noah soil moisture estimates within
a day to represent daily value, i.e., eight soil moisture estimates per day
corresponding to a 3-hour temporal interval. The range and distribution
of soil moisture variations of both options over the 9-year period
(2000–2008) are rather similar, thus the choice of either option will
not make a difference.

Apart from the 3-hourly 0.25° Noah simulation, GLDAS-1 also in-
cludes the Community Land Model (CLM), Mosaic, the Variable
Infiltration Capacity (VIC) and Noah models with 1.0° spatial resolu-
tion and monthly temporal interval (Rodell et al., 2004). To investi-
gate the influence of model choice on the final blended product, the
surface soil moisture derived from these four GLDAS-1 models are
compared over the period 2000 through 2008. The soil moisture
from these four 1.0° GLDAS-1 models was converted to volumetric
soil moisture (m3 m−3) by taking account of their individual upper
soil layer depths (1.8, 2, 10, and 10 cm for CLM, Mosaic, VIC and
Noah, respectively). The frozen soil and snow cover mask based on
ERA-Interim reanalysis product was also applied to the GLDAS-1 soil
moisture data sets.

2.4. In situ measurements

In situ measurements are used to evaluate whether the temporal
variations in the original six microwave soil moisture products are
Table 2
Comparison of major characteristics of in situ soil moisture measurements used in this
study. Numbers of in situ stations and grid cells covered are shown (more than one in
situ stations located within the same 0.25° grid cell in some networks).

Network In situ
stations

0.25° grid
cell

Time period Depth
(cm)

Land cover/use

AMMA 7 4 Jan 2005–Dec 2008 5 Natural
rangeland,
crops, wooded
savanna

REMEHDUS 21 5 Jan 2005–Dec 2008 5 Crops
OZNET 38 23 Jan 2001–Dec 2008 5–8 Agriculture,

grassland
SASMAS 14 7 Jan 2001–Dec 2008 5 Agriculture,

grassland
USDA-ARS 4 4 Jun 2002–Dec 2008 5 –

ARM 22 22 Feb 1996–Dec 2008 5 –
preserved in the final blended product. Ideally, in situ measurements
for this purpose would be continuous (e.g., daily) measurements
covering the period of the six microwave instruments as much as pos-
sible. Accordingly, we selected in situ soil moisture measurements
from 6 networks from four continents: the OZNET (Young et al.,
2008) and SASMAS (Rudiger et al., 2007) networks in south-east
Australia, the AMMA (Lebel et al., 2009) network in Africa, the
REMEDHUS (Martinez-Fernandez & Ceballos, 2005) network in
Europe, and the ARM network (http://www.arm.gov) and USDA-
ARS (Jackson et al., 2010) dense network in North America (see
Table 2 and Fig. 1 for details). In general, the in-situ measurements
represent approximately the top 5–8 cm of the soil, comparable
with estimates derived from microwave observations. The climate
types include semi-arid, temperate, Mediterranean and tropical.
Predominant land cover types around these measurement stations
are pasture, crops, and grasslands, which can be considered as low
to moderate vegetation density. Data were downloaded from the
International Soil Moisture Network website (Dorigo et al., 2011,
http://www.ipf.tuwien.ac.at/insitu/). If a station has more than one
measurement per day, then all values for that day were averaged.
Where there were multiple in situ monitoring stations located in
one 0.25° grid cell, their daily averages of soil moisture measure-
ments (i.e., average of the absolute soil moisture values) were taken
to represent the daily value for that grid cell.

3. Methods

The blending approach developed in this analysis consists of:
(1) merging the original passive microwave product into one prod-
uct; (2) merging the original active microwave products into one
product; and (3) blending the two merged products into one final
dataset (Fig. 2). This three-step blending approach is elaborated in
more detail in the following sections.

3.1. Scaling and merging passive microwave products (1979–2008)

3.1.1. Relationship of different products
Differences in sensor specifications, particularly in microwave

frequency and spatial resolution, result in different absolute soil
moisture values from SMMR, SSM/I, TMI and AMSR-E (see Fig. 3 for
an example). Even though SMMR and AMSR-E have a similar
frequency (i.e., C-band), their absolute values are different. The
temporal relationships between the various products need to be
better understood in order to reconstruct and merge these data into
a single passive microwave product. To do this, the correlation
coefficients between different soil moisture products are calculated
over their overlapping period using Spearman correlation analysis.
The Spearman analysis does not require any assumptions about the
nature of the relationship (as long as it is monotonic; Helsel &
Hirsch, 2002). The Pearson correlation coefficient, a measure of linear
relationship between two variables (Helsel & Hirsch, 2002), is also
calculated in some cases as it allows for some insight into the linearity
of the different relationships (e.g. a difference between Spearman and
Pearson coefficients indicating departure from linearity).

The AMSR-E soil moisture retrievals are expected to be more
accurate than the other passive products due to the relatively low
microwave frequency and high temporal and spatial resolution of
the sensor. Parinussa et al. (2011b) developed an analytical solution
to quantify errors associated with soil moisture estimates and
confirmed that the accuracy of VUA-NASA soil moisture retrievals in-
creases with decreasing vegetation density and/or greater observa-
tion wavelength, a result also supported by the triple collocation
analysis in Dorigo et al. (2010). Thus, soil moisture retrievals from
AMSR-E are selected as the reference with which retrievals from
other instruments are compared. The signals in the multi-year soil
moisture products consist primarily of seasonal cycles and responses

ftp://agdisc.gsfc.nasa.gov/data/s4pa/
http://www.arm.gov
http://www.ipf.tuwien.ac.at/insitu/


Fig. 1. Location of the in situ soil moisture stations used in this study, including ARM and USDA-ARS networks in the USA, REMEDHUS in Spain, AMMA in the Sahel, and OZNET and
SASMAS in southeast Australia. The background is the annual average vegetation optical depth (VOD) during 2002–2008 derived from AMSR-E.
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to rainfall events. Over regions with strong seasonal cycles (i.e.,
apparent rainy and dry seasons) the correlation coefficients between
two soil moisture products may be dominated by this seasonality,
even if they have discrepant inter-annual variations and responses
to rainfall events.

To understand whether retrievals from SSM/I, TMI and AMSR-E
capture the same seasonality, inter-annual variations and responses
Fig. 2. Overview of the three-step blending approach from original products t
to rainfall events, we decomposed the original time series of different
products into their seasonality and anomalies, and then calculated the
correlation coefficients of seasonality and anomalies between differ-
ent products, respectively. The retrievals from SSM/I, TMI, and
AMSR-E used here overlap from July 2002 through December 2007.
The seasonality for each sensor was calculated by taking the average
of the same day of the year for their overlapping period. The
o the final blended active and passive microwave soil moisture products.
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Fig. 3. The original time series of four passive microwave soil moisture products for the grid cell centered at 13.875°N, 5.875°W (Niger River Basin in southern Mali).
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seasonality (SM) is one time series of 366 values, each value for 1 day
of the year (DOY), as below.

SMDOY ¼
X2007

YR¼2002

SMYR
DOY

 !,
N ð1Þ

where YR represents the year 2002 through 2007; N represents the
number of valid soil moisture retrievals. The value of SM366 is only
taken from the year 2004 as that is the only leap year (i.e.,
366 days) between 2002 and 2007. The anomalies (ANO) over their
Fig. 4. Correlation coefficient between TMI and AMSR-E soil moisture for (a) original values
(c) The difference between RORI-SP and RANO-SP (i.e., a minus b). Tropical rain forests were m
individual entire periods were obtained by removing the sensor's sea-
sonality SM from the original (ORI) time series, as below.

ANOYR
DOY ¼ ORIYRDOY−SMDOY ð2Þ

where YR represents the year 1987 through 2007 for SSM/I, 1998
through 2008 for TMI, and 2002 through 2008 for AMSR-E.

The Spearman and Pearson correlation coefficients for both the
original values and anomalies were calculated between TMI and
SSM/I and the AMSR-E product (hereafter referred to as RORI-SP and
RANO-SP for Spearman correlation, and RORI-PE and RANO-PE for Pearson
(RORI-SP) and (b) anomalies (RANO-SP) for the period July 2002 through December 2007.
asked out attributed to the high vegetation density.
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Fig. 5. Spearman correlation coefficient between SSM/I and AMSR-E soil moisture for (a) original values (RORI-SP) and (b) anomalies (RANO-SP) for the period July 2002
through December 2007. (c) The difference between RORI-SP and RANO-SP (i.e., a minus b).
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correlation). Spearman correlation coefficients between TMI and
AMSR-E are displayed in Fig. 4. For the values of RORI-SP, approximately
30% are above 0.8 and around 75% are above 0.6 (Fig. 4a). The values
of RANO-SP are generally lower than RORI-SP, particularly over the regions
with distinct wet and dry seasons. This means that the seasonal
cycles captured by TMI and AMSR-E products are similar over these
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Fig. 6. Seasonality of AMSR-E and SSM/I soil moisture retrievals and GPCC precipitation derived from the period July 2002–December 2007, over all pixels with negative values
within the six regions outlined in Fig. 5c. Soil moisture and precipitation over north-eastern China from November through March are not available, primarily due to the below-
zero surface temperature and snow coverage.
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regions and that they make a considerable contribution to the high
values of RORI-SP. After removing the contribution of seasonal cycles,
about 50% RANO-SP values are above 0.6 (Fig. 4b), indicating that both
TMI and AMSR-E products capture similar processes in addition to the
seasonal cycles, e.g., rainfall events and inter-annual variations. The
behavior of the Pearson correlation coefficients, i.e., RORI-PE and RANO-PE,
are very similar to the results in Fig. 4 (results not shown), which
indicates that the relationship between soil moisture retrievals from
TMI and AMSR-E is very close to linear.

The SSM/I soil moisture estimates are expected to be less accurate
than AMSR-E due to their higher measuring frequency and more
obvious effects of vegetation attenuation. Nevertheless, over regions
with low vegetation density, the values of RANO-SP are generally
above 0.4, amongst which 50% are higher than 0.6 (Fig. 5b). This indi-
cates that soil moisture related processes (e.g., rainfall events and
inter-annual variations) conveyed by SSM/I anomalies seem reason-
able over these sparsely vegetated regions.

When it comes to the Pearson correlation coefficients between
SSM/I and AMSR-E, the differences between RORI-PE (RANO-PE) and
RORI-SP (RANO-SP) are higher than the differences between TMI and
AMSR-E, which indicates that the relationship between SSM/I and
AMSR-E soil moisture retrievals tends to depart from the linearity.
However, the difference between RORI-PE and RANO-PE (i.e., RORI-PE

minus RANO-PE) is quite similar as the difference between RORI-SP and
RANO-SP (i.e., RORI-SP minus RANO-SP, as shown Fig. 6c). Results from
both Spearman and Pearson correlation coefficients show that RORI

between SSM/I and AMSR-E are lower than RANO over regions with
distinct wet and dry seasons, which suggests that the seasonal cycles
captured by SSM/I and AMSR-E differ over these regions.
To uncover which of the two products provides the most reliable
climatology, we compared the monthly average of soil moisture re-
trievals from SSM/I and AMSR-E with the gage based gridded Global
Precipitation Climatology Centre (GPCC) precipitation (Rudolf &
Schneider, 2005; Rudolf et al., 2010). Results of this comparison
indicates that the seasonal cycles of AMSR-E are in agreement with
precipitation patterns, and that the problem lies in the reproduction
of seasonal cycles in SSM/I data (Fig. 6). To identify whether the devi-
ating seasonal cycles are due to the observation frequency or to other
sensor characteristics, we applied the LPRM to 18.7 GHz channel of
AMSR-E (similar frequency to SSM/I) and compared the soil moisture
retrievals (both original and anomalies) from AMSR-E 6.9 and
18.7 GHz (Fig. 7). The problem of the seasonal cycle is also observed
in the AMSR-E 18.7 GHz retrievals, which indicates that the most likely
reason for this problem is related to the atmospheric effects on the high
microwave frequency rather than the SSM/I instrument. The approach
to correct atmospheric influences on SSM/I and AMSR-E 18.7 GHz
signals at the brightness temperature level is currently under further
investigation. For this study we addressed the problem by reconstruct-
ing SSM/I soil moisture retrievals based on SSM/I anomalies and
AMSR-E seasonality, which is illustrated in the next section.

The SMMR platform, i.e., Nimbus-7, had a very short overlapping
period with the SSM/I sensor, and no overlap with the other two
sensors. The lack of coincidence between sensors prevents the calcu-
lation of correlation coefficients of original soil moisture retrievals
and anomalies between SMMR and other sensors, thus allowing
only a comparison of seasonality. Fig. 8 illustrates that retrievals
from SMMR capture the similar seasonal pattern as AMSR-E over
most regions. The areas with negative correlation coefficients are
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Fig. 7. Spearman correlation coefficient between AMSR-E 6.9 GHz and 18.7 GHz soil moisture for (a) original values (RORI-SP) and (b) anomalies (RANO-SP) for the period July 2002
through December 2007. (c) The difference between RORI-SP and RANO-SP (i.e., a minus b).
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generally bare soil regions, e.g., Sahara, central Australia and north-
west China. The minimal annual variations in soil moisture over
these regions, different sensor and algorithm specifications, and
different observation periods (with almost two decades apart), are
the most likely causes for the negative correlation coefficients ob-
served here.
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Fig. 8. Correlation coefficients between SMMR seasonality derived from January 1979 to August 1987 and AMSR-E seasonality derived from July 2002 to December 2007 (N=366).
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3.1.2. Rescaling and merging
Based on the analysis presented above, soil moisture retrievals

from SMMR, SSM/I, TMI and AMSR-E were rescaled and merged on
a pixel basis according to the following steps:

1. Rescale original TMI against the AMSR-E reference using the
piece-wise linear cumulative distribution function (CDF) matching
technique based on their overlapping period (cf. Fig. 3 in Liu et al.,
2011a) (Fig. 9a).

2. Decompose SSM/I andAMSR-E time series into their own seasonality
and anomalies (Fig. 9b). Note that the seasonality is calculated over
their overlapping period (July 2002–December 2007, as shown in
Eq. (1)) rather than over their individual entire period and the
anomalies are derived by removing their own seasonality (calculated
over the period July 2002–December 2007) from the original prod-
ucts as shown in Eq. (2) (Fig. 9b).

3. Rescale “anomalies of SSM/I” against “anomalies of AMSR-E” using
the piece-wise linear CDF matching technique (Fig. 10c).

4. Add the AMSR-E seasonality to the “rescaled SSM/I anomalies”
(from Step 3) and obtain reconstructed SSM/I (Fig. 9d).

5. Merge the reconstructed SSM/I, rescaled TMI, and original AMSR-E
to obtain the merged SSM/I-TMI-AMSR-E dataset (Fig. 9e). The
lower the measurement frequency, the more accurate soil mois-
ture retrievals can be expected. Therefore here AMSR-E is used
for July 2002–December 2008 and the rescaled TMI is used
for January 1998–June 2002 between N40° and S40°. Otherwise
the reconstructed SSM/I is used.

6. The overlapping period between SMMR and other sensors is so
short that we cannot perform the rescaling as conducted on re-
trievals from other sensors. In order to incorporate SMMR
(1979–1987) soil moisture retrievals into the merged product,
we assumed that the dynamic range of SMMR retrievals is the
same as the range of merged SSM/I-TMI-AMSR-E dataset. Follow-
ing this assumption, we produced the rescaled SMMR (Jan 1979
to August 1987) by matching the CDF curve of SMMR against
that of the merged SSM/I-TMI-AMSR-E dataset for each grid cell.

Together with the merged SSM/I-TMI-AMSR-E dataset, we
obtained the merged SMMR–SSM/I–TMI–AMSR-E soil moisture
product covering the period January 1979–December 2008, hereafter
referred to as “merged passive microwave product” (Fig. 9f). It should
be emphasized that the CDF matching process changes the absolute
values of SMMR, SSM/I and TMI products, but does not change the
relative dynamics of the original retrievals, which is demonstrated
in Liu et al. (2011a).
3.2. Scaling and merging active microwave products (1991–2008)

The soil moisture time series from ERS SCAT and ASCAT for the
same grid cell used in Fig. 3 are plotted in Fig. 10a. The ERS SCAT
and ASCAT soil moisture variations are calibrated between the lowest
(0%) and highest (100%) values over their individual operational
period, which requires further adjustment to combine them. The
limited overlap in time (i.e., a few months) and space (i.e., only
Europe, Northern America and Northern Africa) rules out the global
adjustment method based on the information of their overlapping
period. That is, the method applied between TMI and AMSR-E cannot
be applied between SCAT and ASCAT.

Retrievals from ASCAT and SCAT capture similar seasonal cycles
over most places on the globe (Fig. 11). Over arid regions (e.g., interi-
or Australia, the Sahara), the correlation coefficients between ASCAT
and SCAT seasonal cycles are low, which may be related to the mini-
mal seasonal variations in soil moisture over these regions. We as-
sume that the dynamic ranges of SCAT and ASCAT are identical and
the CDF curves of both datasets are used for each grid cell to rescale
SCAT to ASCAT before merging them together (Fig. 10b). The resulting
product is here referred to as the “merged active microwave product”.

3.3. Blendingmerged passive and activemicrowave products (1979–2008)

The merged passive and active microwave products obtained in
the previous sections represent volumetric soil moisture (m3 m−3)
and degree of saturation (%), respectively. To combine these data,
both the merged microwave products need to be adjusted to a com-
mon reference. The reference dataset requires global coverage with
a spatial resolution and temporal interval that are comparable with
both microwave products (i.e., approximately 25 km resolution and
daily interval), a long time record, and reasonable surface soil
moisture estimates for all land cover types (i.e., representative soil
layer is not deeper than 10 cm). The GLDAS-1-Noah model satisfies
these requirements and is employed as the reference dataset. Both
merged passive and active microwave products were rescaled against
GLDAS-1-Noah using the CDF matching technique (see Fig. 12 for
example).

As mentioned previously, Liu et al. (2011a) demonstrated that
when passive and active microwave soil moisture products are highly
correlated (i.e., higher than 0.65), combining them (i.e., taking the
average when two coincident values are available, otherwise only
using the one available) will increase the number of observations
while minimally changing the accuracy of the merged soil moisture
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Fig. 9. Example illustrating how (a) the TMI was rescaled against AMSR-E, (b–e) the SSM/I anomalies were rescaled against AMSR-E anomalies, reconstructed and merged with
rescaled TMI and AMSR-E, and (e) the SMMR was rescaled and merged with the others. The grid cell is centered at 13.875°N, 5.875°W (same as Fig. 3).
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products. Considering the covering period of each microwave instru-
ment, we divided the entire time period (1979–2008) into six seg-
ments: 1979–August 1987, September 1987–June 1991, July 1991–
1997, 1998–June 2002, July 2002–2006 and 2007–2008 (Fig. 13).
The first two segments are only covered by “merged passive micro-
wave product” originally from SMMR and SSM/I. For each period of
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Fig. 10. Example illustrating how to produce the merged active microwave product. The grid cell is centered at 13.875°N, 5.875°W (same as Fig. 3).
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the last four segments, we calculated the correlation coefficients be-
tween the “merged passive” and “merged active” datasets and identi-
fied regions where the correlation coefficients between both products
are higher than 0.65 (“transitional regions”). Over these “transitional
regions”, both active and passive microwave products are used, i.e.,
using an average when two coincident values are available, otherwise
only one product. Outside of the “transitional regions”, the merged
passive microwave product is used over the regions with sparse
vegetation density, and the merged active microwave product is
used over the regions with moderate vegetation density. The annual
average vegetation optical depth (VOD) during 2002–2008 derived
from AMSR-E is used to represent vegetation density. The averaged
VOD values over the “transitional regions” are, respectively, 0.38,
0.41, 0.44 and 0.43 for July 1991–1997, 1998–June 2002, July 2002–
2006 and 2007–2008. Outside of the “transitional regions”, the
merged passive microwave product is used over the regions with
Fig. 11. Correlation coefficients between SCAT seasonality, derived from July 1991 to Dec
lower VOD values than the averaged VOD values of the “transitional
regions”; otherwise the merged active microwave product is used.
For example, during the period July 1991–1997, SSM/I retrievals are
used for the regions with VOD values lower than 0.38, while SCAT re-
trievals are used for the regions with VOD values higher than 0.38
(see Fig. 14).

The spatial coverage presented in Fig. 14 is based on the Spearman
correlation coefficients using a threshold of 0.65, and the results de-
rived from Pearson correlation coefficients (using 0.65 as a threshold
as well) seem rather similar. Specifically, both Spearman and Pearson
correlation coefficients between merged passive and active micro-
wave products are very close over the “transitional regions”, which
further confirms that passive and active microwave products have
similar responses over these regions. Their differences become larger
over the sparsely and moderately vegetated regions, suggesting that
the signals of passive and active microwave tend to depart from
ember 2006, and ASCAT seasonality, derived from January 2007 to December 2008.
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Fig. 12. Rescaling the merged passive and active microwave products against the GLDAS-1-Noah simulation. (a) GLDAS-1-Noah soil moisture; (b) merged passive microwave
product and one rescaled against GLDAS-1-Noah; (c) same as (b) but for active microwave product. The grid cell is centered at 13.875°N, 5.875°W (same as Fig. 3).
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each other. However, the effects of the larger differences on the
delineation of spatial coverage are minimal.

The final blended product is also flagged for users to easily distin-
guish the original data sources (e.g., SMMR, SSM/I, TMI, AMSR-E,
SCAT or ASCAT) and understand the reason for missing data (e.g.,
no satellite swath coverage, snow cover, frozen surface, dense vegeta-
tion, or non-convergence of retrieval algorithm).

4. Results and discussions

4.1. Comparison with in situ measurements

The merged passive microwave product (obtained in Section 3.1),
merged active microwave product (obtained in Section 3.2), and the
final blended product (obtained in Section 3.3) were compared with
in situ soil moisture measurements to evaluate whether the temporal
Fig. 13. Spatial and temporal coverage of soil moisture products from different sensors in t
available over limited regions after 2001 instead of global coverage due to instrument issue
variations in the original microwave soil moisture products are pre-
served after the multiple steps of data manipulation. Table 3 presents
the performance between final blended product and individual
merged passive/active products over different time periods (Jul
2002–Dec 2006 and Jan 2007–Dec 2008) for each grid cell of AMMA
network. For the grid cells located in Mali and Niger, the vegetation
optical depth (VOD) values are relatively low (see Fig. 1) and the pas-
sive AMSR-E product has a better performance than active microwave
products (SCAT and ASCAT) (see Table 3). In the final product, the
dataset with better performance for these two grid cells (i.e., passive
microwave product) is selected (Table 3). For the two grid cells locat-
ed in Benin where the VOD values become higher, both passive and
active microwave products are highly correlated with in situ mea-
surements (R>0.73, see Table 3). In addition, they are highly corre-
lated with each other (R>0.65) and thus located in the “transitional
regions” where the averages of both microwave products are used
he “blended passive and active microwave products”. It is noted that SCAT data is only
s.
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Fig. 14. Spatial coverage by passive (blue), active (red) microwave product and the averaged of both (orange; referred to as “transitional regions”) in the final blended product for
(a) January 1991–December 1997 (area covered by passive, active and both are 32.0%, 66.5%, and 1.5%, respectively), (b) January 1998–June 2002 (33.6, 59.6, and 6.8%, respectively),
(c) July 2002–December 2006 (33.1, 53.8, and 13.1%, respectively) and (d) January 2007–December 2008 (33.4, 54.1, and 12.5%, respectively). Areas with high vegetation density and
permanently frozen soil or snow are masked out. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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in the final product. It can be seen that in the blended product, the
number of observations increases over these two grid cells, while
their correlation coefficients with in situ measurements are well pre-
served. The overall performance of the AMMA network (i.e., averages
of all grid cells involved) is summarized in the bottom row of Table 3,
which indicates that the blending scheme developed in this study is
able to take advantage of both microwave products.

Table 4 shows the overall performance of the final blended prod-
uct and the individual merged passive/active products over different
time periods (Jan 1991–Dec 1997, Jan 1998–Jun 2002, Jul 2002–Dec
2006, and Jan 2007–Dec 2008) for the six in situ networks used in
this study. Generally, the correlation coefficient in the merged passive
and active microwave products are well preserved, however a note
should be made over the period 1991–1997. In this particular period
the number of observations decline in the final product, this is likely
the result of the low temporal resolution of the SCAT observations
(swath width 500 km) when compared to the high temporal resolu-
tion of SSM/I (swath width 1400 km). Due to the limited skills of
SSM/I instruments, the SCAT soil moisture retrievals outperform
SSMI products and are therefore selected for the final product. As a
result, the number of observations for some grid cells declines. It is
also noticed that the correlation coefficients are low between both
microwave products and in situ measurements over the ARM net-
work during this particular time period. This may be related to the
Table 3
Comparison of performance between final blended product and individual merged passive/
represent the Spearman correlation coefficients between microwave product and in situ m
calculating R.

Network Jul 2002–Dec 2006

AMMA AMSR-E SCAT Blen

1 (Mali) 0.60 (149) 0.41 (163) 0.60
2 (Niger) 0.75 (98) 0.42 (34) 0.75
3 (Benin, upper) 0.77 (149) 0.90 (29) 0.82
4 (Benin, lower) 0.81 (173) 0.88 (34) 0.82
Overall 0.73 (142) 0.65 (65) 0.75
limitations in the SSM/I and SCAT products as well as the difficulties
in comparing the point measurement and sensor footprint estimate.

Over other parts of the world, additional in situ networks with
continuous surface soil moisture measurements (e.g., top 10 cm of
soil and at least daily interval) have been operating in recent years,
e.g., the SMOSMANIA network in southern France and the UMBRIA
network in Italy. These networks primarily cover the periods of
AMSR-E and ASCAT (i.e., after 2007). The comparison between these
in situ measurements and AMSR-E/ASCAT also demonstrated that
the temporal patterns of the original products were preserved rather
well during the data manipulation (see Liu et al., 2011a for details).

4.2. Long term trends

To investigate the influences of rescaling against GLDAS-1-Noah,
we compared the long term changes in annual averages of the
merged microwave products before and after rescaling against
GLDAS-1-Noah. The long term changes are derived using the non-
parametric Mann–Kendall trend test (Helsel & Hirsch, 2002), which
has been widely used in detecting trends in hydrological time series
(Kumar et al., 2009; Rustomji et al., 2008; Xu et al., 2008). It should
be emphasized that we only intend to examine whether the long
term changes (e.g., directions and significance of changes) are
affected during the rescaling process, rather than to evaluate their
active products over different time periods for all grid cells of AMMA network. Values
easurements. Between brackets the number of satellite/in situ measurements used for

Jan 2007–Dec 2008

ded AMSR-E ASCAT Blended

(149) 0.59 (146) 0.48 (300) 0.59 (146)
(98) 0.84 (218) 0.63 (415) 0.83 (218)
(166) 0.73 (313) 0.92 (341) 0.88 (498)
(195) 0.78 (162) 0.91 (155) 0.87 (246)
(152) 0.74 (210) 0.74 (303) 0.79 (277)
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Table 4
Comparison of overall performance between final blended product and individual merged passive/active products over different time periods for all networks used in this study.

Network Jan 1991–Dec 1997 Jan 1998–Jun 2002

SSM/I SCAT Blended TMI SCAT Blended

OZNET N/A N/A N/A 0.63 (127) N/A 0.63 (127)
ARM 0.34 (161) 0.51 (63) 0.52 (70) 0.62 (845) 0.58 (163) 0.59 (453)

Network Jul 2002–Dec 2006 Jan 2007–Dec 2008

AMSR-E SCAT Blended AMSR-E ASCAT Blended

OZNET 0.77 (814) 0.62 (34) 0.74 (663) 0.64 (439) 0.62 (468) 0.65 (568)
ARM 0.60 (991) 0.58 (219) 0.61 (532) 0.51 (424) 0.48 (360) 0.52 (368)
SASMAS 0.64 (186) 0.60 (40) 0.61 (76) 0.83 (191) 0.73 (207) 0.74 (236)
USDA-ARS 0.69 (940) 0.51 (210) 0.70 (576) 0.70 (393) 0.48 (287) 0.63 (359)
REMEDHUS 0.85 (440) 0.64 (68) 0.83 (466) 0.69 (538) 0.66 (491) 0.68 (663)
AMMA 0.73 (142) 0.65 (65) 0.75 (152) 0.74 (210) 0.74 (303) 0.79 (277)
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correctness. As the rescaling process (against GLDAS-1-Noah) chan-
ged the range of values of soil moisture product and consequently
the absolute values of trends, the microwave products (i.e., products
before and after rescaling against GLDAS-1-Noah) were first normal-
ized before performing the long term trend analysis. It can be seen in
Fig. 15. (a) Relationships between (x-axis) annual changes in normalized merged passive
microwave (PM)product (change per year) and (y-axis) annual changes in thenormalized
one after rescaling against GLDAS-1-Noah (PM*) (change per year). (b) Sameas (a), but for
active microwave product.
Fig. 15 that the rescaling process slightly changed the magnitudes of
trends, but not the directions of trends (i.e., decrease/increase). Ap-
proximately 92% of grid cells with significant trends (pb0.05) in the
merged products retain significant trends after the rescaling against
GLDAS-1-Noah. The remaining 8% of grid cells are sparsely distributed
over all continents, rather than concentrated on any specific region,
minimizing the influences of data manipulation on the relative dy-
namics in the original datasets.

As such, the final blended product is still a satellite derived soil
moisture product, as it carries the relative dynamics of the original
passive and active microwave retrievals. For most applications (e.g.,
data assimilation), it is more important that the relative dynamics
of soil moisture are reproduced rather than their absolute values
(Brocca et al., 2010; Koster et al., 2009; Miralles et al., 2010; Pan
et al., 2008; Reichle et al., 2007).

4.3. Influence of model choice

Although the reproduction of relative dynamics of soil moisture is
more important for most applications (e.g., data assimilation), it is
quite likely that the blended product absolute values are used in com-
parisons by future users. To examine the influences of model choice
on the final blended product, we compared the correlation coeffi-
cients and biases between Noah model and the other GLDAS-1
models (i.e., Mosaic, CLM and VIC). The soil moisture outputs from
these four models are highly correlated, which suggests that relative
dynamics of soil moisture derived from different GLDAS-1 models
are quite similar (Fig. 16 — left column). When it comes to the abso-
lute values, the biases between different models vary considerably
(right column of Fig. 16). Absolute values from Noah are much higher
than Mosaic and slightly higher than CLM outputs over most of the
world, except for the boreal regions, whereas Noah soil moisture esti-
mates are generally lower than the VIC model. The soil moisture out-
puts from CLM, Mosaic, VIC and Noah represent the top 1.8, 2, 10 and
10 cm soil layers, respectively. The microwave observations normally
measure the wetness conditions for the top 2–5 cm depth which is
more comparable with the top soil layer of CLM and Mosaic. However
the CLM and Mosaic model outputs are only available at the 1° spatial
resolution. The absolute values of the final blended product (through
GLDAS-1-Noah) may underestimate soil moisture values over most of
the world. This could be further explored in a future study.

4.4. Caveats and follow-up studies

There are a number of uncertainties and opportunities for extending
this research that require ongoing investigation.

• The SMMR product was rescaled based on an assumption that the
dynamic range (i.e., CDF curve) of SMMR is the same as the merged
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Fig. 16. Spearman correlation coefficients (left column) and bias (m3 m−3, right column) between monthly Noah and Mosaic, CLM and VIC, respectively, during 2000–2008. It is
noted that the depth of soil layers represents 10, 2, 1.8, and 10 cm for Noah, Mosaic, CLM and VIC, respectively. The soil moisture values for the time periods with below-zero surface
temperature and snow cover were masked out before conducting comparisons.
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SSM/I–TMI–AMSR-E. As a result, care should be taken when
performing long term trend analysis across the period including
SMMR.

• The active microwave soil moisture products have better perfor-
mance than passive microwave products over moderately vegetated
regions, but are only available from July 1991. Prior to this, only
passive microwave products from SMMR and SSM/I are available.
Thus, over moderately vegetated regions the soil moisture in the
final blended product from January 1979 to June 1991 should be
used with care.

• The active microwave retrievals from SCAT were rescaled against
ASCAT to generate a single merged active microwave product, as
the backscatter calibration of SCAT and ASCAT is conducted within
their own collection periods and consequently their soil moisture
retrievals are not on the common page. The long term trends of
active microwave soil moisture retrievals may be affected by the
assumption that SCAT and ASCAT have the same CDF curves.

• The vegetation optical depth (VOD) derived from AMSR-E during
July 2002–December 2008 was used to represent the average vege-
tation density for the period 1991–2008. A long term VOD product
covering 1991–2008 is currently being developed and evaluated
(Liu et al., 2011b) in order to more accurately characterize the
dynamics of vegetation and assist in delineating the boundaries of
sparsely and moderately vegetated regions, and “transitional
regions”.

• For most applications the reproduction of relative dynamics of soil
moisture are more important than the absolute values. Further re-
search is warranted to investigate whether it is feasible to derive a
passive microwave product expressed in the degree of saturation,
and then merge with the original active microwave product (also
expressed in the degree of saturation). In that case, the utilization
of a land surface model output can be avoided.

• One improvement blending approach to the one developed here
would be to use temporally varying weights for blending passive
and active microwave products. The passive microwave product
might be more accurate under dry conditions (e.g. during summer
for Mediterranean areas) due to the low vegetation density, while
the active microwave product is more noisy. During wet periods
the opposite occurs (L. Brocca, pers. comm.). Therefore, these two
products could be merged by assigning temporally varying weights
which could be derived as a function of the vegetation optical depth
temporal pattern. In addition, other possible statistically matching
techniques, apart from the CDF matching approach used in this
study, will be investigated in the future analysis.

image of Fig.�16
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5. Conclusions

A methodology to combine VUA-NASA passive microwave and
TU-Wien active microwave soil moisture retrievals to produce an im-
proved global long term soil moisture dataset has been presented.
The methodology consists of three steps: (1) merging all passive
microwave retrievals from SMMR, SSM/I, TMI and AMSR-E into one
dataset covering 1979–2008; (2) merging both active microwave re-
trievals from SCAT and ASCAT into one dataset covering 1991–2008;
and (3) blending both merged products into one final product cover-
ing 1991–2008. In the blended product, passive and active microwave
products were used over sparsely and moderately vegetated regions,
respectively. As for regions where passive and active microwave
products have similar performances, the averages of both products
were taken, improving the observation interval over these regions.

The ultimate objective of our study was to develop one framework
which can take advantage of all soil moisture retrievals from past,
current and future microwave missions with low observation fre-
quencies. The methodology described in this paper can be extended
with additional observations from operational microwave satellites,
e.g., WindSat (Parinussa et al., in press), as well as with new
microwave missions that are anticipated to bring increased accuracy
of soil moisture retrievals, e.g., SMOS and SMAP (Entekhabi et al.,
2010; Kerr et al., 2000). Such a multi-decadal and growing combined
remotely sensed soil moisture record is expected to help further our
understanding of the role of soil moisture in the water, energy and
carbon cycles.
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