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4 Merging LPRM based soil moisture  
from SMOS and AMSR-E 

 

 

L-band observations are only available from 2010 
onwards, but prior to this there are several decades of 
C- and X-band observations available that have 
already been successfully used with LPRM in order to 
retrieve soil moisture. To improve the consistency 
between retrievals from the multiple frequencies, the 
parameterization LPRM for C- and X-band is 
recalibrated against SMOS LPRM. This is done using 
observations from the AMSR-E sensor, as it has an 
overlap with SMOS of several months in 2010 and 
2011. The recalibrated dataset is then compared to the 
same dataset that uses the previous parameterization 
in order to understand their differences. This chapter 
is based on the following publication: 
 
Van der Schalie, R., De Jeu, R.A.M., Kerr, Y.H., Wigneron, J.-P., 
Rodriguez-Fernandez, N.J., Al-Yaari, A., Parinussa, R.M., 
Mecklenburg, S., and Drusch, M. (2017), “The merging of radiative 
transfer based surface soil moisture data from SMOS and AMSR-E”, 
Remote Sensing of Environment, vol. 189. 
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4.1 Introduction 
Long term, consistent records of our Earth provided by satellite 
observations are crucial for further understanding climate change with its 
many variables and their complex interactions (http://cci.esa.int). These 
long term records hold valuable information for climate change mitigation 
and policy making worldwide through for example the United Nations 
Framework Convention on Climate Change (UNFCCC) and the 
Intergovernmental Panel on Climate Change (IPCC). Soil moisture is one of 
these key variables within the climate system, and it can be obtained by 
satellite sensors (e.g. Liu et al. 2011b). Soil moisture has a direct impact on 
the global water and energy cycles, strongly affects vegetation activity and it 
plays a considerable role in the biogeochemical cycles in many areas in the 
world (Seneviratne et al., 2010). For this reason, the Global Climate 
Observation System (GCOS, 2010) selected soil moisture as one of the so-
called Essential Climate Variables (ECV) in 2010.       

 

Already in the seventies, it has been demonstrated that surface soil moisture 
dynamics can be detected through low frequency microwave observations 
(Schmugge et al., 1974). The first passive microwave sensor making global 
observations started recording in 1978 and was followed by several other 
satellite sensors. In the beginning of the twenty first century the first global 
satellite derived soil moisture products appeared (e.g. Wagner et al., 2003; 
Njoku et al., 2003). These products were based on single satellite sensors 
and their quality relied on the specification of each sensor and the retrieval 
skill of the algorithm. 

 

De Jeu et al. (2008) explored the potential for merging soil moisture 
products from passive and active microwave that largely have unique, high 
skills that complement each other. Specifically, over sparsely vegetated 
regions, passive microwave products from the Advanced Microwave 
Scanning Radiometer (AMSR-E) outperformed the active microwave 
products from the European Remote Sensing Satellite (ERS), whereas this is 
the other way around for the more densely vegetated regions, including a 
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wide transitioning zone in which both active and passive microwave 
products performs equally well (Dorigo et al., 2010). Results from the De Jeu 
et al. (2008) study triggered the activity to develop a long-term soil moisture 
data record from passive and active microwave products (Liu et al., 2011b & 
2012a) and in 2012 the first version was released as part of European Space 
Agency’s (ESA) Climate Change Initiative (CCI) program. This dataset was 
based on passive microwave soil moisture products as derived from the 
Land Parameter Retrieval Model (LPRM; e.g. Owe et al., 2008) and active 
products using the change detection method from the Technical University 
Vienna (Wagner et al., 1999). Nowadays, this merged dataset (ESA-CCI-SM) 
is publically available (http://www.esa-soilmoisture-cci.org) and is, with a 
community exceeding 2000 users, one of the most popular satellite soil 
moisture datasets. However, regular methodological updates are required 
(De Jeu et al., 2015) to maintain the high quality of ESA-CCI-SM as retrieval 
algorithms continuously improve and new, potentially better suitable, 
satellite sensors become available (e.g. Kerr et al., 2010; Entekhabi et al., 
2010). 

 

In this study the focus is on soil moisture products retrieved through the 
LPRM as this algorithm is currently used in the ESA-CCI-SM and, in contrast 
with other products, their complementary with active microwave products 
is extensively documented (e.g. Wagner et al., 2007; De Jeu et al., 2008; 
Dorigo et al., 2010; Brocca et al., 2011). Nonetheless, many other algorithms 
have been developed for AMSR-E of which an extensive overview was 
presented by Mladenova et al. (2014). From the passive microwave 
perspective, the current ESA-CCI-SM product uses observations from six 
sensors (e.g. Liu et al., 2011b) including the Scanning Multiscanner 
Microwave Radiometer (SMMR), Special Sensor Microwave Imager (SSM/I), 
Tropical Rainfall Microwave Mission Microwave Imager (TRMM-TMI), 
AMSR-E, WindSat and Advanced Microwave Scanning Radiometer 2 
(AMSR2) covering a period from 1978 until 2014. 
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ESA’s Soil Moisture Ocean Salinity (SMOS, Kerr et al., 2010) mission is not 
yet part of the ESA-CCI-SM processing chain, but this satellite could further 
enhance the ESA-CCI-SM product. SMOS was launched in 2009 and it is the 
first mission dedicated to observing surface soil moisture. It measures the 
Earth’s surface at the L-band frequency, which theoretically has the highest 
sensitivity to soil moisture compared to alternative passive microwave 
sensors used in the ESA-CCI-SM record. Since then, two more L-band 
missions, the Aquarius (Le Vine et al., 2007b) and Soil Moisture Active 
Passive (SMAP, Entekhabi et al., 2010) missions have been launched, 
respectively in 2011 and 2015, which are also not yet part of the ESA-CCI-
SM dataset. 

 

Due to its different radiometric characteristics (i.e. center frequency, 
bandwidth and sensor accuracy), the synthetic nature of the antenna and 
significant Radio Frequency Interference (RFI) issues (e.g. Oliva et al., 2012), 
the integration of SMOS in the ESA-CCI-SM is not straightforward. Several 
studies are currently conducted to explore different approaches to integrate 
SMOS retrievals in the ESA-CCI-SM climate record. Two of these studies 
focus on neural networks (Rodriguez-Fernandez et al., 2015 & 2016) and 
regression methods (Wigneron et al., 2004; Al-Yaari et al., 2016) while this 
particular study seeks a physical background for integration within the ESA-
CCI-SM through the LPRM. The majority of the soil moisture retrieval 
algorithms (e.g. Jackson, 1993; Wigneron et al., 2007; Kerr et al., 2012; 
Mladenova et al., 2014; Konings et al., 2016) share a common background in 
the radiative transfer model (RTM; Mo et al., 1982), which links surface 
geophysical variables directly to the microwave emission of a land area. The 
LPRM is no exception in that sense, but distinguishes itself from other 
algorithms by retrieving information on vegetation density solely from the 
microwave observations using a unique analytical solution developed by 
Meesters et al. (2005). More recently, several other techniques have been 
developed to estimate vegetation optical depth using only microwave 
information, e.g. by using several consecutive observations (Konings et al., 
2016) or by using multiple incidence angles (Kerr et al., 2012). Additionally, 
LPRM also uses a global parameterization which is independent of land 
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cover, this independency of any ancillary data is an important prerequisite 
for climate assessments (Loew et al., 2013). Also the extensively 
documented complementary of LPRM with active microwave products (e.g. 
Wagner et al., 2007; de Jeu et al., 2008; Dorigo et al., 2010; Brocca et al., 
2011) and the use of this algorithm in the current ESA-CCI-SM justifies the 
focus on this algorithm. When merging datasets obtained by different 
frequencies, sensing depth and unique vegetation influence should be 
considered. For example, the C- and X-band emissions originate from a more 
shallow (< 2 cm) layer than L-band emissions (< 5 cm) and higher 
frequencies are more sensitive to vegetation influences (Schmugge, 1983). 
As the L-band sensing depth also contains the sensed soil layer from the 
higher frequencies, and the difference in total sensing depth is just a few 
centimeters, very high linear correlations between the two soil moisture 
products are expected. However, a thorough quality assessment is required 
to determine the areas with different, similar and complementary behavior. 

 

This study investigates where and to what extent SMOS and AMSR-E soil 
moisture products can be integrated into a single, consistent data record by 
applying an optimization routine for LPRM. SMOS soil moisture retrievals 
from LPRM (Van der Schalie et al., 2015 & 2016a) are used as a benchmark 
to optimize the internal parameterization for the low frequency (C- and X-
band) observations of AMSR-E in their overlapping period (July 2010 to 
October 2011), where the essential focus is on the single scattering albedo 
(, dimensionless) and the roughness parameter (h, dimensionless). A 
commonly used scaling approach (e.g. Al-Yaari et al., 2016), in this case 
linearly, is then presented to place the AMSR-E soil moisture into the same 
dynamic range as SMOS LPRM. Secondly, the resulting soil moisture product 
(AMSR-E LPRMN) is evaluated against SMOS LPRM by testing the global 
consistency between the two sets and by evaluating their performance 
against several in situ networks from the International Soil Moisture 
Network (ISMN, Dorigo et al., 2011) for the overlapping period, improving 
our understanding of (in-) consistency between L-band and C-band based 
soil moisture retrievals, keeping possible limitations caused by their unique 
sensing depths in mind. As a third step, the new parameterization and 
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scaling is applied to AMSR-E for a  nine year period and the resulting AMSR-
E LPRMN set is compared against the publicly available AMSR-E LPRM 

version 3 product (AMSR-E LPRMV3). Again, this is done through (1) a 
comparison against available in situ data from the ISMN, as well as (2) a 
direct comparison against modeled soil moisture products (i.e. from the 
Modern-Era Retrospective analysis for Research and Applications-Land and 
ERA-Interim/Land models), and (3) the Rvalue verification technique (Crow 
et al., 2010a; Parinussa et al., 2011b; Parinussa et al. 2016). 

 

4.2 Data 
4.2.1 SMOS LPRM Soil Moisture  

In this study, L-band brightness temperatures observations from the 
Microwave Imaging Radiometer using Aperture Synthesis (MIRAS) 
instrument on the ESA SMOS satellite mission are used. This mission carries 
this 2D interferometric radiometer on board and observes the Earth’s 
surface at 1.4 GHz (L-band) with an average spatial resolution of 43 km 
(depending on incidence angle). Observations are made in a wide range of 
incidence angles (from 0° to 65°) with a revisit time of approximately three 
days at the equator at 6 a.m. and 6 p.m. for the ascending and descending 
overpasses respectively (Kerr et al., 2010). For the LPRM soil moisture 
retrievals, the 6 a.m. daily SMOS Level 3 Brightness Temperature (L3TB, 
v260) files are used. These brightness temperatures were averaged in 5° 
width angle bins, and represented the vertical and horizontal (V/H) 
polarized emission at surface level and were provided in a 25km Equal Area 
Scalable Earth (EASE) 2 grid. 

 

A recently updated version of the SMOS LPRM dataset as developed by Van 
der Schalie et al. (2016a) is used in this study, which now includes a more 
efficient integration of retrievals from different angle bins,  more specifically 
between 35° and 60°, and was run using an improved roughness approach 
(Van der Schalie et al., 2016b, for further information see the supplementary 
material, Chapter 8B). The soil moisture retrievals from the different angle 
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bins are now matched to the retrievals from the 40°-45° retrievals using 
cumulative distribution function matching (e.g. Liu et al. 2011b; Brocca et al. 
2011). For every grid cell the statistics between the different angle bins 
compared to the 40°-45° bin were calculated and are used as an input in the 
final decision tree as to which angle bins will be used in a retrieval. This gives 
SMOS LPRM a much improved revisit time of approximately 3 to 4 days at 
the equator, which is about 15% less than SMOS Level 3 Soil Moisture (L3SM, 
v271) in all but the most densely vegetated areas.  

 

A well-known difficulty for soil moisture retrieval algorithms is 
disentangling the vegetation and roughness influences (Njoku et al., 2006). 
In order to cope with this difficulty, the roughness parameterization in SMOS 
LPRM was updated using an internal vegetation correction (Van der Schalie 
et al., 2016b). This vegetation correction uses the optical depth (, 
dimensionless) from a primary run to correct for roughness influences in the 
final run by adapting two roughness scaling parameters (Av and Bv, 
dimensionless). More information will be provided in Section 4.3.1, as well 
as the Passive Microwave Soil Moisture Data Fusion: Algorithm Theoretical 
Baseline Document for the Land Parameter Retrieval Fusion Approach (Van 
der Schalie et al., 2016b). By applying this updated roughness approach, soil 
moisture retrievals improved over the entire range of land surface 
conditions relevant for soil moisture observations, significantly increasing 
the correspondence with multiple reanalysis soil moisture products at the 
global scale. 

 

Additionally, a standard data flagging procedure from the L3SM product is 
also applied which removes brightness temperature observations with an 
RFI probability exceeding 0.2 and influences from open water, snow, frost 
and coastal areas. A detailed description of these flags can be found in the 
SMOS data product description (http://www.cesbio.ups-
tlse.fr/SMOS_blog/?page_id=815). In this study SMOS L3TB and the flagging 
information from the SMOS L3SM files are used for the overlapping period 
of AMSR-E and SMOS. The SMOS data were obtained from the Centre Aval de 
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Traitement des Données SMOS (CATDS) operated for the Centre National 
d’Etudes Spatiales (CNES, France) by the French Research Institute for 
Exploitation of the Sea (IFREMER, Brest, France). 

 

4.2.2 AMSR-E  

4.2.2.1 Brightness Temperatures 

The Advanced Microwave Scanning Radiometer – Earth Observing System 
(AMSR-E) was an instrument onboard the Aqua satellite that was active 
between 2002 and 2011 and was a collaborative effort of Japan Aerospace 
Exploration Agency (JAXA) and National Aeronautics and Space 
Administration (NASA). AMSR-E was a radiometer that measures passive 
microwave radiation at six different frequencies, ranging from 6.9 to 89 GHz 
in both horizontal (H) and vertical (V) polarization. It had a swath width of 
1445 km and a local equatorial overpass time of 1.30 p.m. and 1.30 a.m. for 
the ascending and descending swaths respectively. AMSR-E observations 
have been extensively used for the development of soil moisture algorithms 
(Mladenova et al., 2014) and they have an overlapping period with SMOS 
observations. Level 2A brightness temperatures (L2A, Version 12) were 
obtained from the National Snow and Ice Data Center (www.nsidc.org). 
From this dataset both the V and H polarization of the 6.9 GHz (C-band), 10.7 
GHz (X-band), and only the V polarization of 36.5 GHz (Ka-band) were used, 
which have a mean spatial resolution of 56, 38 and 12 km respectively. The 
L2A files are sampled with a 10km resolution and re-gridded into a standard 
25 km EASE2 grid by taking the average of all the observations in the L2A 
files that have their cell center within a specific EASE2 grid cell, i.e. the drop-
in-the-box method. A data flagging method for AMSR-E to detect RFI, snow, 
frozen soil, and open water is described in the Algorithm Technical Baseline 
Document (De Jeu et al., 2015).  

 

4.2.2.2 The publicly available AMSR-E LPRM Soil Moisture 

For this study we make use of the official gridded Level 3 AMSR-E LPRM soil 
moisture version 3 derived from the AMSR-E observations (AMSR-E 
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LPRMV3), and was obtained from the NASA Reverb portal 
(http://reverb.echo.nasa.gov/reverb). In this study we focus on the 
descending product as soil moisture retrievals from this path generally have 
a higher quality (e.g. De Jeu et al., 2008; Parinussa et al., 2011b; Lei et al., 
2015). The AMSR-E LPRMV3 is used to determine the difference in skill of the 
soil moisture resulting from an updated LPRM methodology as done in this 
study.  

 

4.2.3 Modern-Era Retrospective analysis for Research and 

Applications-Land  

The Modern-Era Retrospective analysis for Research and Applications - 
Land (MERRA-Land, Reichle et al., 2011) is an atmospheric reanalysis 
product that makes use of the Goddard Earth Observing System model 
(version 5). MERRA-Land uses a data assimilation system (version 5.2.0) 
with an updated precipitation forcing and catchment land surface model 
(Rienecker et al., 2008). It was shown (Reichle et al., 2011) that these 
modifications enhanced the land surface hydrology when compared to 
MERRA, its predecessor. MERRA-Land was developed by NASA and is 
available for the period of 1980 onwards. From this dataset, the surface soil 
moisture layer (0-2 cm) was extracted for 2003 until 2011 which comes in 
an hourly resolution at a spatial grid of 1/2° latitude by 2/3° longitude. 
MERRA-Land was also re-gridded to the 25 km EASE2 grid. When an EASE2 
grid cell completely falls within the cell boundaries of the primary (e.g. from 
MERRA-Land) grid, it takes on that value, otherwise the value is calculated 
using a simple bilinear interpolation based on area weighted averages.  

 

4.2.4 ERA-Interim/Land 

ERA-Interim/Land (ERA-Land, Balsamo et al., 2015) is a global reanalysis 
product provided by the European Centre for Medium-Range Weather 
Forecasts (ECMWF) and covers the period of 1979 to 2010. The land surface 
schema that was used within this re-analysis product is called Hydrology - 
Tiled ECMWF Scheme for Surface Exchanges over Land (H-TESSEL, Balsamo 
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et al., 2009) which uses atmospheric forcing from ERA-Interim and 
precipitation from the Global Precipitation Climatology Project (v2.1). From 
the land-surface parameters that are produced, the top 0-7 cm soil moisture 
was selected here, again starting in 2003 but only until 2010 due to its 
availability. ERA-Land comes in a 6-hourly temporal resolution at an 
approximated spatial resolution of 80 by 80 km (T255 spectral resolution, 
For further information see: http://www.ecmwf.int/en/what-horizontal-
resolution-data). Again, ERA-Land was re-gridded on a 25 km EASE2 grid 
through the previously described routines for MERRA-Land. It should 
further be noted that the effective soil temperature (Teff), an input of the 
radiative transfer model, for the SMOS LPRM product was taken from this 
model following Van der Schalie et al. (2016a). This Teff dataset was spatially 
and temporarily interpolated to match the SMOS overpass times, a 
procedure in line with the SMOS L3SM soil moisture product.  

 

4.2.5 International Soil Moisture Network 

The ISMN (Dorigo et al., 2011) is initiated by the Global Energy and Water 
Exchanges Project (GEWEX) and ESA with the goal to develop a global in situ 
soil moisture database and to make it publicly available for the geoscientific 
community. The ISMN collects in situ measurements and directly transforms 
the data into common format, providing these data in volumetric soil 
moisture units which were routinely checked for outliers and implausible 
values (Dorigo et al., 2013). In this study, in situ data are used from network 
stations having more than 30 overlapping measurements (an in situ 
measurements within 1 hour of the satellite retrieval), again for the period 
2003 until 2011. Also, to match the surface layer as measured by the passive 
microwave sensors as best as possible, stations up to 10 cm soil depth were 
selected, as perfect ground information representative for the exact sensing 
depth and satellite footprint is not feasible. An exception in maximum depth 
made for the cosmic ray sensors, for which the effective measurement depth 
fluctuates over time as a function of soil moisture. An overview of the 
networks used in this study was presented in Table 4.1.  
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Table 4.1 Networks used from the ISMN  

Network 
Name 

Country Depth of soil 
moisture 
measurements 

References 

AMMA Benin, Mali, 
Niger 

0.05 m, 0.10 m Cappelaere et al. (2009), de 
Rosnay et al. (2009), Mougin 
et al. (2009), Pellarin et al. 
(2009) 

ARM United States 0.02 m, 0.05 m http://www.arm.gov/ 
COSMOS United States 0 - 0.04 m up to 0 - 

0.69 m  
Zreda et al. (2012) 

DAHRA Senegal 0.05 m, 0.10 m Tagesson et al. (2014) 
FMI Finland 0.02 m, 0.05 m, 0.10 m http://fmiarc.fmi.fi/ 
HOBE Denmark 0 – 0.05 m Bircher et al. (2011) 
ICN United States 0 – 0.10 m Hollinger and Isard (1994) 
OZNET Australia 0 – 0.05 m, 0 - 0.08 m Smith et al. (2012) 
REMEDHUS Spain 0 – 0.05 m Sanchez et al. (2012) 
SASMAS Australia 0 – 0.05 m  Young et al. (2008) 
SCAN United States 0.02 m, 0.05 m, 0.10 m http://www.wcc.nrcs.usda.go

v/scan/ 
SMOSMANIA France 0.05 m, 0.10 m Albergel et al. (2008), Calvet 

et al. (2008) 
SNOTEL United States 0.05 m, 0.07 m, 0.10 m http://www.wcc.nrcs.usda.go

v/snow/ 
USCRN United States 0.05 m, 0.10 m Bell et al. (2013) 
USDA-ARS United States 0 – 0.05 m Jackson et al. (2010) 
VAS Spain 0 - 0.05 m http://www.uv.es/elopez/ 

 

 

4.2.6 TRMM 3B42 Precipitation 

The TRMM satellite significantly exceeded its three year design goal, it 
became operational at the end of 1997 and was devoted to measure rainfall 
in the (sub-) tropics but effectively observed the Earth from 50⁰N to 50⁰S. 
The TRMM satellite has very divergent orbit characteristics as it’s in a near 
equatorial orbit rather than the previously discussed polar orbiting 
satellites. Observations from the different sensors onboard TRMM are 
combined with numerous other remotely sensed observations including 
passive microwave and microwave calibrated infrared observations from 
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both polar orbiting and geostationary satellites. All these remotely sensed 
observations are linked to precipitation produced by the TRMM Multi-
satellite Precipitation Analysis (Huffman et al., 2007) available at the quasi 
global scale (50⁰N-50⁰S). In line with previous studies (e.g. Crow et al., 
2010a; Parinussa et al., 2011b; Parinussa et al. 2016) the TRMM 3B42 
precipitation product was used which includes a retrospective correction 
based on rain gauge data. Huffman et al. (2007) demonstrated the 
substantially higher quality obtained through this retrospective correction. 
The TRMM 3B42 product is produced at a spatial resolution of 0.25⁰ and the 
daily representations were used by accumulating precipitation amounts 
over a 24 hour period. This quasi global TRMM 3B42 precipitation product 
was used as an input for the large scale verification technique, the so-called 
Rvalue. 

 

4.2.7 Normalized Difference Vegetation Index 

Several studies indicate (e.g. Dorigo et al., 2010; Parinussa et al., 2011c; Lei 
et al., 2015) the distinct relation between the quality of remotely sensed soil 
moisture and the density of the overlying canopy. Of particular interest is Lei 
et al. (2015) that demonstrated these relationships for remotely sensed 
products from AMSR-E and SMOS over the contiguous United States by 
analyzing the contrasting qualities of the different acquisition times of these 
sensors. In this study, the Normalized Difference Vegetation Index (NDVI) 
obtained from the Moderate Resolution Imaging Spectro-radiometer 
(MODIS) was used as a surrogate for such relations. NDVI is a graphical 
indicator determined through near infrared and visible observations and is 
linked to the vegetation greenness. In order to further understand the 
distinct relation between the quality of remotely sensed soil moisture and 
vegetation density, monthly NDVI images (MOD13C) were aggregated from 
its native 0.05⁰ grid into a global 0.25⁰ grid and served as supporting 
information for the global analysis (Section 4.3.4). 
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4.3 Methods 
4.3.1 Land Parameter Retrieval Model (LPRM) 

The publicly available AMSR-E LPRMV3 soil moisture product is an often used 
remotely sensed soil moisture product. This product was verified through 
the widest possible range of techniques including the traditional comparison 
against ground based observations (e.g. Wagner et al. 2007; Brocca et al., 
2011), statistical techniques (e.g. Dorigo et al., 2010; Miralles et al., 2011), 
precipitation based methods (e.g. Crow et al., 2010a; Parinussa et al., 2011b; 
Parinussa et al. 2016) and comparisons against land surface models (e.g. 
Wanders et al., 2012). This product was also used in a large number of 
hydrological and climatological applications (e.g. Jung et al., 2010; Taylor et 
al., 2012; Miralles et al., 2014) and the LPRM was well documented in 
literature (e.g. De Jeu et al., 2015). Nonetheless, key elements of the LPRM 
were highlighted here with special emphasis to the modules for which 
modifications are proposed in this study. For additional details on C- and X-
band retrievals, readers are referred to de Jeu et al. (2015) whereas the 
application to L-band observations was further detailed in Van der Schalie 
et al. (2016a & 2016b).  

 

LPRM is a model that simultaneously retrieves both soil moisture (𝜃𝜃, m3m-3) 
and vegetation optical depth (, dimensionless) from V and H polarized low 
frequency microwave observations. The model is based on the radiative 
transfer model (Equation 4.1; Mo et al., 1982) and an analytical solution 
(Meesters et al. 2005) for the derivation of  from the Microwave 
Polarization Difference Index (MPDI). The RTM describes the above canopy 
radiation of a land surface (TBs(P), in K) in polarization (P) in the following 
way: 

 

𝑇𝑇𝐵𝐵𝐵𝐵(𝑃𝑃𝑃 = 𝑒𝑒𝑟𝑟(𝑃𝑃𝑃𝑇𝑇𝑒𝑒𝑒𝑒𝑒𝑒𝑣𝑣 + (1 − 𝜔𝜔𝑃𝑇𝑇𝑐𝑐(1 − 𝑣𝑣𝑃 + (1 − 𝑒𝑒𝑟𝑟(𝑃𝑃𝑃𝑃(1 − 𝜔𝜔𝑃𝑇𝑇𝑐𝑐(1 − 𝑣𝑣𝑃𝑣𝑣    (4.1) 
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in which the v (dimensionless) is the vegetation transmissivity, as defined 
in Equation 4.2 in terms of the  and the incidence angle of the satellite 
observations (u, in degrees): 

 

𝑣𝑣 = exp ( −
cosd 𝑢𝑢)  (4.2), 

 

 (dimensionless) is the single scattering albedo which is generally regarded 
as an effective scattering albedo (Kurum, 2013). Teff  is the effective 
temperature which consists of Ts and Tc (K) representing the effective soil 
temperature and canopy temperature, respectively. For L-band SMOS 
observations, Teff is derived from the ECMWF temperature (Section 3.2.4.) 
using the method described by Wigneron et al. (2001) and revised by De 
Rosnay et al. (2005). For AMSR-E, Teff is derived from the vertically polarized 
Ka-band (36.5 GHz) observations using the method described by Holmes et 
al. (2009). The er(P) (dimensionless) is the rough surface emission and is 
determined using a model developed by Wang and Choudhury (1981), 
which uses the smooth surface reflectivity’s (Rs(P), dimensionless) and 
corrects for polarization mixing (using the polarization mixing factor Q, 
dimensionless) and soil roughness (h, dimensionless). The Rs(P) for both 
polarizations is determined through the Fresnel equations, using the soil 
dielectric constant (k). This k is estimated with a dielectric mixing model by 
Wang and Schmugge (1980) that is forced by 𝜃𝜃, soil texture and Teff as input. 
Soil texture information was obtained from the soil maps of the Food and 
Agricultural Organization (FAO; Reynold et al., 1999). 

 

The LPRM is a forward model that employs the RTM running over a wide 
range of possible 𝜃𝜃 scenario’s. Results of these simulations that best match 
the satellite observations, as in having the smallest difference in absolute 
value compared to the observation, are considered to be the ‘true’ value. The 
LPRM approach is unique for each location at each time step and does not 
distinguish different land covers hence retrievals are regarded as an 
effective area average. Retrievals using C- and X-band observations also have  
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Table 4.2 LPRM parametrization for various frequencies as currently 
employed (De Jeu et al., 2015 for C- and X-band; Van der Schalie et al., 2016a 
& 2016b for L-band) as well as the modified parameterization for the C- and 
X-band (N) as proposed in this study. 

Parameter  L-band C-band 
(v3) 

X-band 
(v3) 

C-band  
(N) 

X-band  
(N) 

 0.12 0.05 0.06 0.075 0.075 
h h1 = 1.1 to 

1.3  
0.09 0.18 h1 = 1.2 h1 = 1.2  

Q 0 0.115 0.127 0.115 0.127 
Av 0.7 - - 0.3 0.3 
Bv 2 - - 2 2 

 

 

an atmospheric correction as described in De Jeu et al. (2015). The 
parameterization of the publicly available AMSR-E LPRMV3 and the SMOS 
LPRM (Van der Schalie et al., 2016b) dataset, values for h, h1, Av, Bv, Q and , 
were presented in Table 4.2. The 𝜃𝜃 dependent h for L-band is described in 
Equation 4.3 while the final run seeks the vegetation correction through 
Equation 4.4 (Van der Schalie et al., 2016b).  

 

ℎ = ℎ1 (1 − 2𝜃𝜃𝜃          (4.3) 

 

ℎ = ℎ1 (𝐴𝐴𝑣𝑣(1 − 2𝜃𝜃𝜃 𝜃 𝜃𝜃𝑣𝑣𝑣𝑣𝜃          (4.4) 

 

4.3.2 Matching AMSR-E to SMOS LPRM 

The first step in updating the parametrization of the LPRM for AMSR-E 
observations is optimizing the global constant  to maximize the temporal 
correlation coefficients and minimize the Standard Error of the Estimate 
(SEE in m3m-3) against SMOS LPRM. This parameter update is done without 
any prior constraints by empirically running the LPRM over a wide range of 
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parameter () values, a procedure in line with the global optimization for 
SMOS LPRM (Van der Schalie et al., 2016a). This wide range was detailed in 
literature (Van Griend & Wigneron, 2004) and was determined to be in 
between 0.05 and 0.15, which is consistently tested for both the C- and X-
band frequencies of AMSR-E. An additional feature that is transferred from 
L-band (SMOS LPRM) retrievals into the updated AMSR-E parameterization 
is the 𝜃𝜃 dependency of the roughness (h), which in the publicly available 
dataset is a single constant for both the C- and X-band frequencies (See Table 
4.2; Section 4.3.1 and Eqs. 4.3 & 4.4). Both frequencies are used in the 
optimization, as LPRM switches from C- to X-band in the case RFI occurs (Li 
et al., 2004), more specifically if more than 20% of all retrievals in the time 
series are flagged as RFI in C-band, the switch is made to X-band for the final 
LPRMN dataset used in the evaluation.  

 

The next step is to further align the AMSR-E LPRMN with the SMOS LPRM 
dataset through a simple linear regression based on their respective 
overlapping period, to match the dynamic range of the AMSR-E LPRMN 
against that of SMOS LPRM. The reason for using SMOS LPRM as the baseline 
dataset within this scaling, is that it shows a good performance in its 
temporal and spatial dynamics (Van der Schalie et al., 2016b), which could 
improve the merging of satellite retrieved 𝜃𝜃 datasets without using any 
modelled data for scaling as is currently done in the ESA-CCI-SM dataset. The 
linear scaling is applied globally on an individual pixel base. The entire 
overlapping period is used to allow the largest possible sample size covering 
the widest possible 𝜃𝜃 range with a minimum sample size set to 30 soil 
moisture retrievals. 

 

4.3.3 Comparison of the LPRM retrievals from AMSR-E and SMOS in 

the overlapping period  

In order to evaluate the agreement between these two datasets, the AMSR-E 
LPRMN dataset is globally compared to SMOS LPRM using the correlation 
and the root mean square error (rmse, m3 m-3), including their respective 
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standard deviation (σ). The NDVI is used for an improved understanding of 
the vegetation conditions under which a merge between the two datasets 
shows potential. 

 

Secondly, a comparison of the performance against several in situ networks 
from the ISMN is done for the period between July 2010 and October 2011, 
with in situ sites that have a minimal of 30 available overlapping 
observations for in situ, SMOS and AMSR-E. Only measurements of up to 10 
cm depth are used, with a P-value below 0.05 for both datasets. As the 
difference in time between the satellite overpasses is several hours, the 
average of the two in situ observations that best match the individual 
overpasses is taken.  

 

4.3.4 The evaluation of the AMSR-E LPRMN dataset 

The updated parametrization of the AMSR-E LPRMN product (Section 4.3.1) 
is evaluated through various approaches over the 9 year period (2003-
2011), including (1) the comparison against in situ soil moisture 
observations, (2) the comparison against two re-analysis soil moisture 
products and (3) a large scale precipitation based evaluation technique. Both 
the updated AMSR-E LPRMN product and the publicly available AMSR-E 
LPRMv3 products are evaluated and their results are compared against each 
other in order to demonstrate the contrast in performance. The evaluation 
period for these approaches is not restricted by the overlapping period with 
SMOS and set to the years 2003 until 2011, which also allows for the 
evaluation of the anomalies after removing the long term climatology.  

 

For the comparison against in situ, we use the correlation coefficients, 
ubrmse and average bias as indicators. Secondly, in situ observations are 
only available in isolated regions worldwide leading to practical constraints 
for the verifications of remotely sensed soil moisture products globally. 
Hence, in order to spatially expand results obtained through in situ 
observations, a global comparison between the two AMSR-E soil moisture 
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products and two re-analysis soil moisture products is also done. For this 
purpose, the surface soil moisture layers from the MERRA-Land and ERA-
Interim/Land re-analysis models are used, with the focus on the temporal 
correlation coefficients and ubrmse.  

 

Finally, the contrasting performance between the AMSR-E LPRMN and 
LPRMv3 products is further evaluated through a large scale precipitation 
based evaluation technique, the so-called Rvalue. This technique runs on the 
basis of surface soil moisture anomalies and assimilates these anomalies 
into an antecedent precipitation index (API). The Pearson correlation 
coefficient between (known) rainfall errors and Kalman filter analysis 
increments realized during this assimilation is determined as the Rvalue. In 
this paper we used the version presented by Crow et al. (2010a) and 
Parinussa et al. (2011b & 2016), to which we refer for a complete description 
on the technique. The only modification is to use an artificially deteriorated 
high quality precipitation product rather than relying on the contrast 
between the near-real-time and retrospectively gauge corrected 
precipitation products. The evaluation through the Rvalue technique is 
executed at the quasi global scale (50⁰N-50⁰S), which is the spatial domain 
covered by the TRMM 3B42 precipitation products (Huffman et al., 2007). 
As the Rvalue technique is run on a 0.25° resolution, the AMSR-E LPRMN and 
AMSR-E LPRMV3 are regridded using area-weighted averages. 

 

4.4 Results and discussion 
4.4.1 Matching the LPRM products from AMSR-E and SMOS 

In the repeated sampling runs for the optimization of the AMSR-E LPRM, the 
C- and X-band frequencies showed very similar behavior resulting in nearly 
identical parameters. Optimal values were determined as described in Van 
der Schalie et al. (2016a), by running LPRM with a wide range of parameter 
values using no prior constraints. In line with this study, as well as Montpetit 
et al. (2015), the 𝜃𝜃 dependent h approach which was applied to SMOS yields 
similar results when applied to the C- and X-band frequencies of AMSR-E. 
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Increasing the  to 0.075 revealed the highest temporal correlation 
coefficients and lowest SEE between the AMSR-E and SMOS LPRM products. 
This value is significantly higher for both AMSR-E frequencies as used for the 
publicly available LPRMV3 dataset, where the  is 0.05 and 0.06 (Table 4.2) 
for C- and X-band, respectively. However, it remains smaller than the 
optimal value for L-band retrievals from SMOS LPRM (Van der Schalie et al., 
2016a) which was found to be 0.12. The updated parameterization values 
are shown in Table 4.2.  

 

The updated parameterization yields consistent numbers for both the C- and 
X-band frequencies which is beneficial for their direct comparison over the 
currently used (see Table 4.2) parameterization, this is especially useful for 
analyzing spatial differences for both 𝜃𝜃 and . The mean 𝜃𝜃 and  retrievals, 
including their respective standard deviation (σ), are presented in Figure 
4.1, with the note that  has an improved coverage compared to 𝜃𝜃 as it is 
independent of the coverage provided by SMOS, since only the 𝜃𝜃 is linearly 
scaled. The  is systematically higher (on average 19%) for X-band than for 
C-band which can be expected based on their frequency difference. Also, 𝜃𝜃 
shows very similar spatial patterns for both frequencies with the likely 
artifact of overestimating 𝜃𝜃 over deciduous forests, not uncommon for LPRM 
soil moisture retrievals (e.g. Mladenova et al., 2014; Dorigo et al., 2010). The 
maps with the σ of 𝜃𝜃 and , show high similarities, both between the different 
frequencies as between the two variables. This shows that areas that have 
high 𝜃𝜃 variability, like the Sahel region, often translate into an increased 
variability in vegetation density.  

 

4.4.2 Comparing the LPRM products from AMSR-E and SMOS 

4.4.2.1 Global comparison 

In a first step, the AMSR-E LPRM datasets from the separate C- and X-band 
frequencies were merged into a single dataset based on RFI information (Li 
et al., 2004) resulting in AMSR-E LPRMN. The C-band frequency theoretically 
possesses the highest sensitivity to soil moisture and was initially selected  
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Figure 4.1 (Part 1) Average retrievals for the scaled AMSR-E LPRMN datasets, 
A and B represent mean 𝜃𝜃 (C- and X-band), with C and D showing the standard 
deviation (σ) of the 𝜃𝜃 (C- and X-band), whereas E and F represent the mean  
retrievals (C- and X-band), and σ of  shown in G and H (C- and X-band), over 
the period of 2003 to 2011. Gray areas are not taken into consideration for 𝜃𝜃 
due to vegetation density. 
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Figure 4.1 (Part 2) Average retrievals for the scaled AMSR-E LPRMN datasets, 
A and B represent mean 𝜃𝜃 (C- and X-band), with C and D showing the standard 
deviation (σ) of the 𝜃𝜃 (C- and X-band), whereas E and F represent the mean  
retrievals (C- and X-band), and σ of  shown in G and H (C- and X-band), over 
the period of 2003 to 2011. Gray areas are not taken into consideration for 𝜃𝜃 
due to vegetation density. 
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Figure 4.2 Comparison of the scaled AMSR-E LPRMN and the SMOS LPRM 𝜃𝜃 for 
their overlapping period of July 2010 to October 2011. A presents the temporal 
correlation coefficients whereas B presents the rmse. C shows the spatial 
distribution of the employed AMSR-E frequencies with C-band (green) and X-
band (red). Gray areas are not taken into consideration due to too dense 
vegetation. 



512140-L-bw-vd Schalie512140-L-bw-vd Schalie512140-L-bw-vd Schalie512140-L-bw-vd Schalie
Processed on: 9-8-2017Processed on: 9-8-2017Processed on: 9-8-2017Processed on: 9-8-2017 PDF page: 105PDF page: 105PDF page: 105PDF page: 105

105 
 

but in regions with RFI in this frequency (Figure 4.2C) the X-band frequency 
was used instead. The resulting temporal correlation coefficient and rmse 
between AMSR-E LPRMN and SMOS LPRM is presented in Figure 4.2 (A and 
B). These figures, 4.2A and 4.2B, both demonstrate a high consistency 
between the AMSR-E and SMOS soil moisture products generally showing 
temporal correlation coefficients exceeding 0.70 and rmse values under 0.04 
m3m-3. Particularly, the agreement between these LPRM datasets is 
demonstrated over Australia, Africa, South- and North Americas as well as 
the Iberian Peninsula. Boreal areas, roughly exceeding 60° North, and areas 
closely located to RFI sources in the L-band frequency (e.g. large areas of 
Eurasia and center Sahara) generally show significantly lower consistency, 
with values dropping to roughly 0.30. Also, regions at both the vegetation 
extremes, tropical rainforests and the Sahara desert, demonstrate 
significantly lower consistency which can likely be attributed to the 
theoretical differences of the frequency in terms of sensing depth and 
interaction with the overlying vegetation canopy. 

 

To better understand the merging procedure and its performance, the 
temporal correlation coefficients and rmse values between 50°N – 50°S are 
shown in a density plot using NDVI data as an indicator of the vegetation 
density of the overlying canopy (Figure 4.3A and B). This coverage was taken 
to be consistent with the Rvalue verification technique in Section 4.4.3., which 
depends on the TRMM coverage, and to remove the boreal areas. Fig. 4.3A 
indicates that the temporal correlation coefficients the two datasets are 
generally between 0.60 and 0.90 up to NDVI values of around 0.60. For 
higher NDVI values, temporal correlation coefficients tend to drop gradually 
and are practically uncorrelated over the very dense tropical forests. The 
other extreme end of the spectrum, NDVI values smaller than 0.10 which are 
mainly deserts, shows a wide range of correlation coefficients that can be 
expected due to the low soil moisture variability (De Jeu et al., 2008) and 
possible issues related to sensing depth. In terms of rmse, Figure 4.3B shows 
an increasing trend with increasing NDVI and values generally below 0.04 
m3m-3 with the exception of NDVI values larger than 0.60, representing 
dense vegetation. In contrast with the correlation coefficients, desert areas 
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generally have low rmse values (around 0.02 m3m-3). These results indicate 
that 𝜃𝜃 products from AMSR-E LPRM and SMOS LPRM can be seamlessly 
merged into a consistent dataset over areas with low to moderate NDVI 
values (NDVI < 0.60) and that issues are progressively introduced for higher 
NDVI values. 

 

 

 
Figure 4.3 Quasi-global density plots of correlation coefficients and rmse 
between the scaled AMSR-E LPRMN dataset and SMOS LPRM against the NDVI, 
results between 50°N – 50°S are used. 
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Table 4.3 Statistics of the scaled AMSR-E LPRMN and SMOS LPRM datasets 
compared to in situ networks in the overlapping period. It should be noted that 
‘Obs’ from the last column refers to the total amount of overlapping 
observations used for the network statistics. 

Network Name r ubrmse [m3m-3] Bias [m3m-3] Obs. 

 
AMSR-
E 

SMOS AMSR-
E 

SMOS AMSR-
E 

SMOS  

AMMA-CATCH 0.67 0.62 0.043 0.066 0.04 0.05 346 
ARM 0.61 0.67 0.054 0.071 -0.09 -0.09 2280 
OZNET 0.51 0.75 0.060 0.052 -0.01 -0.01 1319 
SCAN 0.56 0.58 0.054 0.061 0.01 0.01 5773 
USCRN 0.59 0.66 0.062 0.060 -0.01 -0.01 3399 
MEAN (Obs. 
total) 0.59 0.66 0.055 0.062 -0.01 -0.01 13117 

 

 

4.4.2.2 Evaluation of the overlapping period using in situ networks 

Table 4.3 presents the statistics between the AMSR-E LPRMN and SMOS 
LPRM products against 5 in situ networks (including 179 sites) acquired for 
their respective overlap period, calculated using the average results over the 
individual sites. To ensure the robustness of the samples, a minimum 
amount of 30 overlapping observations between the remotely sensed and in 
situ observations were used and only p-value exceeding 0.05 were masked. 
When multiple depths up to 10 cm are available, the average is taken of the 
statistics against the individual depths. In line with expectations due to the 
linear scaling, differences in bias values are negligible. In terms of 
correlation coefficient and ubrmse the results are slightly different, with a 
mean r of 0.66 for the SMOS LPRM and a mean r of 0.59 for the AMSR-E 
LPRMN product. In terms of ubrmse, these findings are reversed with an 
ubrmse of 0.062 m3m-3 for SMOS LPRM product and an ubrmse of 0.055 m3m-

3 for the AMSR-E LPRMN product. 
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The comparison of these remotely sensed products against in situ data is 
further analyzed in Figure 4.4 which provides more details on the 
performance. Fig. 4.4A and 4B are scatterplots of respectively the correlation 
coefficients and ubrmse against in situ sites of the SMOS LPRM and AMSR-E 
LPRMN datasets. Their colors indicate the NDVI value over the specific 
location of the in situ station. These scatterplots indicate that correlation 
coefficients for the majority of sites that have NDVI value up till about 0.3 fall 
on the right site of the diagonal line. This means that the AMSR-E dataset 
performs better than the SMOS dataset, whereas this is opposite for the NDVI 
values exceeding 0.3 over which SMOS performs better. To be more specific, 
for the in situ sites falling in the two lowest NDVI bins, NDVI < 0.2 and 
between 0.2 - 0.3, 75% and 62% correlates better with AMSR-E than SMOS. 
For denser vegetation this becomes reversed correlation wise, with SMOS 
performing better in the four highest NDVI bins, ranging between 62% and 
83% per bin. In terms of ubrmse, Fig. 4.4B demonstrates that the majority of 
the sites are present in the left side of the diagonal line, indicating a lower 
ubrmse for AMSR-E than for SMOS. When looking at the statistics for all the 
different NDVI bins, AMSR-E always performs better in terms of lower 
ubrmse compared SMOS, from 95% in the <0.2 bin, down to 55-58% in the 
bins above an NDVI of 0.4. This confirms earlier findings as was presented 
in Table 4.3.  

 

Several time series of soil moisture retrievals against in situ measurements 
are shown in Figure 4.5 for four different sites spread across the world, two 
across the US, one in Africa and one in Australia. These sites cover a wide 
variety of climate zones and in most cases the two different datasets show 
very similar behavior. As can be seen in the in situ figures, SMOS data was 
not available in parts of December 2010 and January 2011. When looking at 
the individual figures, some differences can be found. The results in Figure 
4.5A and D show that the AMSR-E retrievals have a wet bias in the months 
November to January, which is the dry period for these sites. These results 
show the importance of future studies to further focus on detecting 
structural and seasonal differences between the two datasets.     
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Figure 4.4 Statistics of the individual sites, comparing the merged AMSR-E 
LPRMN and SMOS LPRM datasets, with (A) a scatterplot of the correlations of 
both sets against the in situ sites with NDVI, and (B) a scatterplot between the 
ubrmse of both sets against in situ sites with NDVI. A total of 179 in situ sites 
were used, similar as in Table 4.3. 
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4.4.3 The evaluation of the AMSR-E LPRMN dataset 

In this section, the AMSR-E LPRM using the updated parameterization 
(AMSR-E LPRMN) was compared against the publicly available dataset 
(AMSR-E LPRMV3) for the period 2003 until 2011. This was done through (1) 
a comparison against in situ data from the ISMN, (2) a direct comparison 
against modeled soil moisture products (i.e. MERRA and ERA) and (3) using 
the Rvalue verification technique (Crow et al., 2010a; Parinussa et al., 2011b). 
The first evaluation against in situ observation from the ISMN is presented 
in Table 4.4. Significant improvements are demonstrated in the statistics 
(correlation coefficient, ubrmse and bias) for the updated dataset (N) with 
respect to the currently used parametrization (V3). The correlation 
coefficient over the different networks significantly increases from 0.48 to 
0.55. As a result of the updated parametrization as well as the linear scaling, 
the ubrmse  decreased from 0.086 to 0.057 m3 m-3. While the LPRMV3 dataset 
shows an average bias of 0.14 m3 m-3, the updated approach results in a 
negligible average bias. These significant improvements of all these statistics 
(increased correlation coefficient, reduced ubrmse, reduced bias) indicate 
that the updated parameterization, as well as the linear scaling, results in a 
significantly better product. A final note should be made regarding the FMI 
and SNOTEL networks which are very challenging networks due to 
topographical and freeze/thaw complications likely resulting relatively low 
skills. 

 

In the next step, the two AMSR-E LPRM products were compared against two 
re-analysis soil moisture products including MERRA-Land and ERA-
Interim/Land. In Figure 4.6A and 4.6C, the AMSR-E LPRMN and MERRA soil 
moisture show the results of the comparison in terms of correlation 
coefficients and ubrmse. The relative changes for these statistics compared 
to the LPRMV3 are also presented (Figure 4.6B and 6D).  Generally, the AMSR-
E LPRMN and the MERRA soil moisture dataset show a very high agreement 
with correlation coefficient ranging from 0.60 to 0.80 over areas like the 
Sahel and Australia but, again, with the exception of the boreal regions (> 
60°N). It should again be noted that the Sahara and the desert areas in China 
have very little 𝜃𝜃 dynamics and therefore the correlation is dominated by the  
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Table 4.4 AMSR-E LPRM compared to the individual in situ networks over the 
validation period of 2003 to 2011, for both the new and old parameterization 
(subscript N and V3) using the exact same observations. 

Network Name R ubrmse [m3m-3] bias [m3m-3] Obs. 

 N V3 N V3 N V3  

AMMA-CATCH 0.72 0.66 0.035 0.065 0.05 0.09 5858 
ARM 0.49 0.45 0.068 0.090 -0.10 -0.03 41970 
COSMOS 0.51 0.40 0.069 0.101 -0.09 0.00 230 
DAHRA 0.74 0.71 0.024 0.050 0.00 0.04 536 
FMI 0.19 0.05 0.034 0.073 0.36 0.55 1298 
HOBE 0.32 0.08 0.044 0.081 0.00 0.23 11345 
ICN 0.31 0.28 0.076 0.130 -0.07 0.04 322 
OZNET 0.69 0.65 0.061 0.080 0.00 0.08 32253 
REMEDHUS 0.65 0.60 0.063 0.097 -0.01 0.16 21587 
SASMAS 0.73 0.68 0.060 0.081 0.00 0.15 4305 
SCAN 0.52 0.48 0.064 0.090 0.00 0.10 71783 
SMOSMANIA 0.77 0.60 0.074 0.117 -0.19 0.14 1133 
SNOTEL 0.37 0.37 0.081 0.100 -0.06 0.11 57443 
USCRN 0.49 0.44 0.059 0.086 0.01 0.10 13709 
USDA-ARS 0.68 0.58 0.048 0.081 0.05 0.14 5832 
VAS 0.67 0.63 0.047 0.057 -0.01 0.27 514 
MEAN (Obs. 
total)  

0.55 0.48 0.057 0.086 0.00 0.14 27011
8 

 

 

noise in the signal (De Jeu et al., 2008). However, these areas show very low 
ubrmse values indicating their agreement. The ubrmse in other areas is 
generally below 0.05 m3 m-3, with the tendency to increase with an increased 
vegetation density, as for example was shown over the eastern US and at the 
border of the tropical rainforests. When looking at the differences between 
the LPRMN and LPRMV3 (Figure 4.6B and 4.6D), the ubrmse consistently 
improves, except for a small patch over the Australian desert. The difference 
map for the correlation coefficients shows less distinct results, with 
improvement in some areas like the forests in eastern US but also decreased 
correlations in areas like the forested edges of Australia.  
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Figure 4.6 Performance of the AMSR-E LPRMN 𝜃𝜃 against MERRA 𝜃𝜃 (0-2 cm) for 
the period of 2003 to 2011 and comparing that performance to the AMSR-E 
LPRMV3, A is the correlation, B the difference in correlation compared LPRMV3, 
C the ubrmse and D difference in ubrmse compared to LPRMV3. Gray areas are 
not taken into consideration due to too dense vegetation. 

 

 

Figure 4.7 presents an identical comparison of the AMSR-E LPRMN products 
but MERRA-Land was now replaced by ERA-Interim/Land. This analysis 
yields very similar results as through the use of MERRA-Land for the 
correlation coefficients, generally exceeding 0.60 except for the densely 
vegetated and boreal areas while demonstrating values of around 0.80 over 
semi-arid regions. Compared to the LPRMV3 version however, there is an  
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Figure 4.7 Performance of the AMSR-E LPRMN 𝜃𝜃 against ERA 𝜃𝜃 (0-7 cm) for the 
period of 2003 to 2010 and comparing that performance to the AMSR-E 
LPRMV3, A is the correlation, B the difference in correlation compared to 
LPRMV3, C the ubrmse and D difference in ubrmse compared to LPRMV3. Gray 
areas are not taken into consideration due to too dense vegetation. 

 

 

improvement seen almost everywhere. The ubrmse is higher than for 
MERRA, often reaching over 0.10 m3 m-3 when the vegetation gets denser, for 
example in Brazil. The ubrmse again improves almost everywhere for the 
LPRMN as compared to LPRMV3. There are some noteworthy differences in 
the results from the two model comparisons. The correlations either 
increase or stay neutral almost everywhere against ERA, while for MERRA 
there does seem to be a decrease in performance over several areas, showing 
contradictory results (e.g. Brazil, the east coast of Australia). It is difficult to 
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specify if the problems is directly related to the difference in representative 
depth from MERRA and ERA (0-2 and 0-7cm) or if it is dependent on the 
model quality. These models share similarities but also differences and the 
direct comparison likely reflects this. Even though interesting, the exact 
cause is not the scope of our study which is focused on remotely sensed soil 
moisture. 

 

To further understand this issue, both AMSR-E LPRM products were also 
evaluated through the Rvalue verification technique, as this technique is not 
influenced by model artifacts or representative soil depth. This technique 
runs on an anomaly basis after removing the long term climatology (e.g. 
Crow et al., 2010b; Parinussa et al., 2011b) and the Rvalue is a performance 
matrix which essentially means that a higher number indicates a better the 
performance. This verification technique was applied on an individual pixel 
basis over the entire domain covered by the TRMM 3B42 precipitation 
product (50⁰N-50⁰S),  and the Rvalue are binned over the entire NDVI range. 
It should be noted that the extreme ends of the vegetation domain were not 
considered due to an insufficient amount of precipitation samples over the 
deserts and the lacking skills over tropical rainforests which is a common 
procedure using large scale verification techniques (e.g. Parinussa et al., 
2011c; Lei et al., 2015). Figure 4.8 presents the results of the Rvalue 
verification technique plotted against NDVI for the updated 
parameterization (AMSR-E LPRMN) as well as the publicly available dataset 
(AMSR-E LPRMV3). It should first be noted that both AMSR-E LPRM products 
demonstrate a reduction in quality with an increasing vegetation cover, in 
line with both theory and various other studies (e.g. Parinussa et al., 2011b 
& 2011c; Dorigo et al., 2010; Lei et al., 2015). Secondly, and most important, 
is the very much enhanced performance of the updated AMSR-E LPRMN 
product that demonstrates a superior performance over the NDVI range 
from 0.25 until 0.85 and a similar performance over areas with NDVI values 
smaller than 0.25. These Rvalue results confirm the previous findings, 
obtained through the in situ comparison and the global comparison against 
the two re-analysis products, which already demonstrated the 
enhancements that were made through the updated parameterization. 
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Figure 4.8 Results from the Rvalue evaluation of the AMSR-E LPRMN and LPRMV3 
dataset over NDVI.  

 

 

4.5 Conclusion 
This study shows that the updated parameterization and linearly scaled 
AMSR-E LPRM dataset results in a dataset that performs very similar to 
SMOS LPRM for NDVI values up to 0.60. In the overlapping period, the 
temporal correlation coefficients for these products range between 0.60 and 
0.90 and rmse values are generally below 0.04 m3m-3. This is only limited by 
dense vegetation, where the consistency between the SMOS LPRM and 
AMSR-E LPRMN (AMSR-E LPRM using the updated parameterization) drops 
quickly at NDVI values of over 0.60. The updated parameterization results in 
consistency between the two AMSR-E frequencies, C- and X-band, improving 
the inter-comparability for soil moisture and vegetation optical depth 
datasets. A constrain of the linear merging approach for the AMSR-E and 
SMOS LPRM datasets is RFI in SMOS observations therefore this approach is 
not possible over significant parts of Europe and Asia. 
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The SMOS LPRM and AMSR-E LPRMN are also compared against 179 in situ 
sites over five networks with sufficient (>30) observations in the 
overlapping period. The SMOS LPRM dataset shows higher temporal 
correlation coefficients (0.66) than the AMSR-E LPRMN dataset (0.59), but 
also a higher ubrmse of 0.062 m3m-3 for SMOS compared to 0.055 m3m-3 for 
AMSR-E. When further analyzing the temporal correlation coefficients and 
also considering the vegetation density (NDVI) over the individual sites, the 
AMSR-E LPRMN outperforms the SMOS LPRM dataset for NDVI values 
smaller than 0.3. When the vegetation gets denser, this contrast is reversed 
and the SMOS LPRM dataset start to perform better. This finding is in line 
with theory and indicates that future work should further focus on the 
complementarity of soil moisture datasets retrieved from different 
frequencies, including L-, C- and X-band.   

 

The performance of the updated AMSR-E LPRMN was also compared to 
observations from sixteen in situ networks and against two modeled soil 
moisture (i.e. ERA-Land and MERRA-Land). These comparisons were done 
for the nine year period between 2003 and 2011 and the current, publicly 
available AMSR-E LPRMV3 dataset was used as baseline to compare against. 
The comparison against in situ data indicates improvements of the temporal 
correlation coefficients around 15% (from 0.48 to 0.55) and decreased 
ubrmse from 0.086 m3m-3 to 0.057 m3m-3. As induced by the linear scaling, 
the bias values were shown to be negligible LPRMN dataset compared to 0.14 
m3m-3 for the LPRMV3 dataset. Against ERA-Land, the temporal correlation 
coefficient showed slight improvements almost everywhere, and also the 
ubrmse decreased consistently. For MERRA-land, the spatial patterns of 
these temporal correlation coefficients were slightly different and improved 
agreement was found in areas such as the eastern United States while again 
showing a drop in ubrmse.  
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Furthermore, the precipitation based Rvalue verification technique was 
applied to the AMSR-E LPRMN and compared against the AMSR-E LPRMV3 
dataset. This technique is based on the obvious connection between 
precipitation and soil moisture and demonstrates significant improvements 
for the LPRMN dataset. Similar skills between the AMSR-E LPRMN and the 
AMSR-E LPRMV3 were found over NDVI values smaller than 0.25 while at 
higher NDVI values the updated AMSR-E LPRMN consistently outperformed 
the AMSR-E LPRMV3 dataset.    

 

These results demonstrate that the proposed internal optimization 
approach and linear scaling approach significantly improves the retrieval 
skills of LPRM as applied to AMSR-E observations. The potential of SMOS 
LPRM to be a successful integrator in long term soil moisture record, based 
on a range of passive microwave sensors, was also shown. Future work will 
focus on further improving the consistency by adding SMAP and AMSR2, 
which would greatly increase the temporal and spatial coverage for the 
merging and scaling (e.g. by using a cumulative distribution function 
matching approach), and reduce the area now affected by RFI. Secondly, a 
more detailed study should focus on densely vegetated areas (NDVI > 0.6) 
where soil moisture from the two different frequencies (L- and C-band) 
disagree. Finally, it should be noted that the approach to improve the 
parameterization of the LPRM is theoretically not limited to night-time 
observations. 
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